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ABSTRACT 

The Eastern D.R. Congo is experiencing land degradation resulting from unsustainable 

land use which prevent the achievement of the land degradation neutrality in this region. 

This thesis aims to model the land degradation (LD) for conservation planning of 

natural resources in this region by using the Kalehe territory as a case study. Based on 

the system theory, a mixed approach combining field surveys, GIS, and remote sensing 

techniques was adopted. The geospatial data were used to assess the LULC changes, 

their implications on land productivity (LP), ecosystem service value (ESV), and soil 

erosion dynamics. Furthermore, a multi-criteria decision analysis (MCDA) based 

model was developed to assess the land degradation vulnerability (LDV). The results 

of these geospatial analyses were triangulated with community perception data to 

identify the DPSIR (Drivers-Pressures-State-Impacts-Responses) indicators toward the 

LD management. By analyzing the LULC changes from 1987 to 2020 using the Landsat 

images and forecasting the future LULC for 2030-2070 through Markov modelling, the 

study identifies trends of increasing built-up, shrub land, and cropland at the expense 

of forestland, grassland and wetland. These changes contributed to 34.17% of land 

cover degradation over the last three decades. The analysis of LP dynamics through the 

linear trend analysis of NDVI time series data reveals that 31.25% of the territory has 

experienced a decrease in LP. The assessment matrix was used to link the perceived 

ESV and the LULC categories. Through this approach, it was demonstrated that the 

potential supply of ecosystem services decreased in 28.44% of the land over the 1987-

2020 period. The assessment of soil erosion dynamics through the RUSLE model 

indicated that the mean annual soil loss has increased over time from 32.08 t/ha/year in 

1987 to 44.35 t/ha/year in 2020. Under the current LULC trend, the annual soil loss is 

projected to increase to 46.42 t/ha/year by 2030, 46.79 t/ha/year by 2050, and 48.38 

t/ha/year by 2070. The adoption of conservation practices would result in the reduction 

of the current erosion rate by 86.56%, 62.28%, 54.05%, and 11.61% for bench-based 

terracing, agroforestry, strip cropping, and contouring, respectively. Moreover, the LD 

dynamic is influenced by the landscape characteristics since the decrease of forestland, 

and patch’s shape complexity, the increase of patch’s isolation, landscape 

heterogeneity, and fragmentation positively influenced the soil erosion dynamics. 

Hence, the need for land consolidation, connectivity and forest conservation during the 

future land use planning. This study also demonstrated that the LDV model based on 

MCDA can be used to predict the occurrence of physical LD processes in eastern DR 

Congo with an accuracy of 77.82%. Thus, it can be supplemented with the outcomes of 

land capability (LC) analysis for restoration planning and adaptive land use planning to 

reduce the LDV. To address the challenges of LD, this study proposes a conceptual 

model of LD management and a conservation action plan including the sustainable land 

use according to LC, implementation of conservations practices, environmental 

education, and improvement of community livelihoods. 
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DEFINITIONS OF TERMS 

 

Conservation planning: A set of processes to achieve conservation goals, prevent and 

reverse negative effects on nature, determine priority actions for the 

conservation of natural resources, and maintain areas that are managed to 

promote the persistence of natural value.  

Ecosystem service: Material and immaterial benefits retrieved from the natural capital. 

Land degradation vulnerability: The susceptibility of an area to loss of productivity 

or to be affected by land degradation processes due to biophysical and 

anthropogenic factors  

Land degradation: Persistent reduction of land quality and its potential to supply the 

ecosystem service due to natural or anthropogenic disturbance which 

necessitates human intervention to recover the initial state 

Land evaluation: A process of determining and predicting the performance, potential, 

and limitation of land for a specific use based on predefined criteria to 

guide the decision in land use allocation. 

Land productivity: Capacity of the land to produce biomass  

Land:   The physical component of the earth's surface  

Landscape modeling: Mathematical or conceptual simplification that represents the 

interrelations between the different components of the environment and 

simulates their changes over time and space at the landscape level. 

Plan: A proposal for doing or achieving a desired goal. 

Planning: A decision making process of thinking regarding the activities required to 

achieve a desired goal. 

Patches:  A homogeneous area in the landscape that is different from its surrounding
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CHAPTER ONE    

INTRODUCTION 

1.1. Background to the study  

Land-use and land cover change (LULC) can have positive benefits by enhancing the 

provision of essential ecosystem goods but if the land is poorly managed, it alters a 

range of other ecosystem functions and the continued supply of those goods (Yesuph 

& Dagnew, 2019; Zhang et al., 2022; Fang et al., 2022; Ersoy, 2025). This reduction 

of the productive capacity and alteration of ecosystem functions of the land is 

recognized as land degradation (Sirengo et al. 2018; Olsson et al., 2019; AbdelRahman 

et al., 2023).  

Land degradation is a global environmental concern that contributes to biodiversity 

loss, climate change, food insecurity, alteration of water resources, alteration of the 

integrity of the ecosystem, and negatively affecting the livelihood of the population 

(Javed et al., 2012; Semenchuk et al., 2022; AbdelRahman et al., 2023; Ekka et al., 

2023). It is the result of numerous factors including biophysical factors like climate 

change and anthropogenic factors such as unsustainable land use management (Mzuri 

et al., 2022; Ekka et al., 2023).  

At the global level, the total number of people who are directly affected by land 

degradation is estimated to be 3.2 billion (von Keyserlingk et al. 2023). It is estimated 

that between 1983 and 2003, 22% of the land had been degraded (IUCN, 2015). The 

current rate of degradation reaches 12 million hectares per year (Thomas et al., 2017) 

and according to the second edition of the Global Land Outlook (GLO2) of UNCCD 

(2022), about 40% of global land are currently degraded. In Africa, the problem of land 

degradation constitutes an obstacle to economic development and its resilience to 
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climate change as more than 700 million hectares of land are already being degraded 

(World Resources Institute, 2016; Koech et al., 2020). This degradation accounts for 

46% of african land area and under the current trend, it is projected to render more than 

50% of agricultural land unusable by 2050 in Africa (AGNES, 2020). In sub-Saharan 

Africa, water erosion is a major risk with more than 20% of land degraded, affecting 

more than 65% (485 million people) of the african population (FAO, 2015; AGNES, 

2020). In Central and Eastern Africa, land degradation due to poor land management 

has reached catastrophic proportions at the level of agricultural land, particularly in 

Eastern DR Congo and Rwanda (Majaliwa et al., 2012; Heri-Kazi, 2020). In recent 

years, this region has experienced an accelerated degradation of its land resources due 

to climatic variations and the various pressures exerted on natural resources by humans 

to improve their well-being: agricultural activities, livestock, mining activities, forestry 

activities, etc. (COMIFAC and CEEAC, 2007; Achille et al., 2021). The territory of 

Kalehe, which is located in the highlands of the eastern DR Congo, in particular, has 

undergone deforestation in recent years and an upsurge in hydro-climatic risks (erosion, 

flooding, landslides, mudslides) that are often catastrophic (Depicker et al., 2021; Maki, 

2023).  

To halt the problem of land degradation, mitigation initiatives such as the Land 

Degradation Neutrality (LDN), introduced by the United Nations Convention to 

Combat Desertification (UNCCD) are being proposed through the environmental 

convention of United Nation (UNCCD, 2016) and its goal has been ratified in 2015 by 

the United Nations General Assembly as Target 15.3 of the Sustainable Development 

Goals (UN, 2017). Furthermore, several international initiatives with financial 

incentives such as the REDD+ (Reducing Emissions from Deforestation and Forest 

Degradation) mechanism, established by the Conference of Parties to the United 
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Nations Framework Convention on Climate Change (UNFCCC), and international 

funding initiatives such as the Carbon Fund of the Forest Carbon Partnership Facility 

and the Green Climate Fund developed by the UNFCCC were developed to assist 

developing countries to avoid the deforestation and improve the forest management as 

it is recognized that the degradation of forest ecosystem contributes to about 20% of 

the global carbon emission (Corbera & Schroeder, 2011; Rojas et al. 2021). 

The DR Congo is being engaged in both the LDN scheme (Ministry of Environment 

and Sustainable Development of DR Congo, 2018) as well as the REDD+ mechanism 

to tackle the main drivers of deforestation and degradation since the adoption of its 

National REDD+ Framework strategy (Kengoum et al., 2020a). The implementation of 

such initiatives require participant countries to identify and characterize the drivers of 

LULC change, assess the condition favorable to land degradation, identify area at high 

risk of future land degradation based on historical observation pattern of LULC change, 

quantify the impact on ecosystem service or goods and use this information to the target 

area where mitigation actions are needed, design appropriate strategies for conservation 

and sustainable development (Orr et al., 2017; Cowie et al., 2018; Grinand et al., 2020). 

In this context, planning for LDN implies anticipating where future land degradation is 

likely to occur for effective implementation of an appropriate intervention to achieve 

the net loss across the landscape (Orr et al., 2017; Feng et al., 2022). Therefore, 

projecting the cumulative impacts of LULC change as well as the likely impact of land 

use management decisions and counterbalancing future land degradation or loss 

through planned measures to achieve equivalent gains within the same land unit are 

crucial processes for the planning of LDN (Cowie et al., 2018; Orr et al., 2017; Sims et 

al., 2021).  Moreover, decision-support for choosing between alternate conservation 
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actions, locating and implementing conservation actions can be provided through the 

conservation planning (McIntosh et al., 2017).  

During the last decades, to do a balance between economic, social, and environmental 

values, landscape-scale modeling has appeared as an effective tool in the land use 

planning process (Colman et al., 2021). Modeling can be used to forecast change in the 

ecosystem and assess the outcomes of different alternatives in the allocation of 

appropriate use to land units. The integration of different scenarios of land management 

strategies into models can be helpful in the choice of an optimal mix of interventions to 

achieve the LDN in a given context. Therefore, policy actions to avoid future land 

degradation, conserve productive land and recover degraded land can be planned 

through a conservation planning process to achieve the LDN. Furthermore, conceptual 

model like the DPSIR (Driver, Pressure, State, Impact, and Response) model can be 

used to effectively describe the cause-effect relation between human development and 

environmental changes from drivers to responses by integrating both remote sensing 

data and community knowledge for sustainable land management (Obudu et al., 2022; 

Zhao et al., 2023). However, such models are less developed in Africa countries 

compared to developing countries (Obudu et al., 2022). It is against this background 

that this study will focus on the development of models that use biophysical and 

anthropogenic factors as independent variables to simulate the future LULC change and 

to determine the hotspot of land degradation where conservation measures such as the 

landscape restoration initiatives should be prioritized. Moreover, a participative 

approach through field surveys will be used to formulate the DPSIR model for land 

degradation management in this region.   
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1.2. Statement of the problem  

During the last three decades, the DR Congo has been subjected to LULC changes and 

climate variations which have resulted in the degradation of land resources due to poor 

management practices (Molinario et al., 2020; Chishugi et al., 2021; Shapiro et al., 

2021; Achille et al., 2021). This land degradation constitutes a serious obstacle to 

sustainable development in DR Congo (Bamba, 2010; Ministry of Environment and 

Sustainable Development of DR Congo, 2018; Heri-Kazi, 2020) as it alters the 

provision of ecosystem services. However, a quantitative understanding of land 

degradation dynamics under biophysical and socio-economic conditions is currently 

limited in DR Congo despite that the understanding of the extent and causative factors 

of this phenomenon is important to design the cause-targeted strategies. This lack of 

knowledge about the spatial dynamic of land degradation is an obstacle to providing a 

solution for the conservation planning and land resource use planning in DR Congo. 

Therefore, in the face of advancing human pressures on natural resources, the 

development of spatial explicit models of LULC changes and land degradation 

dynamics at the landscape scale, which takes into account their main drivers is 

important for determining priority actions for natural resources conservation and to 

support decision-making about land use allocation in DR Congo.  

In the eastern DR Congo, the LULC changes associated with the anthropogenic 

pressure on the forest ecosystem (Kabonyi, 2011; Christensen & Jokar, 2020; Depicker 

et al. 2021; Maki, 2023) have contributed to the exacerbation of soil erosion (Karamage 

et al., 2016; Mahamba et al., 2023) which is the main source of soil degradation in this 

region (Majaliwa 2008; Adidja, 2014; Mashimango, 2015; Karamage et al., 2016; Heri-

Kazi, 2020). This erosion contributes to the pollution and sediment loading in rivers 

(Ruzizi for example), Lake Kivu (Adidja, 2014; Mashimango, 2015; Majoro et al., 
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2020; Akayezu et al., 2020), and Lake Tanganyika (Ongezo et al., 2014; McGlue et al., 

2021). This process endangers these ecosystems and the riparian populations that 

depend on their fishery resources (Majaliwa, 2008; Majaliwa et al., 2012; Majoro et 

al., 2020; McGlue et al., 2021). In addition, the erosion process leads to a loss of soil 

fertility with a consequent increase in food insecurity in this region where the depletion 

of resources due to the degradation of family farming agroecosystems endangers future 

generations (Byenda, 2016; Heri-Kazi, 2020). There is therefore a need for soil and 

water conservation to reverse the process of land abandonment and increase agricultural 

production to ensure food security, limit pressure on the forest, and contribute to 

biodiversity conservation. However, there is limited information about the spatio-

temporal dynamic of soil erosion under current and possible future conditions of LULC 

change in mountainous areas (highland landscape) of eastern DR Congo despite 

evidence showing human activity and related LULC change as being the primary cause 

of accelerated soil erosion during the 21st century (Borrelli et al., 2017). Besides, the 

future climate scenario and the future land use scenario are likely to increase the rate of 

erosion at a global and local scale (Yang et al., 2003; Borrelli et al., 2020; Hateffard et 

al., 2021; Guder & Kabeta, 2025). In fact, the rainfall pattern in DR Congo is projected 

to change in near future due to climate change with an increase in frequency and 

intensity of extreme rainfall events (World Bank Group, 2021). Furthermore, due to an 

increasing population and LULC change, it is estimated that all the primary forest cover 

in DR Congo will be cleared by the year 2100 if the actual trend of deforestation 

continues into the future (Tyukavina et al. 2018). The question that arises then is how 

these changes will affect the soil erosion process and which conservation option should 

be adopted to reverse the problem of land degradation in the highland landscape of 

eastern DR Congo.  
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It is for the above reasons that it becomes very important to evaluate the spatiotemporal 

dynamic of soil erosion under current and possible future scenarios of LULC change to 

identify the priority areas for restoration and to evaluate the effectiveness of 

conservation measures in reducing the problem of erosion. In addition, the 

understanding of the relationship between the change in landscape pattern and soil 

erosion process is important for the implementation of intervention measures and for 

determining the optimal landscape structure to be adopted during the land use planning 

process to control the erosion process (Zhang et al., 2017; Li et al., 2022). However, 

only selected landscape metrics were considered for analysis of the relationship 

between the landscape pattern index (metrics) and soil erosion by using different 

statistical models in previous studies (Li et al., 2022). In consequence, these studies 

have arrived at different conclusions depending on the region, the scale, and the 

landscape metrics considered. Currently, there is no standard method of selecting 

landscape metrics and there is no universal conclusion about their relations with soil 

erosion (Zhang et al., 2017). Therefore, Li et al. (2022) preconized that future research 

should be focused on exploring the scale effects of landscapes on soil erosion and 

modifying the evaluation method of landscape indices to improve the evaluation 

accuracy in another region. In Eastern DR Congo, such research has not been done yet 

despite that the understanding of the response of soil erosion to changes in landscape 

patterns can provide a scientific basis for land use management and erosion control at 

different scales.  

In the perspective of landscape restoration process, the pressing question which usually 

arises is: “where to restore first?” This question calls for an identification of priority 

areas for implementation of landscape restoration initiatives based on the biophysical 

constraints, socio-economics constraints and the preferences of stakeholders. This 
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problem is spatial in nature and it can be handled in a GIS environment by weighting 

different environmental and socio-economic criteria for evaluating the land suitability 

through the Multi-Criteria Decision Analysis (MCDA). Then it is necessary to develop 

MCDA approach for identification of the most preferable sites for restoration where 

resources and efforts should be concentrated. Such approach have been developed in 

different part of the globe during the planning process (Uribe et al. 2014; Aguirre-

Salado et al., 2017; Kouriati et al., 2024). However, in Eastern DR Congo, they have 

not been developed yet despite that this region is one of the most affected by land 

degradation in the country. To fill this gape, this study will develop MCDA based 

models for appraisal of land degradation vulnerability and identification of suitable 

areas for implementation of landscape restoration initiatives in eastern DR Congo. 

Moreover, the implementation of conservation measures and sustainable land use 

management to cope with the land degradation problem ought, to begin with an 

empirical and locally specific understanding of demographic, socio-economic, 

institutional, and biophysical factors that affect the conservation decision of local 

communities (Woldeamlak, 2007; Yifru & Miheretu, 2022). Cognizant of this, the 

identification of determinants factors that influence people's perception of land 

degradation and their decision to adopt conservation practices is of paramount 

importance for designing land use management strategies and conservation plans 

tailored to the local specific context (Tenge et al., 2004; Saguye, 2017a; Tesfahunegn 

et al., 2020; Yifru & Miheretu, 2022). These factors can be determined through the 

application of statistical models that have been implemented in different regions around 

the globe (Cherono et al., 2019; Wordofa et al., 2020; Yifru & Miheretu, 2022; Asfew 

et al. 2023). Although some studies have attempted to document the knowledge of local 

communities about the conservation practices in different regions of eastern DR Congo 
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(Adidja et al., 2016; Heri-Kazi, 2020; Chuma et al., 2022a), such models of adoption 

of conservation practices have not been developed yet at territorial level in Kalehe 

territory. Since each region around the word has its specificity in terms of 

agroecological and socio-economic conditions, it is difficult to generalize the 

community perception of land degradation and determinant factors of the adoption of 

conservation measures (Bekele & Drake, 2002). In addition to that, there’s no 

consensus among the researchers about which factor should be targeted to enhance this 

adoption, implying that there is a need for locations-specific strategies to accelerate the 

implementation of conservation measures (Kumar et al. 2021). Hence the necessity to 

document the knowledge about the local community's perception of land degradation 

and to develop predictive models of this perception and decision to adopt conservation 

measures. 

1.3. Objectives 

a) General Objective   

The main objective of this study is to assess the land degradation dynamics based on 

modeling approaches for the conservation of natural resources and optimization of the 

restoration plan of degraded lands at territorial level in eastern DR Congo.   

b) Specific Objectives 

The specific objectives assigned to this work are the following:   

(1) To characterize the LULC change and its implication on land degradation, 

(2) To assess the soil erosion dynamics under different land use scenarios,   

(3) To develop a land degradation vulnerability model based on MCDA approach, 

(4) To develop a conceptual model for land degradation management based on the 

DPSIR framework. 
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1.4. Research questions  

This study will address the following concerns in accordance with the specific 

objectives (Table 1.1): 

Table 0.1: Research questions for each specific objective 

Objectives Research question 

Objective 1: 

Characterize the 

LULC change 

dynamic and its 

implication on land 

degradation 

 What are the spatial and temporal trends of LULC change 

from the 1987–2020 period?  

 If these past trends continue in the future, what could be 

the situation for the 2030-2070 period? 

 What is the implication of these dynamics on the land 

degradation? 

Objective 2: To 

assess the soil 

erosion dynamics 

under different land 

use scenarios 

 What are the dynamics of soil erosion under the current 

and possible future situation of LULC changes? 

 How effective are conservation practices for reducing soil 

erosion under the current situation of LULC change? 

 What is the influence of landscape characteristics on soil 

erosion dynamics? 

Objective 3: 
Develop MCDA-

based models of land 

degradation 

vulnerability for 

landscape restoration 

planning 

 What is the spatial pattern of land degradation 

vulnerability?  

 What are the priority areas for the implementation of 

Landscape Restoration Initiatives to reduce this 

vulnerability? 

 What is the accuracy of MCDA-based model in 

predicting the land degration vulnerability in Eastern DR 

Congo?  

Objective 4: To 

develop a conceptual 

model for land 

degradation 

management 

 What are the severity, causes, consequences, and 

preventive measures against land degradation? 

 What are the determinant factors of the adoption of 

conservation measures? 

 

1.5. Research hypotheses 

This study is based on the hypothesis that the Eastern DR Congo region is experiencing 

land degradation resulting from unsustainable land use which prevent the achievement 

of land degradation neutrality. Specifically, it is assumed that:  
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(1) There is a singnifican increase of land degradation due to LULC changes, 

(2) There is a significant relation between soil erosion and landscape characteristics, 

(3) The adoption of conservation practices significantly reduce the erosion risk,  

(4) The MCDA model has the potential to predict the land degradation vulneravility, 

(5) The adoption of conservation practices is influenced by socio-economics factors. 

1.6. Justification and significance of the study 

Through its National REDD+ Framework Strategy, DR Congo has committed to 

stabilizing its forest cover to 63.5% of the national territory and to reduce 56% of 

national greenhouse gas emissions associated with deforestation and degradation by 

2030 (Kengoum et al., 2020).  The DR Congo is also committed to reaching the Land 

Degradation Neutrality (LDN) by the year 2030 in light of target 15.3 of the Sustainable 

Development Goals which states that "By 2030, combat desertification, restore 

degraded land and soil, including land affected by desertification, drought, and floods, 

and strive to achieve a land degradation-neutral world" (UN, 2017). The UNCCD has 

proposed that LDN should be integrated into the planning processes to avoid 

degradation in the land which are not degrading, implement sustainable management 

practices to reduce ongoing degradation, and reverse past degradation through 

restoration and rehabilitation practices in the land already degraded (Cowie et al., 

2018). However, the lack of an accurate land use plan based on empirical data leads to 

poor decision-making in the management of natural resources in DR Congo. In 

consequence, there is a degradation of land resources which leads to an increase in 

environmental problems such as erosion, landslide, flood, loss of biodiversity, 

deforestation, water quality degradation, etc.   

To reverse these environmental problems, there is a need to implement new policies 

towards the regulation of land use, conservation, and the promotion of sustainable 
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natural resources management. Therefore, this study will focus on the development of 

models of land degradation to assess the impacts of changes in landscape patterns on 

ecosystem service and the response of soil erosion to changes in landscape structure in 

the current and possible future situation of LULC change. The development of such 

models is important for the implementation of REDD+ strategies and to achieve the 

land degradation neutrality (LDN) for which this country has been engaged. 

Furthermore, the development of models for predicting the erosion dynamic under 

different patterns of LULC constitutes an effective tool to assess the effectiveness of 

land use strategies in addressing the problem of land degradation. Indeed, the 

quantification of the effect of the spatial configuration of land cover (landscape pattern) 

on soil erosion can also help the planner to determine the optimal landscape structure 

and to design effective measures to control soil erosion by adjusting the landscape 

configuration. The DR Congo has also pledged to restore 8 million hectares of degraded 

and deforested land by the year 2030 in the framework of the Bonn Challenge and 

African Forest Restoration Initiative (AFR100), improve the land productivity in 5.4 

million hectares of declining productive land (shrubland, grassland, cropland) with 

declining productivity, increase the stock of carbon soil content by 17% in the area 

where the 2.1 million hectares and 369 200 hectares of land with decreasing and slightly 

stability pattern of carbon soil content, respectively, and stop the conversion of 

forestland and wetland into others LULC types to reach the land degradation neutrality 

by 2030 (Ministry of Environment and Sustainable Development of DR Congo, 2018). 

However, key challenges such as the lack of national monitoring system of land 

degradation and appropriate conservation plans of natural resources have delayed 

progress. 
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In the context of limited resources, it is then necessary to assess the status of land 

degradation and to identify priority areas for conservation where landscape restoration 

initiatives should be implemented. It is in this perspective that this study will provide a 

methodological framework for the assessment of land degradation vulnerability to 

identify priorities area for the implementation of landscape restoration initiatives and 

anticipating where future land degradation is likely to occur for effective 

implementation of an appropriate intervention to achieve the LDN in the context of the 

mountainous landscape of eastern DR Congo. The results of these studies will be 

presented as maps and models that will guide the policymaker in the management of 

the resources and identification of priority areas for restoration purposes.   

1.7. Scope of the study 

The scope of this study is to characterize the interrelation between the spatio-temporal 

dynamic of LULC change, the dynamic of land degradation, and their impacts on 

ecosystems services through spatial modeling to support informed decisions for the 

conservation of soil, water, and forest in the highland landscape of eastern DR Congo. 

The geographical coverage delimitation of this study is the Kalehe Territory.  

Despite that, there are different forms of land degradation including biological, 

physical, and chemical degradation, this study will focus on physical land degradation 

such as soil erosion which is the main form of land degradation process in the eastern 

DR Congo. More specifically, the study is limited to the assessment of land degradation 

based on four indicators namely the LULC transition, the land productivity dynamics, 

the ecosystem services value, and the soil water erosion dynamics under past, current, 

and possible future situations of land use change.  
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The baseline for analysis is set to the year 1987 to take into account the state of the 

landscape before the population explosion in the Kalehe territory which occurred during 

the 1994-1996 period due to the arrival of Rwandan refugees invading any natural forest 

in search of land for cultivation, pasture or settlements. The year 2020 is considered the 

actual situation. For prediction, this study will provide a forecast of the degradation of 

ecosystem service and erosion dynamic under the future LULC projection for the years 

2030 (short-term period), 2050 (medium-term period), and 2070 (long-term period). 

The selection of these years is following the international agreement in which DR 

Congo has taken part. The DR Congo has ratified the Kyoto Protocol in 2005, the Paris 

agreement in 2017, the Nagoya Protocol in 2015, and the Convention on Biological 

Diversity (CBD) in 1995 and signed the United Nations 2030 Agenda for the 

Sustainable Development Goals (SDGs) in 2015. In this context, prediction of future 

land-use change and its impact on ecosystem service as well as soil erosion will be done 

for the years 2030 which represent the deadline for the 2030 United Nation Agenda for 

Sustainable Development, 2050 which represent the deadline for the 2050 vision 

towards "Living in harmony with nature" of the CBD and the Paris climatic agreement 

to reduce the net-zero emission by 2050, years 2070 represent the baseline to reach the 

“carbon neutrality” and to avoid the global warming of more than 2°C (UNEP, 2014). 

For LULC classification, only 7 classes will be considered following the USGS first 

level of classification (Anderson et al., 1976): wetland, forestland, grassland, shrubs, 

cropland, bare land, and built-up area.    
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CHAPTER TWO                                                                                            

LITERATURE REVIEW 

2.1. Introduction 

This chapter presents a review of the literature in accordance with the research 

objectives. Specifically, it presents the literature relevant to land degradation, LULC 

dynamics, its drivers and modeling, the impact of landscape dynamics on soil erosion 

and ecosystem service, conservation planning practices, soil erosion modeling for 

conservation planning, and the MCDA as a tool for land evaluation. Furthermore, it 

presents the theoretical framework and conceptual framework of the study which 

integrate the system theory and the decision theory in land degradation modeling and 

conservation planning.  

2.2. Land degradation 

The natural or anthropogenic disturbance of the environmental system has the potential 

to result in a long-term decline in ecosystem function and productivity. This permanent 

or temporary reduction of land productivity through the deterioration of physical, 

chemical, and biological characteristics of the land is recognized as land degradation 

(Bai et al., 2008; Tagore et al., 2012; Olsson et al., 2019; AbdelRahman et al., 2023). 

It includes all processes such as deforestation, biodiversity loss, soil degradation, and 

disruption of the water cycle that decrease the ability of natural resources such as soil, 

water, vegetation, and wildlife in their natural ecosystems to perform essential functions 

and services in those ecosystems (Hurni et al., 2010). The main types of land 

degradation are soil chemical degradation (including acidification, leaching, 

salinization, decreased fertility, chemical pollution, and decreased cation holding 

capacity), physical degradation (including soil crusting induced by the decline in soil 

structure, soil compaction, hard-setting, water and wind erosion, desertification), and 
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biological degradation (long term loss of vegetation, reduced total carbon and biomass, 

and decreased biodiversity) (Lal et al., 1989, Zorn, 2013). These forms of land 

degradation can be seen as the consequence of the pressure on land resources due to the 

increasing demand for ecosystem services.  

From the historical perspective, it is important to note that the definition of land 

degradation has evolved during the last three decades. For instance, in 1979, the FAO 

defined land degradation as a set of processes that diminish the current or potential 

productive capacity of the soil (Nachtergaele et al., 2010). In contrast, the LADA 

(2011) defined land degradation as the reduction of the capacity of the land to provide 

ecosystem services while the UNCCD defines the land degradation as the loss of 

economic or biological productivity of all land use categories resulting from human 

activities (UNCCD, 2016). In 2019 the IPCC defined land degradation as a negative 

trend of land conditions (long-term reduction of biological productivity, integrity of 

ecosystem, or value to humans) associated with human-induced process (anthropogenic 

process) (Olsson et al., 2019). All these definitions agree on the fact that land 

degradation can be a natural or human induced process that varies over time and space, 

negatively affect the land’s natural function, leading to the decline in land productivity 

(Zorn, 2013).  

2.2.1. Land degradation as a global environmental challenge   

The imprint of human activities on the global environment has significantly impacted 

the functioning of the earth system so that the world has entered the Anthropocene 

(Steffen et al, 2011, Harfoot et al., 2021). Indeed, land resources are finite while the 

world population is still increasing in size. The world population has tripled in size 

since the twentieth century from 2.5 billion in 1950 to 7.9 billion in 2021 and it is 

projected to grow to 11 billion by the end of the twenty-first century (United Nations 
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Department of Economic and Social Affairs, Population Division, 2021). Furthermore, 

during the last 30 years, the consumption of natural resources has doubled and it is 

projected that the demand for the natural resource will still increase in the future so that 

they will be a need for the equivalent of 3 planets to meet the natural resource demand 

by 2050 (IRP, 2017; UNCCD, 2017). As a consequence of this pressure on natural 

resources, there is an emergence of land degradation processes that affect the well-being 

of about 3.2 billion worldwide and contribute to the loss of approximately 10% of the 

annual gross domestic product (von Keyserlingk et al. 2023) since there is an annual 

loss of 24 billion of fertile soil and 15 billion of trees, occasioning an economic cost of 

$40 billion (UNEP, 2016). From this perspective, several organizations have attempted 

to map the spatial extent of land degradation at a global scale but currently there are no 

reliable maps of global extent of land degradation due to conceptual (the way that land 

degradation is defined and the considered baseline) and methodological (diverging 

views about the spatial and temporal scale to consider, the quantification and mapping 

approaches) reasons (Olsson et al., 2019). The first map of land degradation at the 

global level was published in 1991 by the International Soil Reference and Information 

Centre (ISRIC), in cooperation with the United Nations Environment Programme 

(UNEP) and Food and Agriculture Organization (FAO) (Oldeman et al. 1990, Oldeman 

et al. 1991). This map was focused on human-induced soil degradation following the 

Global Assessment of Soil Deterioration (GLASOD) classification. For the United 

Nations Convention to Combat Desertification (UNCCD), three indicators were 

proposed to be used in the reporting mechanisms to monitor the progress toward the 

achievement of SDG 15.3.1 (proportion of degraded land to the total land area): the 

land productivity dynamics, the soil organic carbon, and the LULC change (Orr et al. 

2017, Sims et al., 2019, Bär et al., 2023). However, currently, there is no single method 
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that can be used to assess objectively the land degradation as the process is complex 

(Olsson et al. 2019) since more than one degradation type may occurs in the same place. 

Although it was estimated that 33% of land has already been affected by soil 

degradation at the global level (AbdelRahman, 2023) due to erosion, nutrient deplation 

of soil, soil acidification, salinization and compaction (UNEP, 2016), the current global 

extent and severity of land degradation are not yet well quantified (Olsson et al. 2019). 

For instance, the UNCDD (2022), estimate that up to 40% of earth’s surface are affected 

by physical, biological of chemical land degradation process. However, the global 

assessment of land degradation based on NDVI during the 1983-2006 period indicated 

that between 22% and 24% ice free land have been degraded with about 10% of 

grasslands, 20% cultivated land and 30% of forests land undergoing degradation (Bai 

et al., 2008). In the same perspective, by using the land productivity dynamics as an 

indicator of land degradation, de la Fuente et al. (2020) demonstrated that between 1999 

and 2013, 15% of the land was characterized by a decrease in land productivity but 

there was a disparity among the continent with 37% of decline of productivity found in 

Australia and Oceania, 27% in South America, 22% in Africa, 18% in North America, 

14% in Asia and 12% in Europe. However, because land degradation is complex, 

various indicators are used for assessment. Among these, soil erosion is the most 

common indicator. It is considered as the most dangerous type of land degradation 

worldwide (Alexandridis et al., 2014). This issue has become a global environmental 

problem, accounting for 85% of all land degradation (Gurjeet & Rabindra, 2017). For 

instance, it is estimated that the soil erosion leads to the loss of 24 billion tons of fertile 

soil (UNCCD, 2017) and contributes to the degradation of water resources. This process 

threatens the sustainability of ecosystem services that soil provided, especially in the 

humid tropics where heavy rainfall increases its potential (Labrière, 2015). 
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Additionally, water erosion impacts ecology by destroying natural environments. It also 

affects social and economic life at local, regional, and global levels. The organic carbon 

constitutes another indicator of land degradation. In this context, it was estimated that 

around two-thirds of the organic carbon contained in soil and vegetation has been lost 

due to land degradation since the 19th century (Ekka et al., 2023). This situation has 

some negative impacts on people's livelihoods at global scale. For example, the 

production of food is projected to decline by 12% in the next 25 years due to the loss 

of fertile land, which occurs at a rate of 20 million hectares per year. In consequence, 

the food insecurity will be exacerbated as the food prices will increase by 30% due to 

the degradation of fertile land (AbdelRahman, 2023). The land degradation affects also 

the global economy with its annual cost estimated to 3.4 trillion Euro (ELD, 2013. 

AbdelRahman, 2023), affecting half of humanity and threating about 50% of global 

population (UNCDD, 2022). In regards to this, the prevention of land degradation at 

global level constitutes one of the significant challenges of the 21st century (Mzuri et 

al., 2022). In this perspective, the UN declared the 2021-2030 the “decade on ecosystem 

restoration”, highlighting the political commitment for restoration of degraded lands, 

achieving the SDG 15.3 and the land degradation neutrality by 2030 (Koech et al., 

2020).  

2.2.3. Land degradation: an issue for sustainable development in Africa 

The rate of population in Africa is high and it is projected that the African population 

will increase from 1.1 billion in 2010 to 2 billion by 2040 and 4.2 billion by 2100 

(UNDESA, 2014). At the same time, there is an increase in urbanization as it was 

estimated that only 40% of the population in Africa lived in urban areas in 2015 but 

this proportion is projected to be 56% by 2050 (UNDESA, 2014). Although that this 

population growth presents some advantages such as human capital, it come also with 
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somes challenges considering that the demand for natural resources to reach the needs 

of this population will also increase. 

In Africa, it is estimated that two third of the population depends on agriculture for their 

livelihood. However, only 55% of land in this continent is suitable for agriculture 

(Eswaran et al., 1997). In addition to this land suitability constraint, there are issues of 

land degradation that endanger the food security and livelihoods of the population. For 

instance, it is estimated that two-thirds of productive land in Africa is already affected 

by land degradation (UNCCD, 2013). More specifically, the trend of severity and extent 

of land degradation increase from the humid zones to the dry area in Africa. In the 

humid zone of the Congo and Zambezi basins, the extent of land degradation is 

estimated to vary between 24 and 29% while in the dry areas of the Nile, Niger, and 

Lake Chad basins it varies from 78 to 86% (Thiombiano & Tourino-Soto, 2007).  

It is estimated that 715 million ha of productive land are degraded in Africa, with 65% 

of arables lands, 30% of grasing lands, and 20% of forestlands due to population 

growth, unsustainable land use practices, climate changes and institutional challenges 

(Koech et al., 2020). About 65% (485 million people) of the African population is 

affected by this situation (ECA, 2007, AGNES, 2020). More particularly in sub-

Saharan Africa, 25% of 925 million people live in areas that are being degraded since 

the 1980s (Le et al., 2012). In addition to that, there are issues of climate change which 

is projected to increase the occurrence the rainfall variability and the incidences of 

extreme weather events (IPCC, 2014). Thus to achieve the sustainable development 

goals by the year 2030 and the African Agenda 2063, there is a need to implement 

sustainable land management. However, currently few updated accurate data regarding 

the extent, severity, and trend of land degradation are avalaible at continental level in 
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Africa (AGNES, 2020). In this context, the assessment of the spatial extent of land 

degradation processes and their drivers at national, regional, and local levels is essential 

to identify the land degradation hotspots where the restoration actions should be 

prioritized and to suggest potential management options. To address the land 

degradation in Africa, there are some regional initiatives such as the AFRI100, the 

Great Green Wall initiatives (Koech et al., 2020) and bilateral projects associated with 

the REDD+ mechanisms for instance.  

2.2.4. Land degradation in DR Congo 

The DR Congo is the biggest country in terms of the land surface in the Congo basin 

with almost two-thirds of the country's territory covered by dense humid forest (Mosnie 

et al., 2016, Kengoum et al., 2020). It is also the country with the highest population 

size in this region, with nearly 80 million inhabitants (Mosnie et al., 2016). This country 

is subject to land degradation, especially forest degradation, and erosion due to an 

increasing population, unsustainable management of the natural resource, and variation 

of climatic conditions. For instance, based on the UNCDD indicators of land 

degradation (LULC change, land productivity, and soil organic carbon stock), it was 

estimated that between 2000 and 2015, 5.8% (13.4 million of hectare) of the country 

have been degraded at an annual rate of 0.4%/year (8 294 hectares per year) (Ministry 

of Environment and Sustainable Development of DR Congo, 2018).  

The deforestation and removal of natural vegetation, along with agriculture activities 

and over-exploitation of natural vegetation for domestic use are recognized as the 

relevant anthropogenic factors of land degradation in the DR Congo (Shapiro et al., 

2021; Achille et al., 2021). Due to the anthropogenic pressure, forest degradation is 

increasing over time and the extent of degraded forest is estimated to be 27 million ha 

in DR Congo (Tchatchou et al., 2015; Shapiro et al., 2021). Moreover, the deforestation 
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rate in DR Congo has doubled from 0.11% between 1990 and 2000 to 0.22% between 

2000 and 2005 (Tchatchou et al., 2015). One of the consequences of the deforestation, 

is the decrease of the stock of soil organic carbon content. For instance, during the 

2000-2015 period, there was a decrease of soil organic carbon stock by 17% and 0.2% 

due to conversion of 2 058 500 hectares of forestland into agricultural land and 

conversion of 369 200 hectares of forestland into pastureland, respectively. 

Furthermore, there is a decrease in biomass productivity which occurred in about 2.3% 

(5 394 806 hectares) of the national territory, especially in the province of Kinshasa, ex 

Katanga, and South-Kivu while the stability of land productivity is observed in 57.6% 

(135 104 700 hectares) of the national territory, especially in the central Congo basin 

which is covered by the remaining dense humid forest of the country (Ministry of 

Environment and Sustainable Development of DR Congo, 2018). 

Among the different forms of soil degradation (soil erosion, physical and chemical 

degradation), soil erosion is ranked as the first form of soil degradation in DR Congo 

like in other countries of the Congo basin where the loss of topsoil through water 

erosion (sheet erosion) is occurring in 32% of the entire area, followed by loss of 

nutrients and organic matter through chemical degradation which occurs in 21% of area 

whereas 39% of the basin consists of stable terrain under natural conditions, without 

any human-induced erosion (Mushi et al., 2019). In particular, the highland region of 

eastern DR Congo is the most vulnerable to soil erosion due to its rugged topography, 

the nature of the soil, and the intensification of land use (Kamarage et al., 2016; 

Mahamba et al., 2023). This region has undergone LULC changes in recent years with 

increasing pressure on forest land (Institute for Environmental Security, 2008; Kabonyi 

et al., 2011; Musavandalo et al., 2024; Musavandalo et al., 2025). As an illustration, it 

has been estimated that the rate of deforestation in the Maiko-Tayna-Kahuzi-Biega 
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landscape, one of the ecological landscapes of eastern DR Congo, is about 0.88% or 

804km2 of forest loss per year (Ngeleza, 2012) which is very high compared to the 

national level of deforestation of 0.2-0.3% (Kengoum et al., 2020). In this region, 

forests are under anthropogenic pressure due to mining, high population density, the 

presence of fertile volcanic soil for agriculture, armed conflicts that have caused 

massive displacement of the population, and the exploitation of wood energy even in 

national parks (Institute for Environmental Security, 2008; Kabonyi, 2011 

Musavandalo et al., 2024; Musavandalo et al., 2025). These activities have contributed 

to land degradation, resulting in the exacerbation of soil erosion, sedimentation and 

nutrient deposition in Lake Kivu (Mashimango, 2015; Karamage et al., 2016).  

Land degradation constitutes a serious obstacle to economic and social development in 

DR Congo (Bamba, 2010; Ministry of Environment and Sustainable Development of 

DR Congo, 2018). It affects the livelihoods of local community through the reduction 

of the supply of ecosystem services and upsurge of hydroclimatic risk such as erosion, 

landslides, and flooding. Therefore, efforts are needed to improve the livelihood of the 

Congolese people without degrading the land resource. It is in this context that in 

response to land degradation problems, the DR Congo is being engaged in both the 

LDN scheme by committing to restore all the degraded land by 2030 through the 

implementation of forest landscape restoration initiatives in 8 million hectares  of 

degraded forest, 5.4 million hectares of area characterized by a decrease in land 

productivity, increasing the soil organic carbon (SOC) stock by 17% in 2.1 million 

hectares of land characterized by a decrease of SOC and 369 200 hectares where the 

SOC remained slightly stable during the 2000-2015, and prevent the conversion of 

forestland and wetland into others land uses categories (Ministry of Environment and 

Sustainable Development of DR Congo, 2018) as well as the REDD+ mechanism since 
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the adoption of its National REDD+ Framework strategy (Kengoum et al., 2020) to 

tackle the main drivers of deforestation and land degradation, to stabilize the national 

forest cover to 63.5% and to reduce 56% of national greenhouse gas emissions 

associated with deforestation and degradation by 2030. The implementation of such 

initiatives require participant countries to identify and characterize the drivers of land-

use change, assess the condition favorable to land degradation, identify the area at high 

risk of future land degradation based on historical observation pattern of land-use 

change, quantify the impact on ecosystem service or goods and use this information to 

the target area where mitigation actions are needed, design appropriate strategies for 

conservation and sustainable development (Orr et al., 2017; Cowie et al., 2018; Grinand 

et al., 2019). Moreover, the Government that enrolls in these policies is required to 

develop Reporting Verification and Monitoring (RVM) system and a set of indicators 

(Nampindo, 2014). Thus from a management and planning perspective, it is important 

to have a view of the driving factors of land degradation and to determine where land 

degradation is more likely to occur. One of the methods to do that is to perform spatial-

scale modeling of land degradation processes by considering the environmental factors 

that influence them as dependent variables. Besides, the mapping data of land 

degradation trends is an important tool for the development of natural resource 

management policies and the environmental safeguarding (Sirengo et al., 2018). 

Therefore, there is a necessity for the identification of areas which are vulnerable to 

land degradation over different times in both current and possible future situations in 

the ecological landscape of DR Congo.  

2.3. Land use and land cover dynamics 

The UNCCD (2017) defines the land as the bio-productive system of the earth that 

includes the soil, vegetation, other biota, and the ecological and hydrological processes 
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that operate within the earth system. Although land cover and land use (LULC) are 

often used interchangeably, there is a difference between the two terms (Wang & Yang, 

2020). Indeed, the land cover describes the biophysical attributes or characteristics of 

the earth's surface while land use describes how land is used by humans or the intent 

applied to these attributes (De Jong, 2012; Wang & Yang, 2020). 

To ensure survival, meet economic needs, and accelerate development, people in 

developing countries, use land resources unsustainably through practices such as 

overgrazing, deforestation, unplanned urban expansion, etc. In consequence, the land 

use and land cover change occurs (Mashame & Akinyemi, 2016; Tadesse et al., 2017; 

Wang & Yang, 2020).  

Despite some economic and social benefits resulting from LULC changes, such 

conversion often has unintended consequences on the environment (Leh et al., 2013). 

Consequently, some environmental issues related to landscape transformations 

concerning land use change emerge (Casado, 2007; Wang & Yang, 2020). These 

changes affect ecosystems, biodiversity, and the services they provide to society 

(Maitima, 2009; Mburu, 2015; Davison et al., 2021; Ersoy Tonyaloğlu, 2025). They 

are a complex and dynamic process that can be exacerbated by human activities (Leh 

et al., 2013) and their magnitudes vary depending on the period examined and the 

geographical area considered (Mburu, 2015). Thus the knowledge about the type and 

location of land use and occupancy change provides important information that is 

commonly used to assess landscape conditions, inventory the status and trend of change 

in the ecosystem for a given period (Javed et al., 2012). Detecting this change is then a 

critical requirement for assessing potential environmental impacts of anthropgenic 

activities and developing land management plans and strategies.  
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The analysis of land use and land cover change dynamics requires current geospatial 

technologies such as Geographic Information Systems (GIS) and remote sensing 

through the analysis of aerial photographs and satellite images at different scales 

ranging from local to regional and global (Zeleke & Hurni, 2001; Maitima et al., 2004; 

Mame et al., 2016; Wang & Yang, 2020). These techniques have emerged as important 

tools for the assessment of natural resource degradation and monitoring of their spatio-

temporal dynamics following the provision of reliable, accurate, and up-to-date 

information at an acceptable cost (Javed et al., 2012). These techniques are based on 

the detection of multi-temporal and multi-spectral digital change from remote sensing 

data as a means of understanding landscape dynamics, detecting, identifying mapping, 

and monitoring land use/occupation change on a time scale (Mashimango, 2015). 

Without additional information, remote sensing detects land cover but, in most cases, 

land use is derived from land cover (De Jong, 2012). 

2.3.1. Impact of LULC change on land degradation 

Land degradation is among the environmental and anthropogenic problems caused by 

land use change and climate change (Elgubshawi, 2008; Mashame & Akinyemi, 2016; 

Hermans & McLeman, 2021). Indeed, The Millennium Ecosystem Assessment (2005) 

showed that poor land use practices and management choices are increasing land 

degradation around the world (Labrière, 2015; Hermans & McLeman, 2021). LULC 

change directly impacts global biodiversity, contributes to climate change, is the main 

source of soil degradation, and by altering ecosystem services, affects the capacity of 

biological systems to support human needs (Marques et al., 2019; Wang & Yang, 2020; 

Semenchuk et al., 2022, Ersoy Tonyaloğlu, 2025).  

The implications of these LULC changes could be positive (convey desirable changes) 

or negative (bring undesirable changes) (Yesuph & Dagnew, 2019). Thus, it is possible 
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to use the LULC change as a proxy for land degradation (Sims et al., 2019). Indeed, 

some negatives impacts on ecosystems are associated with LULC changes at local, 

regional and global level (Alemu, 2015). This is the case of biodiversity loss which is 

likely to occurs  when there is a transformation of undisturbed land such as natural 

forest into more intensive land use such as farming, grazing and timber harvesting 

(Marques et al., 2019, Semenchuk et al., 2022), the soil erosion associated to the 

increase of intensity of LULC change (Borrelli et al., 2017, Borrelli et al., 2020), the 

reduction of carbon sequestration potential associated to forestry activities (Marques et 

al., 2019) and associated CO2 emission which account for 13-21% of global total 

anthropogenic greenhouse gaz emission during the 2010-2019 period (Nabuurs et al., 

2022). 

Land degradation models can then be applied to indicate whether the change in LULC 

has been sustainable or unsustainable. Such analyses are essential for planning and 

decision-making that focus on environmental rehabilitation actions and the 

development of awareness programs (Zeleke & Hurni, 2001). Thus, many studies 

combine remote sensing, GIS, and modeling techniques to investigate the link between 

landscape dynamics and land degradation. For instance, there is a link between land use 

change and erosion risk (Wijitkosum, 2012; Borrelli et al., 2017; Guder & Kabeta, 

2025), biodiversity loss (Maitima et al., 2009; Davison et al., 2021), habitat degradation 

(Msoffe et al., 2011; Fumy et al., 2021), degradation of soil physicochemical properties 

(Elgubshawi, 2008; Assefa, 2020) and flow of ecosystem service (Msofe et al., 2020; 

Ersoy Tonyaloğlu, 2025). Other studies show that land use change can be beneficial for 

the restoration of degraded lands. This is the case of the work of Wijitkosum (2012) 

who demonstrated the link between reforestation and a decrease in soil loss through 

erosion.  
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2.3.2. LULC change modeling  

The knowledge about the type, location and temporal changes of LULC can provides 

important information that is commonly used to assess landscape conditions, and 

inventory the status and trend of change in the ecosystem for a given period (Javed et 

al., 2012; Gomes et al., 2021). In order to properly analyse the state of environmental 

changes, it is important to understand the spatial and temporal dynamics of LULC and 

identify the mechanisms associated with these dynamics. These mechanisms are related 

to natural and anthropogenic factors (Mame et al., 2016; Wang & Yang, 2020; 

Christensen & Jokar Arsanjani, 2020).  

The LULC change constitutes as an important driver of environmental change on all 

spatial and temporal scales and contributes significantly to earth-atmosphere 

interactions, forest fragmentation, and biodiversity loss (Fu et al., 2000). Thus, analysis 

of past and present trends of land-use changes through geospatial techniques and 

community perception approach can elucidate the relative vulnerability of areas of high 

conservation priority to anthropogenic pressure and habitat fragmentation (Nackoney 

& Williams, 2012). LULC change is also considered as one of the factors which 

contribute to local environment disturbance by influencing surface water runoff, soil 

loss by erosion, and stream flows (Woldeamlak, 2002; Guder & Kabeta, 2025). Due to 

these, modeling the dynamic of LULC change is an imperative for environmental 

management (Gashaw et al., 2017; Wang et al., 2022). 

The detection and prediction of LULC change over time constitute a powerful tool for 

natural resources management, environmental modelling, sustainable land use 

planning, spatial plannig and conservation planning (Wang et al., 2022; Tahir et al., 

2025). It is in that perspective that different studies have been conducted around the 
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world to assess the pattern of LULC change at different spatial scales using different 

methods (Wang et al., 2022). For instance, various models including logistic regression 

(Bavaghar, 2015), machine learning tools (Grinand et al., 2019), and MCDA-based 

models (Monjardin-Armenta et al., 2020) have been developed to simulate the future 

scenario of LULC change and to assess alternative scenario of land management. Based 

on these studies, it have been demonstrated that the LULC changes study should be 

location specific as the interaction among theirs drivers varies from one place to another 

(Kindu, 2017). In addition, there is an interrelation of drivers of LULC change at 

different scales (local, national, and global) and it is improper to make generalizations 

of other places around the globe (Munthali, 2020). However, the understanding of 

divers of LULC change at the local level is still limited in several region around the 

word. Therefore, further research is needed to determine the location-specific 

interactions among driving forces of LULC change (Beilin et al., 2014).  

Indeed, the integration of drivers of LULC changes into models can be helpful to predict 

future trends and enhance our ability to predict outcomes and interventions (Mottet et 

al., 2006; Christensen & Jokar, 2020). Therefore, quantitative and qualitative analyses 

of the drivers of LULC change are needed to develop predictive models of the future 

pattern of LULC change in a given area (Veldkamp & Lambin, 2001). These data can 

be used in the development of effective land use planning and strategies for sustainable 

resource use planning, management, and conservation (Kindu, 2017) considering that 

the modeling approach can help to predict the future demand in land. It give also some 

insights into the area where and why LULC change is likely to occur in the future due 

to the changing in environmental factors or human interventions (Bhattacharjee & 

Ghosh, 2015). Furthermore, the LULC change models can be used to simulate different 

scenarios of management strategies before a decision can be made. 
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2.3.3. LULC dynamics in DR Congo, its drivers, and impacts  

DR Congo hosts one of the largest rainforest covers in the world which account for 

about 155 million hectares of forest covering almost 67% of the country's land area (De 

Wasseige et al., 2009). Although DR Congo is home to 60% of the remaining Congo 

Bassin rainforest (Mayaux et al., 2013), during the last decades, this country has been 

subjected to several LULC changes due to population pressure, conflicts, and insecurity 

which threaten the integrity of this ecosystem. For instance, during the 2000-2015 

period, the annual deforestation rate of DR Congo was among the highest in the Congo 

Basin and was estimated at around 0.2-0.3% (Kengoum et al., 2020). According to 

Tyukavina et al. (2018), there is a correlation between the annual rate of forest cover 

loss and population growth in DR Congo. Under the assumption that this trend will 

continue in the future, the study estimated that all of the primary forests of DR Congo 

could be cleared by 2100 as the population will reach 197 million people by 2050 and 

379 million by 2100 concerning (Tyukavina et al. 2018). In consequence, sustainable 

forest management will be challenging due to the increasing population, especially in 

the Eastern part of the country where the population density is high. To address these 

challenges, there is need to understand the spatiotemporal dynamic of LULC change 

for effective resource use and conservation planning.  

Studies conducted on LULC dynamics, using GIS and remote sensing approaches in 

DR Congo have shown the link between LULC change and forest degradation (Bamba, 

2010; Kabonyi et al., 2011; Achille et al., 2021). However, knowledge of the link 

between land use change, terrain physiography, land productivity, ecosystem supply 

potential, and soil erosion dynamics is fragmentary in DR Congo. Only a few studies 

including Ongezo et al (2014) in the Lac Tanganyika basin, Ekaka Azanga et al. (2016) 

in the Ruzizi basin, Ndolo (2015) in the Ndjili River basin, Mashimango (2015) in the 
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Lwiro sub-watershed, Kamarage et al. (2016) in the Lake Kivu basin, Eisenberg & 

Muvundja (2020) in a portion of Ruzizi basin, and Chuma et al. (2022b) in Chisheke 

watershed (Territory of Walungu) for instance,  have attempted to address this issue. 

Nevertheless, none of these studies have attempted to forecast the impact of possible 

future LULC change on soil erosion in this region, nor the impact of LULC change on 

the flow of ecosystem services. Thus, in the context of land use planning, it is important 

to extend these studies, especially in the mountainous areas of Kivu that present a high 

susceptibility to water erosion and where there is pressure on the forest ecosystem due 

to high population density. 

Although the assessment of the driving force behind the LULC change is fundamental 

for building realistic models of LULC change (Veldkamp & Lambin, 2001; Wang et 

al, 2022), quantifiable and spatially explicit data about this driving factor are still 

limited in DR Congo. Most of the LULC research in DR Congo has been focused on 

the changing pattern and qualitative analysis of driving factors with an emphasis on the 

local communities' perception (Megevand et al., 2013; Tchatchou et al., 2015; Ciza et 

al. 2015; Moonen et al. 2016) but without a spatial quantification of the underlying 

factors and modeling to support future LULC change analysis. This lack of knowledge 

about the spatial prediction of future LULC change constitutes an obstacle to providing 

a solution for conservation planning and land resource use planning in the ecological 

landscape of DR Congo. Indeed, studies on LULC dynamics in DR Congo have focused 

on the evaluation of the impact of anthropogenic activities on the Spatio-temporal 

dynamics of forest landscapes (Bamba, 2010; Tyukavina et al. 2018; Kabuanga et al., 

2019; Shapiro et al., 2021; Musavandalo et al., 2024), the spatial analysis of the impact 

of mining activities and armed conflicts on deforestation (Butsic et al., 2015, 

Musavandalo et al., 2025), and the actor identification of the driving factors of LULC 
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change based on the local community perception (Ciza et al. 2015; Moonen et al. 2016). 

From these studies, it is clear that agricultural practices, unsustainable logging, 

urbanization, fuelwood collection, mining activities, and development of urban 

infrastructure are direct drivers of forest cover loss whereas demography, economic 

factors, socio-political, proximity to the road, and biophysical factors are indirect 

drivers of landscape dynamics in DR Congo (Tchatchou et al., 2015). These driving 

factors can be integrated into spatially explicit models to identify potential degradation 

hotspots where mitigation measures should be taken to prevent further degradation. 

However, only few studies, including the work of Bamba (2010), Tyukavina et al. 

(2018) and Shapiro et al. (2021) attempted to quantitatively assess the underlying 

drivers of deforestation in DR Congo based on a spatially explicit approach but they 

didn’t quantitatively assess the underlying drivers of others LULC changes such as the 

built-up area expansion and the cropland expansion. To contribute to the understanding 

of drivers of LULC change in this area, this study assesses the impact of biophysical 

and socio-economic factors on the pattern of landscape dynamics by combining GIS 

processing and regression techniques. This analysis is necessary to identify the main 

drivers of LULC change which can be integrated into spatially explicit models to 

predict future scenarios of LULC change in this area. Despite that several models 

including statistical models and machine learning technics have been developed in the 

prediction of LULC change (), their applications are constrained by the availability of 

data for the calibration of models and the complexity of divers of LULC change 

(Munthali, 2020). Due to this constraint, few studies (Christensen & Jokar (2020) in the 

Virunga landscape for instance) have been focused on the forecasting of LULC change 

in Eastern DR Congo. To overcome this challenge, this study will assess the ability to 
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use open access and remote sensing data and their integration into a statistical model to 

simulate the possible future LULC dynamics in Eastern DR Congo. 

 2.4. Landscape dynamics 

The landscape is the spatial manifestation of the relations between societies and their 

environment, whose current structure is the result of a dynamic evolving in time 

(Casado, 2007). It has two main dimensions: a "cultural" dimension where the 

landscape represents the sensitive link of individuals with their environment, mainly 

through visibility (but also through other senses such as hearing); a "natural" dimension, 

where the landscape offers a set of biotic and abiotic resources favorable to certain 

biodiversity (Foltête et al., 2015).  This landscape can be transformed by human 

activities (Munyemba, 2010) such as land-use change, which influences land resources 

(Javed et al., 2012; Labrière, 2015). Thus, understanding the functioning of 

environmental systems, their evolution over time, and the response of their structure to 

disturbance processes is necessary to define future lines of action and management 

(Casado, 2007). The landscape pattern can be characterized by determining the 

landscape structure and composition index (Kupfer, 2012). They are useful for 

assessing fragmentation, connectivity, richness, etc. In particular, landscape 

fragmentation is used as an indicator of land degradation (Sklenicka et al., 2014). It is 

then important to determine the drivers of land fragmentation (Pueyo et al., 2006; Jaege 

et al., 2016).  

2.4.1. Impact of landscape dynamics on soil erosion  

At the global level, various studies have analyzed the relationship between the 

landscape pattern index (metrics) and soil erosion by using different statistical models 

including the linear regression and partial least-concessions regression models to 

understand the response of soil erosion dynamic to the change in landscape pattern 
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(Zhang et al., 2017; Li et al., 2022). In these studies, only selected landscape metrics 

were considered for analysis. In consequence, these studies have arrived at different 

conclusions depending on the region, the scale, and the landscape metrics considered. 

Currently, there is no standard method of selecting landscape metrics and there is no 

universal conclusion about their relations with soil erosion (Zhang et al., 2017). 

Therefore, Li et al. (2022) preconized that future research should be focused on 

exploring the scale effects of landscapes on soil erosion and modifying the evaluation 

method of landscape indices to improve the evaluation accuracy in another region. In 

Eastern DR Congo, such research has not been done yet despite that the understanding 

of the response of soil erosion to LULC change and change in landscape pattern can 

provide a scientific basis for land use management and erosion control at different 

scales.   

2.4.2. Impact of landscape dynamics on the flow of ecosystem service 

The ecosystem service refers to the value and service that people benefits directly or 

indirectly from nature (Wallace, 2007). According to the Millennium Ecosystem 

Assessment (2005), this service can be categorized into provisioning, cultural, support, 

and regulating services (Brown, 2013). The evaluation of this service can be done 

through different approaches including biophysical, economic, and social evaluation 

(Kindu et al. 2016; Zhou et al., 2020; Hasan et al., 2020). Therefore, it is possible to 

assess the impact of land use change on ecosystem service (Hasan et al., 2020, Zhang 

et al., 2022, Fang et al., 2022). It is also possible to model the impact of the change in 

landscape structure and composition on the ecosystem service (Lamy et al., 2016, Ersoy 

Tonyaloğlu, 2025). Such studies are useful in determining the optimal landscape 

structure that can be adopted during the planning process to minimize the negative 

impact of land use change in the provisioning of ecosystem service. Such studies have 
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been done in different parts of the world but in DR Congo such models are still missing. 

Different approaches are employed to assess the ecosystem service value: the non-

monetary value and the monetary value. The non-monetary value is based on the 

empirical data from modeling approaches such as the Integrated Valuation of 

Ecosystem Services and Tradeoffs (InVEST) tool (Fang  et al., 2022;  Ersoy 

Tonyaloğlu, 2025) or stakeholder rating of the ecosystem value potential of LULC 

types to provide the ecosystem service through the assessment matrix (Hasan et al., 

2020; Fang et al., 2022; Esmail et al., 2023). Two types of monetary ecosystem value 

coefficient (in USD per hectare and per year) for each LULC type have been widely 

used: the global ecosystem service value for each biome represented by the LULC type 

as proposed by Costanza et al. (1997) and the ecosystem service value from The 

Economics of Ecosystems and Biodiversity (TEEB) database (Van der Ploeg & de 

Groot, 2010) as adapted in others tropical environment by Kindu et al. (2016) and 

Sharma et al. (2019). Based on the LULC maps, the surface (in hectares) of each LULC 

type is multiplied by the corresponding ecosystem value coefficient to obtain the total 

ecosystem value (in USD) for the considered LULC type. Based on the review of the 

impact of LULC on ecosystem service, Hasan et al. (2020) found that most of the 

research has revealed a negative impact of LULC change on ecosystem service. 

However, there exist “research gaps related to methods for valuing ecosystem services 

more accurately and for collecting social responses to the impacts of LUC on different 

ecosystem services” (Hasan et al. 2020). Thus further research for the development of 

quantification of ecosystem service is still needed. In the data-deficient area, the 

assessment of ecosystem service value through the transfer matrix approach is done 

based on global value coefficients or modified value coefficients developed by other 

schools (Msofe et al., 2020). Since the context can be different, it is important to 
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develop an ecosystem service value index adapted to the specificities of each region. 

From this perspective, an evaluation of ecosystem service value based on the land user 

perspective will be assessed in this study.   

2.4.3. State of the art on landscape dynamics assessment in DR Congo 

Studies on landscape dynamics in DR Congo have focused on the evaluation of the 

impact of anthropization on the spatiotemporal dynamics of forest landscapes (Bamba, 

2010, Kabulu et al., 2008, Kabuanga et al., 2020) and its impact on soil 

physicochemical properties (Alongo et al., 2013), the dynamics of urban green 

infrastructure (Balandi et al., 2024), the dynamic of urban and peri-urban area due to 

rapid population growth (Balandi et al., 2023), the quantification and modeling of 

landscape dynamics to assess the ecological impact of deposits resulting from 

hydrometallurgy (Munyemba, 2010),  and the analysis of the impact of landscape 

characteristics on the domestic water vulnerability (Chishugi et al., 2021). These 

studies show that demography, urbanization, agricultural practices, mining activities, 

roads, and armed conflicts are important factors influencing landscape dynamics and 

leading to the loss of forest cover, degradation of soil physicochemical properties, and 

water quality in DR Congo. These studies do not analyze the influence of physiography 

on landscape dynamics. Nevertheless, topographical factors guide human land use 

choices. Understanding this relationship is fundamental to the implementation of 

conservation measures (Li et al., 2013). Furthermore, it is not clear how the change in 

landscape characteristics (structure and composition) may influence the earth's surface 

process (soil erosion, sedimentation, surface water runoff) and the potential supply of 

ecosystem services. This lack of information leads to poor decisions on land use 

allocation during land use planning. It is then necessary to develop models that predict 

the impact of changes in landscape characteristics on the land degradation vulnerability 
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to predict the optimal landscape characteristics that should be adopted during the land 

use planning to reduce the land degradation vulnerability. 

2.5. Conservation planning  

Conservation planning is a "science and practice dedicated to preventing, stopping, and 

reversing negative effects on nature" (Milt, 2015). Conservation planning is also 

defined as "the process of locating, configuring, implementing and maintaining areas 

that are managed to promote the persistence of biodiversity and other natural values" 

(Pressey et al., 2007). The conservation planning is not only about biodiversity 

conservation but the resource concerns are soil erosion, soil quality degradation, 

degraded plant condition, inadequate habitat for fish and wildlife, excessive water, 

livestock production limitation, inefficient energy use, insufficient water, water quality 

degradation, air quality impacts, etc. (Book, 2019; Bennett et al., 2019). Therefore, the 

conservation planning constitutes a process of making informed decision support about 

the conservation of natural resources. It is a holistic problem-solving approach of 

natural resource management issues which implies to make a choice between different 

conservations alternatives by considering the environmental, economic, and social 

factors in the land use management process to meet the human needs and protect the 

natural resources. Therefore, the conservation planning emphasizes the identification 

of desired future conditions for improved natural resource management, the 

minimization of resource use conflicts, and the identification of opportunities for more 

efficient use of natural resources.   

2.5.1. Conservation planning process  

According to the Natural Resource Conservation Service (NRCS) of the USDA 

(Bennett et al., 2019), the process of conservation planning can be implemented by 

following 9 steps (Figure 2.1): the identification of problems, the determination of 
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objectives, the inventory of resources, the analysis of resource data, the formulation of 

alternatives, the evaluation of alternatives, the decision making, the implementation of 

the plan and the evaluation of the plan (Book, 2019, Bennett et al., 2019). The purpose 

of these steps is to develop and implement a natural resource conservation plan for the 

protection, conservation and enhancement of natural resource use to meet the human 

needs. This natural resource conservation plan presents and analyses the major issues 

and problems of natural resource management, and proposes action plans for 

conservation of natural resources as well as the protection of the ecosystem and their 

components. 
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Figure 2.1: Conservation Planning Process. 

Sourceː Bennett et al. (2019)   

2.5.2. Land conservation practices 

Sustainable land management consists of technical and institutional measures initiated 

by individuals or societies to maintain land productivity and other natural resource 

functions for present and future generations (Hurni et al., 2010). To maintain and 

improve land productivity, priorities must be taken for natural resource conservation. 
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Among the land conservation practices, there are agronomic practices (such as 

intercropping, contour cropping or contour farming, mulching, tillage practices, 

ridging, conservation cropping system, crop residues management,  etc.), vegetative 

measures (such as grass strips, hedgerows or contour vegetative hedges, windbreaks, 

etc.), physical or mechanical (such as terraces, benches, bunds, vegetated waterways, 

constructions of permanent and no permanent conservation structures to control gullies 

erosion, construction of palisades and retaining walls for sediment retention, 

construction of check dam, etc.), management practices (such as land use change, 

fenced areas, rotational grazing, etc.) as well as combinations of different practices 

under conditions of complementarity and mutually reinforcing efficiency such as 

agroforestry (Hurni et al., 2008, Srivastava et al., 2010). Furthermore, agroforestry 

which implies the combination of shrubs or trees, and crops (annual or perennial) or 

livestock (Gold, 2009), is recognized as one of the solutions to land degradation 

(Cooper et al., 1996) which can be integrated into conservation strategies to create 

resilient multifunctional landscapes that provide a range of socio-economic benefits 

(Dumont et al., 2019). Indeed, agroforestry has the potential to contribute to the 

increase of agriculture productivity, soil fertility restoration (Dollinger & Jose, 2018), 

food security improvement (Kiptot et al., 2014), climate change mitigation (Verchot, 

2007), biodiversity conservation (McNeely & Schroth, 2006), soil conservation 

(Young, 1989) and water resources conservation (Bekele-Tesemma, 1997). 

Consequently, in the context of the expansion of human activities due to population 

growth, the implementation of agroforestry can reduce the pressure on natural resources 

and contribute to the preservation of land for future generations. In DR Congo, 

agroforestry has been adopted as a resource management strategy (Dumont et al., 

2019). However, there is little information about the location of suitable land for the 
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implementation of agroforestry and the factors affecting the adoption of agroforestry as 

a conservation practice, especially in the highland region of eastern DR Congo.  

2.5.3. Determinant factors for adoption of conservation measures  

The adoption of conservation measures is influenced by a set of factors (Kumar et al. 

2021, Yifru & Miheretu, 2022) including the socio-demographic characteristics (age of 

decision makers, education level of farmers, family size, marital status, gender), 

physical factors (farmland size, tenure security, fertility of the land, slope of plot, 

distance to farmland), economics characteristics (farm assets, main activity, access to 

credit facility, number of livestock units, income from off-farm activities), institutional 

characteristics (access to extension services, membership of an organization and 

participation in conservation programs which indicates the social capital, land tenure, 

accessibility to market facilities, participation in training on conservation measures) 

and attitudinal factors (perception on erosion, perception on effectiveness of 

conservation measures, perception on crop yield productivity). Based on an extensive 

review of the literature, Kumar et al. (2021) demonstrated that there are no universally 

significant factors affecting the adoption of conservation measures and there’s no 

consensus among the researchers about which factor should be targeted to enhance this 

adoption. To assess the influence of these factors on the adoption of conservation 

measures, different modeling approaches including the binary logistic (Yifru & 

Miheretu, 2022, Asfew et al. 2023), logit and multinomial logit (Bekele & Drake, 2003, 

Mekuriaw et al., 2018), the ordered and multivariate probit (Kpadonou et al., 2017), 

tobit (Anley et al., 2017) and Poisson regression (Jara-Rojas et al., 2012) were 

employed around the word. Despite that some studies have attempted to inventory the 

conservation practices in selected watersheds in the Kivu region (Adidja et al., 2016, 

Heri-Kazi, 2020, Chuma et al., 2022a), few studies have been focused on the 
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development of models to identify the determinant factors of the adoption of 

conservation measures at territorial level in this region.  

2.6. Soil erosion modeling for conservation planning  

There is a need for soil and water conservation to reverse the process of land 

abandonment and increase agricultural production to ensure food security (Gurjeet & 

Rabindra, 2017), limit pressure on the forest, and contribute to biodiversity 

conservation. Thus, it is crucial to identify critical areas of soil degradation to provide 

information related to the conservation strategy. Indeed, the identification of area 

susceptible to soil erosion constitute a benchmark for water and soil conservation 

planning (Tadesse et al., 2020). The implementation of soil and water conservation 

measures at the landscape level is important to stop or mitigate rivers, lakes, and 

estuaries' erosion and siltation process (Rinos et al., 2003). However, due to financial 

and organizational constraints, it is difficult to implement conservation measures in 

large spaces in less time (Jhariya et al., 2018). To optimize the economic funds during 

the implementation of ecosystem restoration practices, it is vital to do a careful and 

detailed plan (Aguirre-Salado et al., 2017). Therefore, the watersheds prioritization 

which indicates the order in which different sub-watersheds have to be taken for 

treatment under the soil, and water conservation measures constitute a good 

management strategy to derive the maximum benefit out of any such money-time-effort 

making scheme (Deepak Khare & Dhore 2007; Jhariya et al., 2018). In this context, an 

assessment of the watershed vulnerability to land degradation due to anthropogenic and 

natural factors is done through the application of a spatial modeling approach.  

2.6.1. Soil erosion models 

During the soil and water conservation planning process, the soil erosion models are 

commonly used as decision tools to investigate the physical processes and mechanisms 
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that govern the rate of erosion, identify areas at high risk of soil loss and perform 

scenario analysis of adoption of conservation practices. A distinction is made between 

empirical models (statistical or regression model for instance) that estimate erosion rate 

based on the regression of soil loss with biophysical properties and climatic 

characteristics, conceptual models (partially empirical), and physical (or mechanistic) 

models that simulate the physical process of erosion by solving the fundamental 

equations that describe runoff flow and sediment generation (Espiritu, 1997, Ganasri & 

Ramesh, 2015). However, these quantitatives methods present some shortcomings as 

they require a lot of data which are scarce, especially in developing countries, or they 

are limited to the area for which the method has been developed (Vulević et al., 2015). 

Furthermore, some quantitatives methods of erosion modelling are designed to account 

for one type of erosion and require a large amount of data which restraint their 

application in a data-poor context (Zhang et al., 2020). In consequence, qualitative 

methods have been proposed to address these constraints due to the fact they require 

fewer data, they can be used to assess various types or forms of erosion at the same 

time and to identify priority areas with a high risk of erosion (hotspot) based on the key 

driving factors of erosion process (Zhang et al., 2020).   

Trough the development of GIS techniques and Remote Sensing in recent years, it has 

become possible to analyse the spatial dynamics of soil erosion in conjuction with the 

natural and socioeconomic factors that influence it for a given period (Yahya et al., 

2015). It is also possible to predict the soil erosion rate under different conditions of 

land use (Shi et al., 2004; Guder et al., 2025) through the application of spatially 

distributed models like the Erosion Potential Method (EPM, Gavrilovic, 1988), Revised 

Universal Soil Loss Equation (RUSLE; Renard et al., 1997); the Soil and Water 

Assessment Tool (SWAT; Arnold et al., 1998); the European Soil Erosion Model 
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(EUROSEM; Morgan et al., 1998), and the Water Erosion Prediction Project (WEPP; 

Flanagan et al., 2001) for instance. These models allow the assessment of soil erosion 

spatial variability and they can be used in the planning of conservation measures at the 

landscape scale (Lulseged et al., 2017, Tessema et al., 2020). These models can be used 

to predict the trend of erosion changes in the future by considering the future rainfall 

erosivity (Hateffard et al., 2021), land-use changes (Loukrakpam & Oinam, 2021), and 

impacts of policies which are dynamics factors influencing soil loss by erosion 

(Panagos et al., 2017). 

The Universal Soil Loss Equation (USLE) (Wischmeier, 1987) and its derived version 

(RUSLE) (Renard et al., 1997) are the most popular because of their simple 

computational requirement and factors that are available on-site (Espiritu, 1997). The 

(R) USLE has also advantage as the parameters of this model can be easily integrated 

into a GIS for better analysis (Ganasri & Ramesh, 2015). That’s how they are most 

widely used in soil erosion modeling with a considerable degree of certainty. For 

instance, they are applied during the the assessment of soil erosion spatial variability 

and they can be used in the planning of soil and water conservation measures at the 

landscape scale level (Lulseged et al., 2017, Tessema et al., 2020). 

In the conservation planning process, the R(USLE) model is applied at a very low cost 

and the results are used to provide valuable assistance to decision-makers and land 

planners. More particularly, it helps to simulate evolution scenarios and subsequently 

to target the priority areas that require conservation and erosion control actions. Indeed, 

this model provides a good understanding of the relationships between erosion and land 

management through the analysis of spatial and temporal variability in erosion risk 

(Gashaw et al., 2017).  
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This model is helpfull during the soil erosion susceptibility mapping to identify areas 

at high risk of erosion and assist in prioritizing areas for conservation. Thus, the 

integration of (R)USLE model, GIS, and multi-temporal satellite imagery are 

commonly used to monitor changes in the environment, specifically to assess the rate 

of erosion at local, regional, and global scales. Then, the assessment of spatial 

variability of soil erosion can be done and these data can be used in the planning of soil 

and water conservation measures at the landscape scale level (Lulseged et al., 2017, 

Tessema et al., 2020). It also offers a possibility to predict the soil erosion rate under 

different conditions of land use (Shi et al., 2004), climatic change projection (Hateffard 

et al., 2021, Borrelli et al., 2020), land-use changes (Loukrakpam & Oinam, 2021; 

Panagos et al., 2017; Borrelli et al., 2020), and impacts of policies which are dynamics 

factors influencing soil loss by erosion (Panagos et al., 2017).  

Soil erosion rate can be assessed at different scales ranging from plot level to watershed 

level by applying different empirical, conceptual, and physical models but these 

methods present some shortcomings as they require a lot of scarce data, especially in 

developing countries, or they are limited to the area for which the method has been 

developed (Vulević et al., 2015). Moreover, the quantitative method is designed to 

account for one type of erosion and requires a large amount of data which contains their 

application in a data-poor context (Zhang et al., 2020). For instance, the RUSLE model 

has been criticized for "its inability to account for soil loss from gully erosion, mass 

wasting events, or predicting potential sediment yields to streams" (Benavidez et al., 

2018).  Thus, qualitative methods have been proposed to address these constraints as 

they require fewer data, they can be used to assess the different types of erosion at the 

same time and identify priority areas with a high risk of erosion based on the key driving 

factors of erosion process (Zhang et al., 2020). Therefore, a combination of both 



46 
 

quantitative and qualitative approaches is often recommended for systematic 

conservation planning (Berliner, 2009). In this context, a rule-based modeling approach 

that integrates both quantitative analyses with qualitative expert judgments can be used 

to overcome the data scarcity challenge and to facilitate the incorporation of local and 

expert knowledge (Berliner, 2009). The integration of experts' judgments in an MCDA 

model can provide a rapid and cost-effective approach to identifying priority areas for 

conservation, performing land suitability maps, and assessing the vulnerability of land 

to degradation (Amdihun et al., 2014). In this context, this study will attempt to develop 

an MCDA-based model for zoning the physical land degradation at the landscape level 

and using erosion as a proxy of land degradation. 

2.6.2. Status of soil erosion modeling for conservation planning in DR Congo          

Different scholars have attempted to assess the erosion phenomenon through the 

modeling approach in DR Congo using the RUSLE model, Remote Sensing data, and 

GIS (Karamage et al. 2016; Tshikeba et al. 2018; Nacishali, 2021, Eisenberg & 

Muvundja, 2020, Chuma et al., 2022b). However, there is limited information about 

the patterns of the Spatio-temporal dynamic of soil erosion under different conditions 

of land-use change in mountainous areas of eastern DR Congo despite that it being 

reported as the primary cause of accelerated soil erosion during the 21st century is 

human activity and related land-use change (Borrelli et al., 2017). Unfortunately, there 

is a paucity of data on the impact of possible future land-use changes on water erosion 

in DR Congo. In addition, the impact of landscape structure on soil erosion dynamics 

has not been assessed yet despite that this information is crucial for conservation 

planning to cope with the problem of erosion. This lack of information leads to some 

uncertainty in the management of natural resources in DR Congo. Therefore, it is 

necessary to estimate the spatial-temporal dynamic of soil erosion under different 
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scenarios of land-use change, climate projection, and management practices to identify 

priority measures for soil conservation planning in DR Congo.   

2.7. MCDA approach as a tool for land evaluation    

The land evaluation is defined as the process of predicting land performance, potential, 

and limitations for changing use over time according to specific types of use to guide 

strategic land use during the decision-making process (Nwer, 2005, Gebre et al., 2021). 

It includes the land suitability, land potential or capability analysis and land 

vulnerability analysis which are necessary in the spatial planning process for allocation 

of land to a specific use.  

The determination of land suitability or land use potential implies the use of a range of 

biophysical and socio-economic information, the identification of criteria, their 

ranking, as well as an evaluation of the influencing factors before a decision can be 

made. The above steps are handled through a Multi-Criteria Decision Analysis 

(MCDA) approach based on qualitative and quantitative data. The integration of 

biophysical and socio-economic factors known to influence the future land use 

allocation in a GIS-based MCDA model can constitute a valuable tool in modeling 

future land use scenarios for resource planning and management (Nyeko, 2012, 

Kouriati et al., 2024). The prediction of the potential and limitation of land for changing 

use is necessary as it can guide strategic land-use decision-making (Nwer, 2005, Gebre 

et al., 2021) and prevent adverse impacts on natural resources.  

The application of a quantitative approach in conservation planning can be challenging 

due to the paucity of available environmental data. Therefore, a combination of both 

quantitative and qualitative approaches is often required for systematic conservation 

planning of natural resources (Berliner, 2009). In this context, a rule-based modeling 
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approach, like the MCDA approach, which integrated both quantitative analyses with 

qualitative expert judgments can be used to overcome the data scarcity challenge and 

to facilitate the incorporation of local and expert knowledge (Berliner, 2009). The 

integration of experts' judgments into an MCDA approach, which takes into account 

both direct biophysical and socio-economic factors in the land evaluation, can provide 

a rapid and cost-effective tool for identifying priorities areas for conservation, to 

perform land suitability analysis (Nwer, 2005) and to assess the effectiveness of land 

degradation responses for enhanced land use planning and restoration strategies (Pandit 

et al., 2020).  

The MCDA is a valuable tool for decision-making in a data-poor context as it seeks to 

find a compromise solution that satisfices decision makers rather than an illusory 

optimum solution (Farashi et al., 2016).  There are various ranges of MCDA approaches 

that have been applied around the globe to address different problems and to make the 

best decision in natural resource and environment management. However, the 

Analytical Hierarchy Process (AHP) was highlighted as one of the best MCDA 

approaches (Mardani et al., 2015). AHP involves the identification of criteria, their 

weighting and a paired comparison of criteria based on expert knowledge to derive a 

priority scale (Saaty, 2008). This method is robust, requires data that is easily obtained, 

and constitutes a flexible decision-making tool that can be used to find solutions to 

multi-criteria problems. It has been widely used in land resource use planning (Nyeko, 

2012, Kouriati et al., 2024), land suitability analysis for the implementation of forest 

landscape restoration initiatives (Kadan et al., 2021), land suitability analysis for the 

implementation of agriculture (Herzberg et al., 2019), land degradation vulnerability 

analysis (Amdihun et al., 2014, Sandeep et al., 2021, Yadav et al. 2022, Mzuri et al. 

2022, Tolche et al. 2022) and prioritization of conservation planning (Abuzaid et al., 
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2021). However, the MCDA is often criticized for arbitrary criteria selection and 

weighting based on experts' judgments as experts often differ in judgments and the 

accuracy of their judgment may also be difficult to determine (Berliner, 2009).   

2.8. Theoretical and conceptual framework  

2.8.1. Theoretical framework  

Two theories related to the modification of the land degradation process are employed 

in this study: the system theory and the decision theory. 

2.8.1.1. System Theory for conservation planning 

The system theory is based on system thinking and considers the region as a system 

composed of different but connected components which are in constant flux (Checkland 

1994; Faludi, 2013; Margules & Pressey, 2000). The relationship between the different 

components is dynamic, thus creating a positive or negative effect on the community. 

Therefore, from a planning perspective, the planner has a function to understand the 

relationships between the different components so that he can be able to guide, control 

and change their composition in specific ways to achieve certain objectives. To do this, 

the planning process is concerned with the prediction of the behavior of the system. For 

an effective control of the system, it is advisable to consider it as a whole, so that its 

dynamism can be controlled. An understanding of the system is important as it helps 

the planner to anticipate its dynamics holistically and plan accordingly (Hersperger, 

1994; Faludi, 2013). In fact, in the system approach,  there is an emphasis on the 

interactions between the components of the system and their interrelations by 

considering that everything is related to everything else. Based on this principle, it 

become possible to theorize and predict the dynamics of a system through the 

application of models which take into account the totality of elements (components) in 

the system under study, as well as their interaction and interdependence. It is in this 
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context that the landscape scale spatial and conceptual models can be developed for 

conservation planning purposes. For instance, the systematic conservation planning 

(the process of locating and managing conservation zones with explicit objectives) 

constitutes an example of the application of the system approach (Margules & Pressey, 

2000). This conservation planning approach can be used to identify new potential areas 

for conservation and to assess the effectiveness of existing protection measures 

(Hersperger, 1994; Margules & Pressey, 2000). It has been applied in the conservation 

of natural resources including water, soil, forest, and biodiversity.  

The main advantage of the systems approach is that it gives a holistic view of the 

phenomena under study even in complexe landscape. Thus proving as an objective, 

transparent, and goal-oriented technique for conservation planning. However, the 

application of this approach requires a lot of data to model the system. The availability 

of low-cost satellite images constitutes an opportunity to apply the system approach for 

conservation planning in regions where data are scarce. Therefore, in this study, the 

system approach will be used to develop models of land degradation which take into 

account both the biophysical and socio-economic variables as independent variables to 

predict the most vulnerable area to land degradation where conservation actions should 

be prioritized at the landscape level in Eastern DR Congo.  

The quantitative assessment of land degradation through geospatial and modeling 

approaches is necessary to control and manage the problem of land degradation at a 

landscape level. It is in this perspective that an assessment of land degradation that take 

into account all the dimension of ecological status and trend can be done based on the 

system theory of thinking. More specifically, the DPSIR (drivers, pressure, state, 

impact, response) approach (Carr et al., 2007; Obubu et al., 2022; Zhao et al., 2023) 
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can be applied to determine the drivers and impacts of environmental changes (LULC 

change and land degradation for instance) on the community livelihoods at landscape 

level in the study area to suggest sustainable mitigation measures. In this context, the 

landscape is considered an open system that can be well understood only if all the 

components of the system are considered. Therefore, this study will focus on the 

ecosystem theory (Müller, 1997) which is one of the landscape ecology theories for a 

quantitative assessment of land degradation at a landscape scale level.   

The landscape ecological approach focuses on the interrelation and heterogeneity of 

different components which define the landscape (Hersperger 1994; Menon & Bawa, 

1997; Lee et al., 2009). In this approach, the landscape is characterized by three 

attributes: the structure of the landscape which represents the component of the 

ecosystem and refers to the variation of composition and configuration of the 

components of the landscape, the function that represents the flow of energy and 

material among the component of the system and the change representing the variation 

of the composition and function of the ecosystems over time (Walz, 2011). The 

landscape structure dynamics has an impact on the flow of ecosystem services (Hasan 

et al., 2020). As a result, there can be a degradation or aggradation of the land due to 

the changes in landscapes structure (composition and configuration). These changes 

can be apprehended by considering the landscape metrics or index. Therefore, it is 

possible to assess the relationship between the landscape structure and the land 

degradation dynamics. In the context of conservation planning, this study develops 

models to assess the relationship between the landscape characteristics, ecosystem 

service value, and soil erosion at a landscape scale level in eastern DR Congo. The 

developed models are essential in determining the optimal landscape structure and 

composition which can be adopted during the planning process to enhance the 
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ecosystem service value and reduce the land degradation vulnerability in general and 

soil loss by erosion, in particular at the territorial level in this region.  

2.8.1.2. Decision Theory for conservation planning 

The decision theory is a set of methods or organized approaches for reaching optimal 

decisions by taking into account the uncertainty related to the initial conditions of the 

decision problem, the choice of actions to solve that problem, and the consequences of 

actions considered (Hansson, 1994). This theory requires clearly stated objectives, 

decision alternatives, and outcomes to allow the separation of values such as 

conservation and other societal objectives from beliefs. It can be applied in the domain 

of conservation and management of natural resources as they imply to make decisions 

on appropriate actions from a range of options (Dee & Gerber, 2012). For instance, the 

decision-makers need to know effective conservation actions by distinguishing the 

actions which work and the one that does not work.  This assesment can be done through 

scenario planning (Amer et al., 2013). It constitutes an effective tool to make 

conservation decisions about how, when, and where to act based on our expectations 

for the future. It consists in using a set of contrasting scenarios or potential future 

conditions to explore the uncertainty surrounding the future consequence of a decision 

in a decision-making process (Peterson et al., 2003). The utilization of scenario 

planning is beneficial for conservationists as it increases the understanding of key 

uncertainties, helps to incorporate alternative perspectives into conservation planning, 

and presents greater resilience of decisions to surprise (Dee & Gerber, 2012; Peterson 

et al., 2003). The steps in the implementation of scenarios planning include the 

identification of central issues or problem, the assessment of the system, the 

identification of key alternatives, and the development of the alternative to building 

scenarios or predictions about what would happen if different future conditions came 
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to be, testing scenarios and screen policies by selecting the plan which is more resilient 

based on the tested scenarios (Peterson et al., 2003). In the context of this study, based 

on the decision theory, the soil erosion dynamic under different LULC and conservation 

practices scenarios will be analyzed to determine the effective conservation option to 

be adopted. Furthermore, there is competition between different land uses options 

(agricultural production and conservation of forest for instance) in the highland of 

eastern DR Congo. To make an informed decision about the optimal land use allocation 

to either production or protection, this study relies on the decision theory to perform 

the land suitability analysis to determine the priority area for implementation of 

landscape restoration initiatives by using an MCDA approach. 

2.8.2. Land degradation analytical framework 

To understand the cause, and consequences and to provide mitigation measures for land 

degradation, this study will rely on a set of frameworks which include the sustainable 

development framework, the land degradation neutrality framework, the DPSIR 

framework, and the IPCC vulnerability assessment framework.  

2.8.2.1. Sustainable development framework 

The need to prevent land degradation and to restore the degraded land is of global 

concern. Therefore, since the Rio+20 conference in 2012 to the adoption of UN 

sustainable development goals in 2015, there is an am emphasis to tackle the land 

degradation problem which has increased. The restoration of degraded land is important 

as it presents many benefits such as the improvement of food security, the improvement 

of resilience to climate change, and biodiversity conservation. It is in line with the 

above that the combat against land degradation and desertification has been listed as 

goal 15 of the United Nations 2030 Sustainable Development Agenda. SDG 15 is to: 

"Protect, restore and promote sustainable use of terrestrial ecosystems, sustainably 
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manage forests, combat desertification, and halt and reverse land degradation and halt 

biodiversity loss" (Mohieldin & Caballero, 2015). More specifically, target 15.3 of this 

goal aims to: "By 2030, combat desertification, restore degraded land and soil, 

including land affected by desertification, drought, and floods, and strive to achieve a 

land degradation-neutral word". To monitor the progress toward this goal, the 15.3.1 

indicators ("Proportion of land that is degraded over the total land area") are used. 

Furthermore, SDG 15.4.2 which refers to the green cover index (Proportion of green 

cover) in mountainous landscapes constitutes a proxy for assessing the progress of 

conservation actions in highland landscapes which are prominent in Eastern DR Congo. 

From a conservation planning perspective, these indicators can be put in to assist in 

tracking the progress of land mitigation initiatives such as the REDD+ mechanisms 

through which the DR Congo has made commitment to stabilize its forest cover to 

63.5% of the national territory by 2030 and to ensure that the Land Degradation 

Neutrality (LDN) will be reached by the year 2030. In addition to that, in the year 2022, 

through the 2022 UN biodiversity conference (COP 15), DR Congo adopted the post-

2020 Global Biodiversity Framework (30 by 30 plan). This plan implies that, by the 

year 2030, there will be effective conservation and management of 30% of the world's 

lands, inland waters, and oceans, and the restoration of at least 30% of natural 

ecosystems. Currently, the DR Congo has made progress toward the conservation of its 

natural resources as 12% of its land has been converted to protected areas at a national 

level (Butsic et al., 2015). However, to reach the 30% percent target by the year 2030, 

an investigation of priority areas for conservation is needed and the effectiveness of 

conservation action should be assessed.  In this context, the assessment of the land 

degradation status through a modeling approach constitutes assets to investigate the 



55 
 

land condition and to predict its future pattern so that conservation actions can be 

implemented to ensure that the country aligns with the Sustainable Development Goals.  

2.8.2.2. Land degradation neutrality (LDN) framework  

Land Degradation Neutrality is defined as "a state whereby the amount and quality of 

land resources necessary to support ecosystem functions and services and enhance food 

security remain stable or increase within specified temporal and spatial scales and 

ecosystems" (UNCCD, 2016). The goal of Land Degradation Neutrality has been 

ratified in 2015 by the United Nations General Assembly as target 15.3 of the 

Sustainable Development Agenda which state: "By 2030, combat desertification, 

restore degraded land and soil, including land affected by desertification, drought, and 

floods, and strive to achieve a land degradation-neutral world" (UN, 2017). The 

UNCCD has proposed that land degradation neutrality (LDN) should be integrated into 

the planning processes to avoid degradation in the land which are not degrading, 

implement sustainable management practices to reduce ongoing degradation, and 

reverse past degradation through restoration and rehabilitation practices in the land 

already degraded (Cowie et al., 2018; Sims et al., 2021; Feng et al., 2022). In a 

hierarchical perspective, the priorities of LDN imply avoiding, reducing, and reversing 

land degradation so that there is no net loss of the land-based natural capital between 

the baseline (reference’s time, t0 ) and the target date (t1 which is set to the year 2030 

which is the target date to achieve the SDGs) (Cowie et al., 2018). However, an 

inappropriate decision about land use or natural resource use that does not take into 

account the biophysical, and socio-economic aspects and their interactions can lead to 

the poor decision in the planning processes. Consequently, inappropriate land use 

allocation contributes to land degradation.  
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2.8.2.3. Driver-Pressure-State-Impact-Response (DPSIR) framework  

The DPSIR framework was established by the European Environment Agency (EEA) 

in 1991 to provide an integrated approach that enables the policymaker to have 

feedback on environmental quality and impact resulting from political choices based 

on different indicators (Kristensen, 2004; Agyemang et al., 2007; Obubu et al., 2022). 

This framework assumes that causal-effects links is starting from the driving forces of 

environmental changes (biophysical and socio-economic factors which contribute to 

the increase or mitigation of pressure on the environment) through pressure (a set of 

proximate causes or direct anthropogenic pressure on the environment) to states 

(current state and condition of the environment determined by the extent and magnitude 

of land degradation) and environmental impacts (biological, social and economic 

effects of environmental changes on human and ecosystem) which can lead to 

responses (choices or what the society perceive that should be done, improved or 

mitigate to have a better environment) (Kristensen, 2004; Agyemang et al., 2007). The 

DPSIR framework constitutes an environmental impact assessment tool and it is useful 

for the establishment of environmental policies. This model is particularly useful in the 

assessment of land degradation (Agyemang et al., 2007; Gessesew, 2017; Zhao et al., 

2023) and has implications for the elaboration of sustainable land management policies 

(Obubu et al., 2022). The DPSIR framework is illustrated on figure 2.2. 
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Figure 2.2: DPSIR framework for land degradation assessment. 

Sourceː adapted from Kristensen (2004)  

 

2.8.2.4. IPCC vulnerability assessment framework 

The Intergovernmental Panel on Climate Change (IPCC) defines vulnerability as "the 

propensity or predisposition to be adversely affected” (Sharma et al., 2019). In their 

framework of vulnerability assessment (IPCC 2007; IPCC 2014) they consider 

vulnerability as a function of exposure, sensitivity, and adaptability (Sharma et al., 

2019; Yu et al., 2021). The IPCC framework for vulnerability assessment was found to 

be useful in the identification of drivers of vulnerability and to find a way to reduce this 

vulnerability by acting on the drivers (Sharma et al., 2019). This framework has been 

used in many studies for the assessment of vulnerability to natural disasters (hydro-

meteorological and geological) (Sharma et al., 2019, Zhao et al., 2020). The application 

of this approach has been found useful in the assessment of the spatial variability of 

vulnerability to natural disasters and the prioritization of actionable areas for adaptation 

(Sharma et al., 2019; Zhao et al. 2020). Although there are some advances in the 

assessment of land degradation risk, von Keyserling et al. (2023), based on an extensive 

review of literature on the approach for assessing the land degradation risk, found that 
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there is currently no consistent conceptual framework for the assessment of land 

degradation risk. She advocates that a clear distinction between the different 

components of risk (hazard, vulnerability and risk) should be done during the 

assessment of land degradation as these concepts (hazard, vulnerability and risk) were 

used interchangeably in the previous studies. In this study, we will focus on the IPCC 

framework to develop a model for the assessment of land degradation vulnerability at 

the landscape level in the study area. Land degradation vulnerability is defined as the 

susceptibility of an area to lose productivity (Sandeep et al., 2021) due to a synergy of 

biophysical and socio-economic factors. It refers to the degree to which the land is 

suspected to be affected given the risk exposure. In the context of this study, we focused 

on the physical land degradation processes and adapted the IPCC concept to land 

degradation vulnerability assessment as follows: the risk exposure was defined as the 

degree to which the land and communities are exposed to the impact of ongoing 

physical degradation processes such as erosion, landslides, and flooding. Sensitivity is 

defined as the degree to which they could be harmed by that exposure considering the 

biophysical factors of vulnerability and adaptability as the capacity to respond, adapt, 

or reduce the exposure or sensitivity considering the socio-economics factors of 

vulnerability. Following the approach adopted by Zaho et al. (2020), in this study, the 

socioeconomic factors and accessibility factors are considered indicators of adaptability 

while the biophysical factors are considered indicators of sensitivity, and the risk of 

erosion is considered the indicator of exposure to define the overall land degradation 

vulnerability.      

2.8.3. Conceptual framework 

The framework of this study (Figure 2.3) is based on the system theory in general and 

the landscape ecological approach in particular. It considers that the land degradation 



59 
 

(dependent variable) is caused by a synergy of biophysical and socio-economics factors 

(independent variables) which constitutes also the underlying drivers of landscape 

pattern (LULC dynamics and landscape structure) but its effects (alteration of 

ecosystem service and acceleration of dynamic of earth surface processes) can be 

accentuated or attenuated through the adoption or no adoption of appropriate policies 

actions against land degradation such as the implementation of sustainable land use 

management, adoption of conservation measures, landscape restoration and appropriate 

land use allocation (intervening variables). These variables are interconnected and 

constitute the component of a system that can be modeled to assess the outcomes of 

land use management options under different scenarios ("What if scenario” and 

“business as usual scenario”) for conservation planning purposes (identification of 

priority area for conservation, sustainable land use planning, determination of best 

conservation options). 

 

 

Figure 2.3: Conceptual framework of the study.  
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The definition and relation among the key concepts are presented below:  

The landscape is a mosaic of ecosystems that can be represented by different LULC 

type and their spatial heterogeneity. The spatial arrangement, shape, and proportion of 

the ecosystem or LULC type represent the landscape pattern. The change in landscape 

patterns can affect the supply of ecosystem services. This change implies a flow of 

energy and matter between the human development systems and the environmental 

systems (Liu et al., 2020). Therefore, the resurgence of anthropogenic disturbance in 

the ecosystem can result in the alteration of ecosystem services and acceleration of the 

dynamics of the earth's surface processes. This degradation is the resultant of a synergy 

of natural causes (biophysical factors) and anthropogenic causes (socio-economic 

factors). The understanding of these causes and their interactions is essential for 

identifying appropriate policy actions to cope with the problem of land degradation. 

The non-adoption of these actions against land degradation will result in the 

acceleration of land degradation and its impacts on both human well-being and the 

environment. The ultimate goal of this framework is to develop models that predict the 

outcomes of the interactions among these factors based on the system theory in general 

and the landscape ecological approach in particular. 

The landscape ecological approach refers to the pattern of the ecosystem, their 

interactions, the effect of these interactions on ecological processes, and the effects of 

spatial heterogeneity of these interactions (Grober-Dunsmore et al. 2009; Halbac-

Cotoara-Zamfir et al. 2022).  It is in this context that this study focuses on the analysis 

of the effects of the conversion of natural ecosystems (natural forest landscape for 

instance) into human-dominated systems such as agriculture, bare land, and human 

settlements expansion in eastern DR Congo. This transformation of the natural forest 
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ecosystem due to anthropogenic activities is likely to alter the landscape in both the 

composition (LULC area) and the configuration (spatial pattern of patches). This 

landscape transformation affects the provision of ecosystem service and dynamics of 

the earth's surface processes such as erosion, surface water runoff, and sedimentation.  

The understanding of the landscape transformation due to anthropogenic and 

biophysical factors as well as the response of the earth's surface processes to landscape 

pattern change and changes of ecosystem service in response to LULC dynamics can 

be apprehended through the system theory by considering that everything is related to 

everything else. It is in this framework that this study will develop realistic models for 

predicting the susceptibility of the transformation of natural forest landscape into the 

anthropogenic landscape as well as the response of earth surface process (erosion) and 

ecosystem service to this landscape transformation under different land use 

management scenarios (“scenario of adoption of conservation options” and “business 

as usual scenario”). These models can be applied in the planning process to identify 

priority areas for the implementation of landscape restoration initiatives, determine the 

most effective options for soil and water conservation, and determine the optimal 

configuration of the LULC for controlling the land degradation process.  The outcomes 

of these model are essential for Sustainable Land Use Planning which consist of the 

selection of the appropriate land use allocation for a given biophysical and socio-

economic conditions to achieve Sustainable Land Management.  

Sustainable Land Management is the use of land resources (soil, water, biodiversity) in 

a way to maximize the production of goods and services to meet the needs of human 

beings while maintaining the long-term productivity of the land and enhancing their 

environmental or ecological support functions (Woodfine, 2009). The implementation 
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of the sustainaible land management system is essential for reducing the vulnerability 

to land degradation, restoring or rehabilitating degraded land, and ensuring the 

sustainable use of land resources.  
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CHAPTER THREE                                                                                            

MATERIALS AND METHODS 

3.1. Introduction 

The previous chapter provided general information about the research topic and the 

theoretical and conceptual framework of the study. This chapter presents the study area 

and the methods that was adopted to reach the assigned objectives and to provide 

responses to the research questions outlined in chapter 1. This chapter is subdivided 

into two parts. The baseline information about the geographical and geological context 

of the Kalehe territory is first presented to justify its selection as a case study. Secondly, 

the research design, the data source, data tools, and the analysis approach adopted to 

solve the research question are detailed. Due to the complexity of the land degradation, 

a mixes approach combining remote sensing, GIS modeling, land users’ perspectives 

through the semi-structured interview, and spatial modeling were used. 

3.2. Study Area Description  

3.2.1 Location of the study area 

The Territory of Kalehe is located in the South Kivu province of the Democratic 

Republic of Congo. It is bounded in the north by the province of North-Kivu (territories 

of Masisi and Walikale), in the east by Lake Kivu, in the west by the territory of 

Mwenga, and in the south by the territory of Kabare (Figure 3.1). It is the 4th territory 

of the province in terms of area which is 5057km2 representing 8% of the South-Kivu 

province surface. It is subdivided into two collectivities (chiefdoms) namely Buhavu 

and Buloho. The Buhavu chiefdom (collectivity) encompasses most of the territory with 

an area of 3535.25km2. It is made up of 7 administrative groups (Groupement) which 

are Buzi, Kalima, Kalonge, Mbinga North, Mbinga Sud, Mubugu, and Ziralo villages. 

The collectivity of Buloho is made up of 8 administrative groups (Bitale, Ndando, 
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Mulonge, Lubengera, Munyandjiro, Bagana, Musenyi, and Karali villages) and which 

covers only a small portion of the territory in its central part, representing some 

546.52km2. 

 

Figure 3.1: Localization of the study area.  

For planning purposes, the territories of DR Congo are subdivided into health zones or 

health areas which represents a catchment comprising a population of approximately 

50,000 to 100,000 people in rural areas and 100,000 to 250,000 people in urban areas. 

The health zone constitutes in the DR Congo the basic operational level for the 

organization, planning and development of health activities and humanitarian actions. 

A health zone is a well-defined geographical space, included within the territorial limits 

of a municipality or territory. The territory of Kalehe was subdivided into four health 

zone namely the Kalehe, Bunyakiri, Kalonge, and Minova. For this study, the analysis 

was done at the territorial level considering all territory of Kalehe and at a sub-territorial 

level, the health zones were considered as a case study. 
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3.2.2. Climate 

The climate of the Kalehe territory is tropical but moderated by the altitude (Subtropical 

highland climate). It is characterized by the annual temperature ranging from 18 to 22oC 

(USAID, 2018) and the annual rainfall varying between 1284 and 1970mm with a mean 

of 1720mm± 145mm according to Wordclim data. The high precipitation regime is 

observed in the high plateau characterized by an altitude greater than 2000m in the 

eastern and southern parts of the territory where the annual precipitation rainfall is more 

than 1700mm. The climate is characterized by two seasons: the rainy season and the 

dry season (USAID, 2018). The region is characterized, especially in the Lake Kivu 

basin by a bimodal climate with two rainfall seasons per year. The first rainy season 

goes from March to May and the second from September to December (Karamage et 

al., 2016). In this region, there are 2 growing seasons: season 'A' which goes from 

September to December, and cropping season 'B' from February to May, and a short 

intermediate season from June to August favorable to market gardening (Blomme et 

al., 2020). 

3.2.3. Soil  

About the soil group classification of the Food and Agriculture Organization 

(Nachtergaele, 2017), three groups of soils characterized by different degrees of 

weathering are identified in the Kalehe territory: the acrisols characterized by 

subsurface accumulation of low activity clays and low base saturation, the ferrasols 

which are deep and strongly weathered soils with a chemically poor, but physically 

stable subsoil and cambisols which are weakly to moderately developed soils.  

3.2.4. Vegetation and Biodiversity 

Formerly, the territory of Kalehe was covered by diversified vegetation going from the 

meadow, and savannah to the dense forest. However, with the population explosion 
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invading any natural forest in search of land for cultivation and pasture for livestock, 

there is deforestation leaving behind grassland and shrubs. The Kalehe territory is part 

of the Maiko-Tayna-Kahuzi-Biega ecological landscape. It contains the eastern part of 

Kahuzi-Biega National Park, a UNESCO World Heritage Site since 1980 (Kabonyi et 

al., 2011) and the southern part of the Forest Reserve of Sud-Masisi. The forest cover 

of the Kahuzi-Biega National Park is characterized by a stratified vegetation according 

to the variation of altitude (elevation). This national park surrounds the territory of 

Kalehe in its western and southwestern parts (Bunyakiri). The territory of Kalehe 

comprises high biological diversity area including the ecosystems of Lake Kivu and the 

ecological corridor of the Kahuzi-Biega National Park. These ecological landscapes are 

localized in the Albertine rift region (Western branch of East African Rift), one of the 

hotspots of biodiversity in Africa (Stattersfield et al.,1998; Burgess et al., 2004), which 

is home to endangered species such as lowland gorillas (Gorilla beringei graueri), 

chimpanzee (Pan troglodytes), and forest elephants (Loxodonta africana) as well as a 

rich and diverse flora (Crawford, 2017).  

3.2.5. Geology  

The geology of the Kivu region is characterized by Proterozoic formations and 

Phanerozoic covers (Ilunga., 1991, Lefévère, 2003). Proterozoic formations include 

those of the Ubendian-Ruzizian range (Paleoproterozoic); those of the Kibarian chain 

(Mesoproterozoic) and those of the Synclinorium chain of Itombwe (Neoproterozoic). 

The Phanerozoic formations include sedimentary covers and volcanic formations. In 

the territory of Kalehe, the alkaline complex and metasedimentary formations from the 

Itombwe synclinorium are characteristics of the Neoproterozoic. In this area, the 

Neproterozoic formation is essentially constituted by shales, diamictites (sedimentary 

rocks of glacial origin), and quartzites. The Mezoproterozoic formations are 
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predominant in the area. They are constituted by the metasedimentary rocks of the 

Kibarian age, including pelites and quartzopelites, granite intrusions, and ring dykes. 

The Paleoproterozoic formations are located only in the western part of the territory. 

The Precambrian basement of Kalehe is composed of rocks such as schist, shale, 

sandstones, quartzite, granites, amphibolite, diorite, and pegmatite. The Phanerozoic 

formation of Kalehe is constituted by volcanic formations of the Cenozoic age 

belonging to the volcanic area of Cibinda-Kalehe in the East and the volcanic area of 

Kahuzi-Biega in the West (Ilunga, 1991). In the Cibinda-Kalehe area, the Cenozoique 

volcanic formation is constituted by basaltic rocks associated with the extension of the 

rift while the Kahuzi-Biega Massif is constituted by rhyolite and trachytes rocks.  

3.2.4. Geomorphology 

The relief of Kalehe is very rugged, such is characteristic of the western regions of the 

Kivu rift of the Democratic Republic of Congo. The relief is dominated by unevenness 

including mountains, hills, plateaus, steep slopes, and marshes that are crossed by 

streams. One can find small flat surfaces that are at the edge of Lake Kivu at the low 

bottom of towards the Western slopes of Mount Mitumba. The mountains of the 

Kahuzi-Biega surround the territory of Kalehe in its western part while the northern 

part is characterized by high plateaus (altitude >2000m) as opposed to the low plateaus 

(altitude <2000m) which border Lake Kivu to the east. Finally, in the southwestern part 

of the territory (Bunyakiri), there is a mountainous area adjacent to the Kahuzi-Biega 

Park. The geomorphology of this region is linked to the formation and evolution of the 

western branch of the Eastern African Rift. Therefore, the Kalehe territory is crossed 

by NE-SW oriented faults (Albertian orientation) and NW-SE oriented faults 

(Tanganyikian orientation) characteristic of the western branch of the East African Rift 
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(Ilunga, 1991, Lefévère, 2003). Additionally, there is an occurrence of N-S oriented 

fault in this territory. 

3.2.6. Hydrology and drainage  

The Kalehe territory is characterized by a high drainage density (Figure 3.2).  

 

Figure 3.2: Channels network and drainage basins of the Kalehe Territory.  

Apart from Lake Kivu, the territory of Kalehe benefits from a very rich hydrographic 

network of watercourses, some of which constitute the real exploitable potential for the 

production of electricity. Based on the analysis of SRTM-DEM, 59 hydrological basins 

(watersheds) were delineated in the Kalehe territory (Figure 3.2). These watersheds 

vary in size, stream order, and stream density as illustrated on Figure 3.2 and Table 3.1. 

The minimum size area of watershed is 1.35km2 while the maximum is 1289.46km2. 

The cumulative stream length of the entire territory of Kalehe is 1759.35km for an area 

of 4152.33km2, implying that the drainage density at territorial level is about 
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0.42km/km2. These watersheds have about 742 streams which vary in term of stream 

order ranging from 1 to 5 following the Strahler classification. The number of stream 

(stream count) and stream length of the same order decrease with the increase of stream 

order (Table 3.1). 

Table 3.1: Stream number and stream length for the Kalehe territory.  

Stream order 1 2 3 4 5 Grand Total 

Stream number 400 186 99 30 27 742 

Stream length 913.18 469.93 254.66 68.12 53.46 1759.35 

 

3.2.8. Population and Demography 

The Kivu region, located in the eastern DR Congo, is characterized by a high population 

density reaching 300 inhabitants/km2 compared to the western part which has a density 

of around 30 inhabitants/Km2 (Ngeleza, 2012). However, this population is unequally 

distributed spatially in this region. This population is concentrated along the coastal 

zone of Lake Kivu in the eastern part of the territory and the central part of the territory 

due to road accessibility and diversity of economic activities. However, the western 

part of the territory has the lowest population density due to the dense forest coverage 

(National Park of Kahuzi-Biega), inaccessibility, and insecurity. The total population 

is estimated, according to 2020 statistics of the population projected based on the 1984 

census (the last which has been done at the country level), to be 856819 people who are 

inequally distributed in four health zones namely Kalehe, Bunyakiri, Kalonge, and 

Minova (Table 3.2). The annual increase rate of population in this territory is 3.3%1.  

 

 

                                                 
1 https://data.humdata.org/dataset/rdc-statistiques-des-populations, accessed on 30 May 2022 
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Table 3.2: Population distribution per health zone in Kalehe territory.  

Health zone Population 2019 Population 2020 Population 2021 Population 2022 

Bunyakiri 223614 230993 238616 246490 

Kalehe 177160 183006 189045 195283 

Kalonge 168000 173544 179271 185187 

Minova 260674 269276 278162 287341 

The population of Kalehe is divided into six main communities: the Bahavu, the 

Batembo, the Barongeronge, the two Rwandophone communities (Hutu and Tutsi), and 

the Batwa (or Bambuti or Pygmies). The Rwandophones live in the high plateaus where 

the climatic conditions are favorable for their pastoral activities (raising cattle), while 

the other communities more generally live in the low plateaus: the Batembo are largely 

found in Bunyakiri, the Bahavu are mainly located in the low plateaus and the Batwa 

are scattered throughout the territory, but mainly in areas far from major centers. 

Finally, the Barongeronge lives in the Kalonge area, south of Bunyakiri. Note, however, 

that North Kivu communities such as Bahunde are also found in the territory of Kalehe, 

(mainly in Minova). Bashi and Barega populations are also present in the major 

agglomerations of this territory.  

3.2.9. Economics activities  

Agriculture, livestock, petty trade, and fishing are the main economic activities of the 

Kalehe territory. Currently, agriculture mainly concerns cassava, peanuts, beans, and 

oil palm. Small livestock is widespread throughout the territory, while the breeding of 

large livestock (cows) is currently a specificity of the high plateau. As for fishing, it is 

mainly done by the Bahavu populations of the territory's coast. As regards small-scale 

operations, the exploitation of wood is highly developed in the forest parts of Bunyakiri 

and Kalonge, while the exploitation of minerals such as cassiterite, gold, and coltan is 

carried out in several sites spread over the territory but particularly concentrated in the 

high plateaus of Kalehe (Numbi, Shanje, Nyabibwe, Katasomwa, Nyawaronga). The 
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wood is mainly transported to the markets of Bukavu, while the minerals are brought 

either to Goma or to Bukavu depending on the origin of the traders and the agreements 

often contracted by these traders with the various purchasing counters in Goma and 

Bukavu. However, the isolation from which the territory of Kalehe suffers constitutes 

a serious disadvantage on the economic level: two national roads cross the territory, 

namely National Road 2 which connects Bukavu to Goma via the east of the territory 

of Kalehe (Groupements of Mbinga South, Minga North, and Buzi) and National Road 

3 (NR 3) which connects Bukavu to Kisangani and crosses the western part of the 

territory (Bunyakiri and Kalonge). However, these two roads are in very poor condition.   

3.2.10. Contextualization of land degradation in Kalehe territory  

The territory of Kalehe, in the Eastern DR Congo, is full of numerous natural resources 

including forest land, wildlife biodiversity, fisheries resources, arable lands, and 

minerals resources. However, the overexploitation of these resources following the 

population growth, the aggressiveness of the climate coupled with the mountainous 

relief characteristic of the East African Rift region as well as the change in land use, 

make this territory vulnerable to land degradation problems. As a result, there is an 

increase in problems of erosion, landslides, and flooding in this area with catastrophic 

impacts. As an illustration, following heavy rains which fell between 2nd and 5th May 

2023 in Luzira, Bushushu, Chabondo and Nyamukubi villages in Kalehe territory, the 

Lukungula rivers, Kabushungu and Kanyunyi came out of their beds as a consequence 

of high surface water runoff and heavy river siltation, leading to flooding, sinking mud 

and stones in the villages. This catastrophic flash flood event coupled with landslides 

and erosion led to the death of at least 411 people and the destruction of nearly 3,000 



72 
 

houses and six schools in Kalehe territory2 . Furthermore, soil degradation through 

water erosion remains a danger for agricultural production in this area (Heri-Kazi, 

2020), and forest degradation poses a threat to the biodiversity of this region. This 

region is also affected by landslides as a consequence of biophysical and anthropogenic 

constraints such as deforestation, population growth, associated with high demand of 

food and development of economic activities. These factors, in conjunction with 

conflicts as well as economics pull factors such as mining have constrained people to 

settle in steeper areas that are more prominent to erosion and landslides at the expanse 

of the natural ecosystem (Depicker et al. 2021). It is, therefore, more than urgent to 

determine the hotspots of land degradation in this territory to implement land 

conservation plans that take into account the specificities of this region. In this regard, 

this study is focused on modeling land degradation and earth surface process (soil 

erosion) under the current and possible future patterns of land use change to determine 

the priority area for conservation and to assess the effectiveness of conservation actions 

in the highlands landscapes of Eastern DR Congo by using the Kalehe territory as a 

case study.  

3.3. Data Requirements and Sources 

This study adopted a case study approach where both primary and secondary data were 

required to achieve its objectives. 

  

                                                 
2 https://reliefweb.int/attachments/65f82d9e-c1ef-455f-a868-

8a2dfe3bfdcd/Flash%20Update%205%20-%20Sud-Kivu_15%20juin_FINAL.pdf, accessed on 30 June 

2023 

 

https://reliefweb.int/attachments/65f82d9e-c1ef-455f-a868-8a2dfe3bfdcd/Flash%20Update%205%20-%20Sud-Kivu_15%20juin_FINAL.pdf
https://reliefweb.int/attachments/65f82d9e-c1ef-455f-a868-8a2dfe3bfdcd/Flash%20Update%205%20-%20Sud-Kivu_15%20juin_FINAL.pdf
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3.3.1. Primary source of data 

The primary source of data includes the ground truth survey about the land use type 

obtained through direct observation, and the data about the occurrence of erosion 

collected on the field and by analyzing of high-resolution images of Google Earth. 

Other primary data were acquired through the administration of a questionnaire 

(household survey) to collect information about the land users' perception of land 

degradation, the conservation practices, and the importance of each LULC type to 

providing ecosystem services. 

3.3.2. Secondary source of data   

The secondary data include the remote sensing images (Landsat images, Google Earth 

images, and Digital Elevation Model/DEM). The Landsat images and the DEM derived 

from Shuttle Radar Topography Mission (SRTM) was acquired from the USGS (United 

State Geological Survey) website3. Others secondary data were retrieved from national 

databases such as the Congolese National Forest atlas database from the Ministry of 

Environment and Sustainable Development 4   and the Référentiel Géographique 

Commun (RGC) for geographic data5, the International Peace Information (IPIS) Open 

database of Artisanal mining Sites in D.R. Congo 6  from the International Peace 

Information System (IPIS) and Congolese Ministry of mining and the WorldPop Open 

Population Repository (WOPR) for population (demography) data7, Regional databases 

such as the Soil and Terrain Database for Central Africa (SOTERCAF) and the Africa 

Soil Information Service (AfSIS) of the International Soil Reference and Information 

                                                 
3 https://earthexplorer.usgs.gov/ 
4 https://cod.forest-atlas.org/ 
5 www.rgc.cd 
6 https://ipisresearch.be/ 
7 https://wopr.worldpop.org/?COD/Population 

https://earthexplorer.usgs.gov/
https://cod.forest-atlas.org/
http://www.rgc.cd/
https://ipisresearch.be/
https://wopr.worldpop.org/?COD/Population
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Centre (ISRIC) for soil data8   and Global database such as the WordClim database9 for 

climatic data. Furthermore, other relevant data were acquired through extensive reading 

from textbooks, journals, periodicals, seminar reports, newsletters, newspaper reports, 

dissertations, government documents, legislation, population data, workshop papers, 

and other relevant documents. 

3.4. Research design 

The correlational research design and quantitative analysis were used in this study to 

examine the relationship between independent and dependent variables according to 

the objectives of the study (Figure 3.3). The designed methodology of this study 

involves the utilization of a triangulated approach (mixed approach) that includes field 

observation, remote sensing, GIS, spatial modeling, and community perception 

(community truthing) on land degradation processes in the highland landscape of 

Eastern DR Congo.  

 

Figure 3.3: Schematic summary of methodological approach.  

                                                 
8 https://data.isric.org/ 
9 https://www.worldclim.org/ 

https://data.isric.org/
https://www.worldclim.org/
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This research was performed in three stages. The first phase of the methodological 

framework is to use remote sensing data, field observation, and GIS techniques to 

analyze the spatiotemporal pattern of land degradation dynamics in terms of LULC 

changes, land productivity dynamics, ecosystem service supply dynamics, and soil 

erosion dynamics. For this stage, the multi-source data, either primary data from field 

observation (ground truth data about the LULC change and occurrence of land 

degradation features), or secondary data related to the climate, topography, soil, and 

socio-economic data retrieved from national and global geodatabase or analysis of 

satellite images (Landsat) were integrated into a GIS environment for geospatial 

analysis. The LULC dynamics during the 1987-2020 period were determined based on 

the change detection analysis of LULC maps derived from the supervised classification 

of Landsat images. The output of this analysis was used as a baseline to forecast the 

LULC changes for the 2030-2070 period under the business-as-usual (BAU) scenario 

using the Markov-chain simulation model. Before this prediction, a binary logistic 

modeling approach was used to quantify the underlying drivers of LULC change. The 

impact of LULC change on the dynamic of ecosystem service supply potential was 

assessed by using the ecosystem service matrix model. The analysis of land productivity 

dynamics during the 1987-2020 period was done through the trend analysis of Landsat-

based NDVI time series by using the linear regression model for NDVI trend analysis. 

This analysis allows us to identify the area with a decreasing pattern of land 

productivity which depicts the occurrence of vegetation degradation processes and to 

identify its underlying drivers. The Revised Universal Soil Loss Equation (RUSLE) 

model (Renard et al., 1997) was used to simulate the risk of soil loss by erosion under 

different modes of land-use change and conservation scenarios. The multiple linear 

regression model was used to assess the spatial relation between the potential soil loss 



76 
 

by erosion as dependent variables with landscape pattern metrics (structure and 

composition) as independent variables.      

In the second stage, the Multi-criteria Decision Analysis (MCDA) approach was used 

to identify the priority area for implementation of landscape restoration initiatives based 

on land capability and land degradation vulnerability. This was done through the 

application of the Analytical Hierarchy Process (AHP) and by considering both the 

biophysical and the socio-economic factors. 

In the third stage, the results of the GIS-based spatial modeling approach and 

community perception (community truthing) were triangulated using the DPSIR 

framework (Kristensen, 2004; Agyemang et al., 2007; Obudu et al., 2022; Zhao et al., 

2023) to identify the driver, pressure, state, impact, and response toward the land 

degradation mitigation and sustainable land management. To achieve this, a 

participative research approach including informal interviews and a household-based 

questionnaire survey was used to collect information about the local knowledge 

(community perception) on the causes, consequences, and strategies that they have 

adopted to cope with the problem of land degradation in their entities. Both quantitative 

and qualitative data regarding the experience of the local community on land 

degradation were collected during the household interview. The perception data were 

analyzed using descriptive and inferential statistics in Excel, SPSS, and R. The socio-

economic determinants factors of this perception were determined using the binary 

logistic regression model.      

3.5. Materials and equipment 

This section presents the data collections tools and data analysis tools adopted in this 

study. 
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3.5.1. Data collection tools  

Remote sensing tools such as Landsat images covering the 1987-2020 period, the 

Digital Elevation Model derived from SRTM (Shuttle Radar Topography Mission) 

data, and Google Earth images were used for a quantitative assessment of the 

spatiotemporal dynamics of landscape in the study area. A structured questionnaire 

consisting of closed-ended questions was used for the collection of information about 

the land user perspective on LULC change and land degradation. The evaluation or 

assessment matrix was used to assess the perceived ecosystem service value of the 

LULC using a Likert Scale ranging from 0= Not important (no service provided) to 3= 

Very important (high service). The Global Positioning System (GPS) and camera were 

used during the field observation. Field visits involved the observation of land use type, 

land degradation features, and conservation practices in the area. Direct observation 

and photographs were used for the validation of information provided by remote 

sensing tools and to obtain some points that were not captured during the questionnaire 

interviews. The secondary data information was acquired through document analysis 

and national, regional, and global databases.   

3.5.2. Data analysis tools   

For the spatial data analysis, the QGIS (Quantum GIS Development Team 2022) and 

SAGA GIS 7.8.2 software were used for handling, preparing, and visualization of the 

spatial data. The Monteverdi-Orfeo Tool Box (OTB)-6.0.2-Win64 was used to perform 

the supervised classification of Landsat images by using the random forest algorithm. 

The Modules for Land Change Modeler (LCM) of TerrSet 20 software (formerly 

known as IDRISS) was used to simulate the future land-use change while the Fragstat 

software was used to calculate the landscape metrics, Finally, the Easy AHP module of 

QGIS which provides Analytic Hierarchy Process (AHP) and Weighted Linear 
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Combination (WLC) analysis in QGIS was used for the development of Multi-Criteria 

Decision Analysis based models. The R software (R Core Team 2022) and SPSS 16 

were used for the statistical analysis and development of regression models. Apart from 

the LCM, the MCDA models based on the AHP approach, and regression models, and 

the RUSLE model was also used for the simulation of soil loss to erosion under different 

conditions of land-use change and management practices.  

3.6. Description of data sets and collection procedure     

3.6.1. Land degradation features data 

In the framework of this study, the mass movement features such as erosion and shallow 

landslide were considered as a proxy of physical land degradation. The inventory of 

mass movement features was based on documentary data from the shallow landslide 

inventory database for North Tanganyika-Kivu Rift Region (eastern DR Congo, 

Rwanda, and Burundi) which contains 7944 shallow landslide features for the 2000-

2019 period (Depicker & Dewitte, 2021), direct observation in the field and through 

3D visualization in Google Earth Pro.   

3.6.2. LULC data 

Field observation was conducted to collect data about the LULC type. The main LULC 

type was described in the field and their geographic coordinates were captured using a 

GPS Garmin 64S with an accuracy of 3m. Subsequently, the high-resolution images of 

Google Earth were used to complete the information on LULC collected in the field. 

This data was used as control points for the classification of Landsat images and the 

accuracy assessment of the LULC maps. Seven (7) land use types were considered in 

this study: forest land, cropland, grassland, shrub land, bare land, settlement, and 

wetland (Figure 3.4).  
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Figure 3.4:  Land use and land cover type in Kalehe territory.  

A. Built-up area B. Wetland C. Grassland D. Cropland E. Forest F. Shrub land.  

3.6.3. Landsat data    

Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus 

(ETM+), and Landsat 8 Operational Land Imager (OLI) for the year 2020 acquired 

from the USGS Earth Explorer website10  and available in the Google Earth Engine 

platform were selected for the for the1987, 2002 and 2020 years respectively. The 

choice of the year was constrained by data availability based on the cloud coverage 

constraint (< 15% of cloud coverage). The Landsat 7 ETM+ acquired after the year 

2003 was avoided due to imperfection observed in the images because after this date 

the Scan Line Corrector (SLC)11 fails. Only Landsat Collection 2 Level 2 images with 

minimum cloud coverage of less than 15 percent were selected. This threshold of 15 

percent was adopted in this study despite that some authors think that the cloud cover 

should be less than 10 percent (Zaidi et al., 2017). However, the study area is located 

in a tropical region which is covered by clouds most of the time (Basnet & VodaceK, 

                                                 
10 https://earthexplorer.usgs.gov/, accessed on 10 December 2022 
11 https://www.usgs.gov/faqs/what-landsat-7-etm-slc-data , accessed on 17 December 2022 

https://earthexplorer.usgs.gov/
https://www.usgs.gov/faqs/what-landsat-7-etm-slc-data
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2015) and it was hard to get images with less than 10 percent of cloud-free images 

covering the entire study area which falls over four sets of Landsat scenes (path/row: 

173/061, 173/062, 174/061 and 174/062). Therefore, a cloud coverage of 15 percent 

which has been adopted in other tropical areas (Zaidi et al., 2017) was used in this 

study. These images have a spatial resolution of 30 m and have been projected in the 

system WGS 84 (ESPGS: 4326, UTM Zone 35S).  

3.6.4. Climatic data 

Climatic data variables were derived from the WorldClim database for the long-term 

average precipitation. The Wordclim database consists of monthly total precipitation, 

monthly mean, minimum and maximum temperature, and 19 derived bioclimatic 

variables with a spatial resolution of 30 arc seconds (1km). These climatic data have a 

resolution of 1km and represent the average monthly climatic data from 1950 to the 

nearly recent period (Fick and Hijmans, 2017).  

3.6.5. Topographic and hydrological data 

The Digital Elevation Model (DEM) derived from the void-filled Shuttle Radar 

Topography Mission (SRTM) version 3 with 30m of spatial resolution (1 arc-second) 

from the United States Geological Survey (USGS) Earth Explorer website12 was used 

to determine the topographic factors such as the altitude, slope, Topographic component 

index/Topographic wetness index, Aspect and the implementation of the watershed and 

stream analysis. The SRTM data were used to delineate the watershed in the study area, 

determine the morphological characteristics of the watershed, and generate a stream 

network. Before the extraction of hydrological parameters, the SRTM data was 

corrected by filling the sink and modifying elevation values to remove drainage 

discontinuity and imperfection in the data. After that, the flow direction, flow 

                                                 
12 http://earthexplorer.usgs.gov 

http://earthexplorer.usgs.gov/
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accumulation, slope, and other hydrological processes were computed using the 

hydrological function of SAGA GIS 7.8.2 to extract the drainage network and delineate 

the watershed in the study area. These watersheds derived from the analysis of SRTM-

DEM was considered as the planning unit or hydrological response unit in the context 

of this study.  

3.6.6. Soil data 

Soil data was compiled from the Soil and Terrain Database for Central Africa 

(SOTERCAF) available at the ISRIC website13 and compiled by the FAO (Batjes, 

2007). This database includes a shapefile of soil units whose attribute table contains 

soil properties of Central African countries (DR Congo, Burundi, and Rwanda) that 

were compiled by different organizations from 1940 to 2001 (Batjes, 2007). The 

physicochemical properties of the soil were extracted from the Africa Soil Information 

Service (AfSIS) database14  with a spatial resolution of 250 m (Hengl et al., 2015).  

3.6.7. Demographic data 

The demographic data (population density) from the WorldPop Open Population 

Repository (WOPR) (WorldPop - School of Geography and Environmental Science, 

University of Southampton; Department of Geography and Geosciences, University of 

Louisville; Departement de Geographie, Universite de Namur) and Center for 

International Earth Science Information Network (CIESIN), Columbia University 

(2018)) available at WordPop website15 for the year 2020 was used in this study to 

estimate the spatial dynamics of the population. This data has a spatial resolution of 

1km and contain the total population count per squarekm. It was collected through 

micro census and metrics derived from building footprints. Data collection was led by 

                                                 
13 https://data.isric.org/ 
14 https://www.isric.org/projects/africa-soil-information-service-afsis 
15 https://wopr.worldpop.org/?COD/Population 

https://data.isric.org/
https://www.isric.org/projects/africa-soil-information-service-afsis
https://wopr.worldpop.org/?COD/Population
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the Flowminder Foundation, the École de Santé Publique de Kinshasa, the WorldPop 

Research Group at the University of Southampton, and the Bureau Central du 

Recensement, which is part of the Institut National de la Statistique (INS) of DR Congo 

(Boo et al., 2021).  

3.6.8. Geographic and socioeconomic data   

The spatial data about the roads, rivers, mining concessions and permits, forest 

concession, protected area, community management area (community forest reserve), 

and majors centers (villages, ports) was derived from the Forest Atlas of DR Congo16 

elaborated in 2018 by the Ministry of Environment and Sustainable Development 

(MESD) of DR Congo and the Referential Geographic Commun (RGC) database17  

compiled by a different humanitarian organization working in DR Congo. The data 

about the location of the artisanal mining sites were derived from the International 

Peace Information (IPIS) Open database of Artisanal mining Sites in DR Congo18 

elaborated by the IPIS and Mining Ministry of DR Congo in 2018. 

3.6.9. Data harmonization  

The multisource spatial data in digital format (raster or vector) retrieved from different 

databases were clipped to the extinct of the study area. As they have different spatial 

resolutions, they were harmonized at a 30 m cell of spatial resolution through the 

nearest neighbor resampling method and re-projected to the Universal Transverse 

(UTM) (zone 35S) map projection and coordinate system, the Word Geodetic System 

1984 (WGS84) datum and spheroid. The function aligns raster available in QGIS 2.18 

was used for this purpose.  The continuous and categorical variables were spatialized 

                                                 
16 https://cod.forest-atlas.org/ 
17 www.rgc.cd 
18 https://ipisresearch.be/ 

https://cod.forest-atlas.org/
http://www.rgc.cd/
https://ipisresearch.be/
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(alphanumeric variables), and standardized (legend of classes and uses), and the vector 

data were rasterized with a pixel size of 30 m. 

3.6.10. Land user’s perception data  

The semi-structured household questionnaire was used to assess the land user's 

perception of land degradation with an emphasis on forest degradation and erosion, the 

perceived ecosystem value of each land cover, and the drivers of changes that occurred 

during the study period (1987-2020). The questionnaire consisted of the socio-

economic characteristics of the households, the perception of the degradation of 

farmland, the perception of degradation of forest land, the perception of erosion and 

adoption of conservation practices, and the perception of change in the supply of 

ecosystem services regarding LULC change-related questions. A semi-structured 

questionnaire that contained closed and open-end questions was used to obtain the 

information on these attributes. Before the data collection, a pilot survey was done in 

the field and four field assistants (enumerators) were trained to understand the logic of 

the questionnaire. The pilot survey was realized for pretesting the household 

questionnaire and to familiarize with the study area landscape. A total of 31 households 

were selected randomly in the territory of Kalehe to pretest the questionnaire. This pilot 

survey helped to readjust the questionnaire as various items which were inconsistent 

and unnecessary were removed. Furthermore, some questions were reformulated to 

make them clear in eliciting desired information in according to the purpose of the 

study. From a data collection perspective, the questionnaire was translated into French 

language and four enumerators who live in the area, and know both French and at least 

one local community's language (Kihavu, Mashi, Kirongeronge or Kiswahili) was 

recruited and trained in data collection. Each household interview had a duration 

between 40 minutes and 60 minutes. The collection of data was done in 2 months (July 
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and August 2022). Before doing the surver, the purpose of the study was explained to 

the respondent and the verbal consent was requested to participate in the study. To avoid 

incomplete questionnaires, during the interview, if the person failed to respond to 

questions or refuse to continue to respond, at any time, the interview was stopped and 

the respondent was replaced until the target number was attained. 

3.6.10.1. Target population 

The targeted population comprised all the land users (inhabitants) of the territory of 

Kalehe who were estimated to 856 819 people in 202019. This population is distributed 

into four health zones namely Kalehe, Bunyakiri, Minova, and Kalonge as earlier seen 

in Table 3.2. 

3.6.10.2. Sample size 

The sample size was estimated using the equation 3.1 proposed by Kothari (2004): 

𝑛 =
𝑍2𝑝𝑞𝑁

𝑒2(𝑁−1)+𝑍2𝑝𝑞
  (Equation 3-1) 

where n= the number of households to be interviewed (sample size), Z equal to 1.96 is 

the score at 0.95 level of significance from the normal curve, e equal to 0.05 is the 

precision desired, p is the expected proportion of household having the knowledge of 

land degradation and conservation practices in the area and q= 1-p is the expected 

proportion of household who don't have this knowledge, N is the total number of the 

population and equal to 857 012. Since p is not known in the area, a value of p=q=0.5 

was considered. Therefore, the estimated number of households to be considered for 

the interview is   

𝑛 =
(𝟏.𝟗𝟔)𝟐𝑿𝟎.𝟓𝑿𝟎.𝟓𝑿857012

𝟎.𝟎𝟓𝟐(857012−1)+(𝟏.𝟗𝟔)𝟐𝑿𝟎.𝟓𝑿𝟎.𝟓
= 384 households.  

                                                 
19 https://data.humdata.org/dataset/rdc-statistiques-des-populations , accessed on 30 May 2022 

https://data.humdata.org/dataset/rdc-statistiques-des-populations
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These households were distributed proportionately to the four Health Zones as can be 

seen in Table 3.3. 

Table 3.3: Targeted population and sample size per health zone and collectivity.  

Health zone Sampled village Population 2020 Sample size Proportion (%) 

Bunyakiri Kalima 230993 103 26.8 

Kalehe Mbinga Sud 183006 82 21.4 

Kalonge Kalonge 173544 78 20.3 

Minova Mbinga Nord 269276 121 31.5 

Total  857012 384 100 

The criteria for the selection of households to be interviewed are described in the next 

section. 

3.6.10.3. Sampling selection  

The sample selection of the target population was done through a multi-stage cluster 

sampling which is a random sampling approach. The territory of Kalehe was 

purposively selected as it is one of the highland areas which is affected by land 

degradation (forest degradation, landslides, and soil erosion) in eastern DR Congo 

(Maki, 2014, Heri-Kazi, 2020).  In the first stage, the four health zones of the Kalehe 

territory (Kalonge, Kalehe, Bunyakiri, and Minova) are considered clusters (groups). 

In the second stage in each health zone, one village was selected according to 

accessibility and security criteria (Figure 3.5).  
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Figure 3.5: Location map of the selected villages for the household survey.  

In the third stage, in each village, several households were randomly selected 

proportionally to the total population of the health zone (Table 3.3). In the last stage, 

the choice of the household was done through a systematic random sampling technique 

by the enumerator to conduct the interviews. Therefore every 3rd household head who 

meet the inclusion criteria was interviewed. At the household level, the questionnaire 

was administrated only to the household or family head who have an age which is above 

20 years and has lived in the area for at least 10 years by assuming that in 10 years, a 

person can still remember the important events which have contributed to the evolution 

and modification of the natural environment. Furthermore, these inclusion criteria were 

adopted in the context of this study because the process of land degradation is slow. 

Thus, people who have lived in an area for a long time can potentially experience it. 

The questionnaire was administrated only to the household head or family head as they 

are the decision-maker in the household. 
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3.7. Data analysis and processing  

3.7.1. Analysis of the spatiotemporal dynamic of LULC change 

The analysis of the spatial and temporal dynamic of LULC changes has been done 

through the application of the following steps as illustrated in Figure 3.6: (1) Landsat 

images preprocessing to obtain cloud-free images composite using the Google Earth 

Engine and supervised classification to obtain LULC maps for the 1987-2020 period, 

(2) accuracy assessment of image classification based on the ground truth data collected 

on field by using the GPS and through observation of Google Earth images, (3) analysis 

of past trend of LULC changes during the 1987-2020 period, (4) LULC change 

susceptibility modeling using the logistic regression model and identification of its 

underlying drivers, (5) Accuracy assessment of LULC projection model based on the 

observed and simulated LULC map for 2020 using the Markov-SVM model, (6) Future 

LULC projection for the 2030-2070 period. 

 

 

Figure 3.6: Methodological framework applied in the analysis of LULC dynamics.  



88 
 

 

3.7.1.1. Images preprocessing 

The Landsat images used in this study belong to the Landsat Collection 2, Level 2 

surface reflectance which was preprocessed for geometrical correction and atmospheric 

correction (Xu et al., 2021) when downloaded from the USGS website20 . The surface 

reflectance of the Landsat Level 2 Collection 2 (Landsat L2 C2) sciences products was 

generated based on data from Landsat Collection 2 level 1 products by using the 

Landsat Ecosystem Distribution Adaptive Processing System (LEDAPS) algorithm 

(Version 3.4.0) for Landsat 4-5 Thematic Mapper (TM) and Landsat 7 Enhanced 

Thematic Mapper (ETM+) while the Land Surface Reflectance Code (LaSRC) 

algorithm (Version 1.5.0) was used for the Landsat 8 Operational Land Imager (OLI). 

Furthermore, for the enhancements of surface reflectance a scaling factor of “0.0000275 

× DN − 0.2” for the optical bands and “0.00341802 × DN + 149.0” where DN is the 

Digital Number or pixel value21  was applied to convert the DN value into surface 

reflectance. Subsequently, the cloud was masked on the selected images using the QA 

bands, and shadows were masked using the sum of the specified bands (nir, swir1, and 

swir2') of Landsat L2 C2. Then the annual composite was obtained by using the 50% 

percentile (Median value) of all pixel values obtained from the atmospherically 

corrected and cloud-masked Landsat surface reflectance images. For all these steps, the 

workflow for preparing and exporting annual Landsat cloud-free images in GEE 

(Google Earth Engine) developed by the Geospatial Technology and Applications 

Center (GTAC, 2002) of USDA (US Department of Agriculture) was used. The final 

composite contains the standard Landsat bands (blue through swir2). The output is a 

                                                 
20 https://earthexplorer.usgs.gov/, accessed on 10 December 2022 
21 https://www.usgs.gov/core-science-systems/nli/landsat/landsat-collection-2-level-2-science-products, 

accessed on 28 December 2022 

https://earthexplorer.usgs.gov/
https://www.usgs.gov/core-science-systems/nli/landsat/landsat-collection-2-level-2-science-products
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mosaic of bands 1, 2, 3, 4, 5, 6 and 7. In addition, the NDVI bands scaled by 10,000 

and namely p10NDVI (the tenth percentile NDVI value scaled by 10,000), p50NDVI 

(the fiftieth percentile NDVI value scaled), and p90NDVI (the ninetieth percentile 

NDVI value) were used to assess the quality and assist in the classification of images. 

The annual Landsat multiband composites were mosaicked and clipped according to 

the geographical extent of the study area with a shape file of the administrative 

boundary of the Kalehe territory.   

3.7.1.2. NDVI analysis 

The NDVI was derived from Landsat images to quantify the trend of vegetation and 

land productivity over the 1987-2020 period. The NDVI consists of calculating a ratio 

between the pixel values of red bands and the near-infrared of the same image. It is 

based on the fact that vegetation reflects very little in the red and is very strong in the 

near-infrared. This calculation is very effective in determining the presence of 

vegetation, but also to assess the importance of plant biomass and the intensity of 

photosynthetic activity. The NDVI is computed using the equation 3.2: 

𝑁𝐷𝑉𝐼 =
LIR−LR

LIR+LR
 (Equation 3-2) 

where NDVI = Normalized Difference Vegetation Index bounded between -1 and +1, 

LIR = the spectral luminance at the sensor measured for infrared band or near-infrared 

Landsat band 4 (0.77–0.90 μm) for Landsat 5 TM, Landsat 7 ETM+ and bands 4 (0.64–

0.67 μm) and 5 (0.85–0.88 μm), respectively of Landsat8 OLI/TIRS spectral 

wavelengths, LR = the spectral luminance at the sensor measured for red band or visible 

red Landsat band 3 (0.63–0.69 μm)  (Fokeng et al., 2022). For the time series data, the 

annual composite NDVI data archived in the Google Earth Engine catalog was 

considered.  
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3.7.1.3. Satellites images classification  

The annual composite Landsat was used to analyze the LULC for the entire study area. 

The images from 1987, 2002, and 2020 were considered for this analysis. The images 

were processed employing the false-color composite by combining different bands of 

the Landsat images for the first interpretation before the image classification. The False-

color composite RGB (Red, Green, Blue) was used to discriminate the characteristic or 

spectral reflectance of earth surface materials like vegetation, water, bare land, etc. For 

the Landsat 5 TM (Thematic Mapper) and Landsat 7 ETM+ (Enhanced Thematic 

Mapper Plus), the RGB band composition is 3-2-1 was used whilst for the Landsat 8 

OLI (Operational Land Imager) the RGB band 4-3-2 was considered. The ground truth 

points about the LULC collected on the field and through the high-resolution image of 

Google Earth was used for the classification of Landsat images and accuracy 

assessment of classification. The reference data generated were used to define the 

spectral class and to check if the reference data are matching with the false-color 

composite for LULC classification. Based on ground data about the main LULC type 

observed in the area through field survey utilizing the Global Positioning System 

(GPS), the analysis of high-resolution Google Earth images and the visual interpretation 

of the false color composite RGB, a total of 238, 238 and 240 referencing's zones were 

gathered for 1987, 2002 and 2020 years, respectively, to perform a supervised 

classification of Landsat images and to confirm the accurateness of the LULC maps. 

The Random Forests Classifier algorithm of supervised classification was used to 

establish the LULC map for each period. The Landsat composites images and the 

training area were carried out in the Monteverdi-Orfeo Tool Box (OTB)-6.0.2-Win64 

software to perform the LULC classification. A training and validation sample ratio of 

0.5 was applied. Following the recommendations of Gao (2009) for Landsat image 
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classification, a minimum of 5 to 10 polygons is considered as training samples for each 

LULC class. Therefore, the minimum number of samples in each LULC class 

considered in this study was 10. Furthermore, a maximum of 2000 trees was considered 

to perform the Random Forests classification of LULC. All pixels of the Landsat image 

were assigned to a LULC class based on the first order Land use classification scheme 

of Anderson et al. (1976). Consequently, 7 LULC classes were considered according 

to field observation: wetland, forestland, grassland, shrubs land, cropland (agriculture), 

bare land (fallow land), and settlements (Built-up area). After the classification, the 

majority filter (3x3 pixel size) was applied to the LULC map to eliminate the isolated 

pixels in the final maps. 

3.7.1.4. Accuracy assessment of the satellite’s images classification    

The evaluation of the agreement between the LULC type on the classified images and 

ground truth observation was done through an accuracy assessment as image 

classifications usually contain some errors. For the accuracy assessment of the output 

classification, 50% of the referencing data obtained from field observation and Google 

Earth images were randomly selected. Based on this data an error or confusion matrix 

for 1987, 2002, and 2020 years, generated in the Monteverdi-Orfeo Tool Box (OTB)-

6.0.2-Win64 software, was used to evaluate the accuracy of LULC classification. Four 

indices were used: the percentage of user's accuracy representing the probability that a 

predicted value to be in a certain class is truly in that class (the number of reference 

points which are correctly classified divided by the total number of reference points 

classified within that class), the producer's accuracy which represents the probability to 

classify a value in a class correctly (the total number of correctly classified reference 

points by the total number of reference points truly in that class), overall accuracy (sum 

of the number of correctly classified values divided by the total number of values) and 
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the Kappa indices. Thus, the following formula was used to compute the user accuracy 

(UA), producer accuracy (PA), and overall accuracy (OA): 

𝑈𝐴 =
𝐶𝑎𝐶

𝐶𝐶
∗ 100 (Equation 3-3) 

𝑈𝐴 =
𝐶𝑎𝑅

𝐶𝑅
∗ 100 (Equation 3-4) 

𝑂𝐴 = ∑
𝐶𝑐𝑐

𝑇

𝑛
𝑎=1 ∗ 100 (Equation 3-5) 

With, 𝐶𝑎𝐶 the number of correctly classified reference points for a given class, 𝐶𝐶 is the 

total number of reference points considered within that class,  𝐶𝑎𝑅 is the total number 

of reference points correctly classified in that class, 𝐶𝑅 is the total number of reference 

points in that class, 𝐶𝑐𝑐 is the total number of reference points that are correctly 

classified, and T is the total number of reference points in the error matrix. 

The Kappa indices vary between 0 and 1, with a value less than 0.4 indicating a poor 

agreement while a value between 0.4 and 0.8 indicates a moderate agreement and a 

value higher than 0.8 denotes a strong agreement (Mishra et al., 2016). Considering the 

rows number in the confusion matrix (r), the number of diagonal elements observed in 

row I and column i (Xii), the totals for rows i (X+i), the total for column i (Xi+), and 

the number of observations N, the Kappa index (K) is calculated using the equation 

(Lucia et al., 2019): 

𝐾 =
𝑁∗∑ 𝑋𝑖𝑖−∑ (𝑋𝑖+)∗(𝑋+𝑖)𝑟

𝑖=1
𝑟
𝑖=1

𝑁2−∑ (𝑋𝑖+)𝑟
𝑖=1 ∗(𝑋+𝑖)

 

=
(𝑇𝑜𝑡𝑎𝑙∗𝑠𝑢𝑚 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡)−𝑠𝑢𝑚 𝑜𝑓 𝑎𝑙𝑙 𝑡ℎ𝑒 (𝑟𝑜𝑤 𝑡𝑜𝑡𝑎𝑙∗𝑐𝑜𝑙𝑢𝑚𝑛 𝑡𝑜𝑡𝑎𝑙)

𝑇𝑜𝑡𝑎𝑙 𝑠𝑞𝑢𝑎𝑟𝑒𝑑−𝑠𝑢𝑚 𝑜𝑓 𝑎𝑙𝑙 𝑡ℎ𝑒 (𝑟𝑜𝑤 𝑡𝑜𝑡𝑎𝑙∗𝑐𝑜𝑙𝑢𝑚𝑛 𝑡𝑜𝑡𝑎𝑙)
 (Equation 3-6) 

3.7.1.5. Analysis of LULC change  

The method of post-classification comparison was applied to analyze the LULC change 

in the three time periods (1987, 2002, and 2020). The LULC maps for consecutive 

periods were cross-tabulated and compared to each other to have a vision of the LULC 

changes patterns for the 1987-2002, 2002-2020, and 1987-2020 periods. The surface 
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was calculated using the Semi-Automatic Classification Plugin (SCP) of QGIS 

(Congedo, 2016; Pereira et al., 2019). A subtraction of the surface covered by a specific 

LULC (in ha) type at the initial period (𝐴0) and the final period (𝐴1) was used to assess 

the change in the area. Using the initial area as a reference, the difference of surface 

was converted to assess the temporal change (TC) in percentage during the entire period 

by using the equation 3.7 (Ebrahim et al., 2017). Subsequently, considering the time 

interval T (in years) between 𝐴0 and 𝐴1, the rate of changes (RC) for different LULC 

categories was estimated in ha/year using the equation 3.8 and the annual rate of change 

(AC) in percentage/year using the equation 3.10. This later equation is specifically used 

to determine the annual rate of deforestation (Temesgen et al., 2014, Ebrahim et al., 

2017, Shirvani et al., 2017). 

𝑇𝐶(%) =  
𝐴1−𝐴0 

𝐴0
∗ 100 (Equation 3-7). 

𝑅𝐶 (𝐻𝑎/𝑦𝑒𝑎𝑟) =
𝐴1−𝐴0 

𝑇
  (Equation 3-8) 

𝐴𝐶 (%/𝑦𝑒𝑎𝑟) =
𝐴1−𝐴0 

𝐴0∗𝑇
∗ 100 (Equation 3-9) 

Furthermore, to quantify the overall LULC gains and losses, the transition maps and 

cross-transitions matrices were generated. This analysis helps us to determine the 

persistent area (area characterized by no change for a specific LULC type) located at 

the diagonal of the matrix, the gross gain (the total area which was converted to a 

specific LULC class) which is calculated as by deducing the persistence through the 

column total, and the gross loss (total area of specific LULC classes which was 

converted to other LULC classes) which is calculated by deducing the persistence 

through the rows total for each LULC categories. The net change was obtained through 

a difference between the gain and loss for each LULC type. The total change is obtained 

by adding the loss and the gain (Yesuph & Dagnew, 2019). In addition, the trajectory 

of LULC changes during the 1987-2020 periods was based on the LULC transition 
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which represents the area of LULC types that have been converted from one LULC to 

another between 1987 and 2020.   

3.7.1.6. Analysis of proximate drivers of LULC change   

The proximate drivers represent human activities such as urbanization, deforestation, 

or agriculture expansion which directly influence the LULC change was identified 

through the analysis of the transition matrix. The LULC maps for the 1987-2020 

periods were used to identify the main conversion of one class to another and to 

determine the proximate drivers of land-use change during the 1987-2020 period. The 

identification of prominent LULC change was identified by adopting the approach 

suggested by Sims et al. (2019) to the context of the study area.  

In the context of this study, we elaborated four conversion maps based on the prominent 

LULC change occurring in the study area: the deforestation map (showing the 

transformation of forest land to any other land), the shrub land expansion map (showing 

the conversion of another land to shrub land), the built-up area expansion map showing 

the extension of the built-up area, and the cropland expansion map showing the 

expansion of agricultural land between the year 1987 and 2020. The conversion maps 

were transformed into binary maps variables with a value of 0 indicating the absence 

of change and a value of 1 indicating the presence of change. These maps with binary 

variables were used as dependent variables for Logistic regression modeling to show 

the probability of conversion of a given LULC category to another.  

3.7.1.7. Selection and analysis of underlying driving factors of LULC change  

In the context of this study, we analyzed and quantified the relationship between the 

driving factors and LULC change between 1987-2020. This analysis was done to 

identify the driving factors that have great explanatory power for the LULC change in 

the landscape.  
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The Socio-economic factors related to accessibility (distance to roads, distance to 

administrative groups’ center, distance to the village/locality, proximity to rivers, 

distance to the artisanal mining sites), population dynamics (population density), and 

zoning policy (protected area and mining concession) were considered as explanatory 

data (independent variables). In conjunction, the biophysical factors such as altitude 

gradient or elevation, slope gradient, slope aspect (exposition), and soil types were also 

identified as independent variables. The topographic variables including altitude, slope 

gradient (percent), and slope aspect were derived from the SRTM-DEM of 30 m of 

spatial resolution which was preprocessed by fillings gape before its integration in the 

LULC models. The proximity variables like the distance from the road was calculated 

using the data about the road network of the DR Congo while the distance from rivers 

was calculated using the rivers networks dataset available in the DR the RGC database. 

For the artisanal mining sites and the mining concession, the IPIS open database which 

contains data from the Mining Ministry of DR Congo was considered. For all the 

distance data, the Euclidian distance in meter was calculated using the proximity 

function of QGIS 2.18 software. For categorical variables that include the protected 

area, obtained from the National Forest Atlas of DR Congo and the mining concession, 

a binary classification was done to determine whether a pixel falls in a given land or 

not. 

Before the integration of the explanatory variable in the models, the potential drivers of 

LULC change were checked for multicollinearity by the mean of Pearson's correlation 

coefficient and Variance Inflation Factor (VIF). The Pearson correlation among the 

quantitatives variables was done using a bivariate correlation to check the collinearity 

among variables, avoid redundancy of data, and for reduction of the variable. All 

variables which have a significant correlation coefficient of 0.8 at p-value < 0.05 were 
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reconsidered as they were not used together in the model (one was excluded). Only the 

continuous variables related to distance (proximity), altitude, slope gradient, and 

aspects were analyzed for multicollinearity. The binary variables such as the occurrence 

(presence/absence) of mining concession and protected area, as well as the category 

variable (soil type), were not concerned by this correlation analysis. Complementary to 

the Pearson correlation, the multicollinearity of all the independent variables was tested 

using the VIF. All variables which have a VIF higher than 10 were not integrated into 

the models as they could cause the problem of multicollinearity.  

To perform the correlation and VIF analysis, a total of 1000 points were randomly 

selected in the Kalehe territory using the Research Tool of QGIS 2.18. The values of 

the selected underlying drivers of LULC change were extracted from each spatial 

variable in raster format using the Point Sampling Tool extension of QGIS 2.18. Then 

the value stored in the attribute table of the sample point layer’s was transferred to Excel 

for further statistical analysis. The correlation table was obtained using the function 

pairsrp ( ) of the package pgirmess in R 3.6.   

 

3.7.1.8. LULC change modeling and susceptibility mapping   

To measure the importance of drivers of LULC change, a binary map for the four major 

LULC changes occurring in the study area between 1987 and 2020 with a value of 1 

corresponding to the area where the LULC change is present and 0 to the area where 

the LULC change is considered as absent was performed. For each map representing 

the major LULC which have occurred between 1987 and 2020, 1000 sites considered 

as a representative sample to model the spatial relationship between the LULC changes 

and theirs potential underlying drivers, were selected randomly to extract the point 

which exhibit the occurrence of LULC change and those that lay in the area where there 
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is no change. A minimum distance of 200m was considered between pairs of points 

samples to minimize the problem of autocorrelation or spatial dependency among 

samples pairs (Kipkulei et al., 2022). For each point, the value of the LULC change 

occurrence data and their potential driver was extracted using the Point Sampling Tool 

extension of QGIS 2.18 and transferred to an Excel spreadsheet. These points' samples 

were split in two: 70% of points to train the model and 30% to test the model.  Then a 

Logistic Regression Model (LRM) was performed using each LULC change binary 

data set to 0 for no converted land and 1 for converted land as the dependent or 

explained variables and the potential driving factor of LULC change as independents 

or explanatory variables. In logistic regression, the logit U is assumed to be a linear 

combination of the independent variables and formulated as follows 𝑃𝑖 =
𝑒𝑈

1+𝑒𝑈  With 

Logit U= ln (
𝑃𝑖

1−𝑃𝑖
)= 𝛽0+ 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ 𝛽𝑖𝑋𝑖 . Hence the probability of change 

varies between 0 and 1 and it is given by the function 3-12 

𝑃𝑖 =
 𝑒𝑥𝑝( 𝛽0+ 𝛽1𝑋1+𝛽2𝑋2+⋯𝛽𝑖𝑋𝑖)

1+𝑒𝑥𝑝( 𝛽0+ 𝛽1𝑋1+𝛽2𝑋2+⋯𝛽𝑖𝑋𝑖)
 (Equation 3-10) 

In this formula, 𝑃𝑖 represents the probability of occurrence of a certain LULC change 

in the landscape, and U is the independent variable which is a linear combination of the 

explanatory factors Xi, β0 the intercepts or constant of the model βi is the correlation 

coefficient between each explanatory factor Xi and the LULC change. The value of the 

correlation coefficient was used to assess the relationship between the LULC change 

and the driving factors. It also helped to determine the direction (positive or negative) 

of this relationship. The statistical significance of the regression coefficient was tested 

using the Walid chi-square test.  

For each prominent LULC change (deforestation, cropland expansion, built-up area 

expansion, shrub land expansion), a full logistic regression model considering all the 
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potential drivers is established to determine their effects on LULC change. After that, 

a backward stepwise logistic regression model was performed. This allows us to 

determine the best-fit model based on the most influential environmental drivers of the 

LULC change. As a result, the best-fit model was used to predict the LULC change 

susceptibility. The application of the best-developed model and its integration in the 

GIS environment (QGIS) along with the spatial variables help to produce the LULC 

change susceptibility maps. This map was classified into 5 classes based on the quantile 

interval to depict the zones with very low, low, moderate, high, and very high 

susceptibility to LULC change. For the accuracy assessment of the predictive model, 

the overall accuracy of the classification, the pseudo-R-square, and the Area under the 

ROC (Receiver Operating Characteristics) curve (AUC) was used. The pseudo-R-

square (Nagelkerke’s R coefficient) which is an adjusted value of the Cox and Snell's 

R square coefficient was used to determine the percentage of variability of the 

dependent variable explained by the independent variable. It varies between 0 and 1, 

with a maximum value of 1 indicating a perfect prediction. Nagelkerke’s R squared 

indicates the power of explanation of the developed model. In addition, the Area under 

the ROC (Receiver Operating Characteristics) curve (AUC) was used to evaluate the 

performance of the logistic regression model in predicting the LULC change. The ROC 

was calculated by comparing the predicted probability of the LULC change by the 

logistic model and the observed change. The null hypothesis is that the true area under 

the ROC curve is 0.5 for a random classification. For overall accuracy, the classification 

table which summarizes the observed and the predicted group was used by considering 

a cutoff of 0.5. The ROC curve plot helps to assess the predictive capacity of a classifier 

model. This graphical representation plots the sensitivity (true positive rate) against the 

1-specificity (false positive rate). The area under the ROC curve (AUC) helps to assess 
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the accuracy of the model. The values of the AUC range from 0 to 1 with the value of 

1 considered as the perfect discrimination and a value below 0.5 considered as random 

(Hossein, 2019). The explanatory driving factors were considered to have great 

explanatory power when the area under the ROC curve (AUC) is greater than 0.6. 

3.7.1.9. Modeling the LULC change transition potential   

The transition potential modeling of LULC classes represents the probability of 

transformation of one LULC class to another over time. It was performed through the 

Land Change Modeler (LCM) integrated with the TerrSet Geospatial Monitoring and 

Modeling Software (IDRISI). Modeling of the spatiotemporal change transition 

potential was performed by considering the LULC change map within the studied 

period (1987-2020) and explanatory variables which are the biophysical and socio-

economic variables that are responsible for the change in the landscape. For the 

transitional potential modeling, the Support Vector Machine (SVM) was used to obtain 

a transition probability maps which gives the likelihood of transformation of a given 

LULC class from the initial year to another LULC from the final year. The SVM is a 

machine learning technique that establishes a linear or no linear Kernel plane to separate 

classes in a variable space.  

 

3.7.1.8. Prediction of the future LULC dynamics 

The prediction of future LULC was based on the assumption that the historical trend in 

the LULC pattern continued in the future and was influenced by the same factors 

(Business-As-Usual scenario). Under this scenario, it is assumed that the communities 

continue to do their socio-economic activities under the prevailing development and 

conservation policy. Considering the transition probability maps obtained previously 

and the transition matrix, the Markov chain simulation modeling which is integrated 
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into the Land Change Modeler (LCM), was used to predict the LULC for 2030, 2050, 

and 2070 based on the observed trend from 1987 to 2020. The year 2020 was considered 

as the baseline for projection. This model is used to simulate or predict the future state 

of a system by considering the immediately preceding state through the development 

of a transition probability matrix which shows the probability of change from an initial 

time to a final time.  The outputs of the model are the "hard prediction" maps which 

show the likely LULC which can occur in the future based on the past trend and the 

"soft prediction" map which represent the probability of transformation of the LULC 

observed during the baseline to another LULC in the future. The LULC map of 2020 

was used as a base map to predict the LULC for the years 2030, 2050, and 2070. The 

choice of these periods for the prediction of LULC type was done in line with the 

deadline for the 2030 United Nations Agenda for Sustainable Development, the 2050 

vision towards "Living in harmony with nature" of the CBD, and the Paris climatic 

agreement to reduce the net-zero emission by 2050, the 2070 baseline to reach the 

"carbon neutrality" and to avoid the global warming of more than 2°C (UNEP, 2014).  

3.7.1.9. Accuracy of the future prediction 

The accuracy of the projection was tested by comparing the simulated LULC of 2020 

based on the observed trend during the 1987-2002 period and the observed LULC of 

the same year. To compare the amount of change between the two LULC maps, the chi-

square goodness of fit test was performed at a 5% significance level under the null 

hypothesis that the observed and simulated areas of the different LULC classes in 2020 

are in the same proportion. Furthermore, the Kappa validation technic integrated with 

the Semi-Automatic Classification Plugin for QGIS (SCP) was used to compare the 

predicted and the classified maps. 
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3.7.2. Implication of LULC dynamics on land cover degradation 

To foster the LDN operationalization within the study area, the LULC change was used 

as a proxy of land degradation during the baseline period (1987-2020) and the 

monitoring period (2020-2070). The land cover degradation was inferred from the 

LULC changes using a decision matrix containing the criteria for determining the land 

condition (degradation, stability, improvement) based on the trend of LULC changes 

and following the approach proposed by Sims et al. (2021). Furthermore, using the 

biophysical and socio-economic factors as independent variables and the occurrence of 

land cover degradation during the 1987-2020 as dependent variables, a binary logistic 

regression model was developed to identify the determinant factors of land cover 

degradation and to map the land cover degradation susceptibility at territorial level in 

Eastern DR Congo. Figure 3.7 presents an overview of the developed methodology.  

 

Figure 3.7 Methodological framework for assessing the implication of LULC 

change on land cover degradation.  

3.7.2.1. Analysis of land cover degradation status 

The sub-indicators of SDG 15.3.1 "Proportion of land that is degraded over the total 

land area" which was proposed in the Good Practice Guidance for Sustainable 
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Development Goal (SDG) indicator 15.3.1 (Sims et al., 2019, Sims et al., 2021) of the 

UNCCD (United Nations Convention to Combat Desertification) include the land 

productivity dynamics, the land use change and the soil carbon organic. To understand 

the land cover degradation status using the LULC change as an indicator (Bär et al., 

2023) and to assess the potential to reach the land degradation neutrality target, the 

decision matrix approach for the evaluation of land cover degradation was proposed by 

Sims et al. (2019) was adapted to the study area context. Based on this approach, the 

area characterized by land cover degradation (negative land use transition), stability (no 

change), and improvement (positive) was delineated. To evaluate if the land 

degradation neutrality target should be reached by the years 2030, 2050, and 2070, the 

status of land cover degradation at the baseline period (2020) was compared to that of 

the future.  

3.7.2.2. Modelling the land cover degradation and susceptibility mapping   

A quantitative assessment of the underlying drivers of LULC degradation status 

(negative land use transition) was done through a logistic regression model approach. 

To assess the driver of negative LULC transition, 1000 random sites were sampled and 

their land cover condition (land cover degradation occurrence and no occurrence) were 

determined. This binary variable was used as a dependent variable to develop a logistic 

regression model and to understand the factors which contribute to the land cover 

degradation or the negative land use transition in the study area. In this context, the 

model of land cover degradation occurrence was defined as  

𝐿𝑜𝑔𝑖𝑡 𝑌𝑛 = 𝛽0 + ∑ 𝛽𝑖
𝑛
𝑖=1 𝑥𝑖  (Equation 3-11) 

Where Yn is the dependent variable representing the land condition, with Yn =1 

indicating the land cover degradation (negative land change transition) and Yn =0 

indicating the land cover improvement or stability (positive or neutral land change 
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transition). Xi represents the independent variables or explaining factors of the land 

cover condition in the study area. In the context of this study, both the biophysical and 

socio-economic drivers of land cover degradation were assessed as the land condition 

may be influenced by natural and anthropogenic factors. Therefore we assessed how 

the natural factor such as topography (altitude and slope), the edaphic factor (type of 

soil), demographic factors (population density), the socio-economic factors of 

accessibility (distance to road, distance to artisanal mining sites, distance to majors 

rivers, distance to majors centers and village), the conservation and development policy 

(presence of protected areas such as national park and forest reserve, presence of mining 

concession) may influence the occurrence of land cover degradation in the study area.  

A stepwise backward Logistic regression model was performed in SPSS 16 to 

determine the best-fit model of prediction of land cover degradation as a function of the 

determinant underlying drivers. This model was integrated into QGIS 2.18 along with 

the spatial raster file of the underlying drivers to produce a susceptibility map of land 

cover degradation. This land cover degradation susceptibility map of the study was 

categorized into 5 classes based on the quantile interval of probabilities to show the 

area with a very low, low, moderate, high, and very high probability of degradation. 

The accuracy of the goodness-of-fit and predictive efficiency of models was tested 

using the area under the ROC (Receiver Operating Characteristic) curve (AUC) and the 

pseudo-R-square (Nagelkerke’s R coefficient).   

3.7.3. Quantification of the landscape pattern  

The quantification of the landscape change pattern form from 1987-2020 period was 

done through the landscape metrics (index). The landscape composition and 

configuration metrics were determined at 2 levels of analysis: the class-level metrics 

which integrate all the patches of a given class (LULC type or category) and landscape-
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level metrics which considers all the patches or classes over the entire landscape 

(Kevin, 2015). These metrics were calculated based on the LULC maps for each period 

using the FRAGSTATS v4.2.1 software and by considering the watersheds delineated 

in the study area as basics environmental units of analysis. In this study, the description 

of the landscape structure was done based on 15 landscape metrics (Table 3.4) which 

reflect the major component of land use planning (Shi et al., 2013). These components 

include the shape, distance, connectivity, and diversity of patches (McGarigal et al., 

2012). The 15 metrics have been selected to understand the ecological process and the 

ecological effects of anthropogenic activities at the landscape level (Table 3.4).  
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Table 3.4: Landscape configuration metrics used in the present study 

Metrics Code Rationale  

Fragmentation and aggregation metrics 

Patch density PD The ratio between the number of patches and unit area of 

the landscape (number per 100 ha). The high value of PD 

reflects the high level of landscape fragmentation.  

Largest patch 

index 

LPI Percentage of the largest patch in the landscape (unit:%). 

The smaller the LPI, the higher the fragmentation 

Edge density ED The ratio between the total length of all edge segments 

and the unit area of the landscape (unit: m/ha). It indicates 

the nature of edge or patches boundary in a landscape. 

Landscape shape 

index 

LSI A ratio between the total edge length or edge and the 

minimum edge length in the landscape (unit: none). It 

takes a value of 1 when there is only one square patch and 

increases as the patch becomes less compact. 

Interspersion and 

juxtaposition 

index 

IJI Indicates the patch adjacencies and measures the 

interspersion or intermixing of classes (unit: %).  

Aggregation 

index 

AI A ratio between the number of like adjacencies involving 

the corresponding land use type and the maximum 

possible number of like adjacencies involving the 

corresponding land use class for the entire landscape 

(unit: %).  

Patch cohesion 

index 

COHESION Characterizes the physical connectedness of a patch 

belonging to a specific land use class (unit: none).  

Contagion CONTAG It is based on the cell advances and indicates the tendency 

of the patch types to be aggregated (unit: %).  

Shape metrics   

Mean patch size AREA_MN The average area of a patch in the landscape (unit: ha) 

Mean shape index SHAPE_MN The ratio between the actual perimeter of the patch and 

the minimum perimeter for a maximally compact patch 

(unit: none). If all patches are square, it takes a value of 

0, otherwise, it increases when the patches are complex 

Mean perimeter-

area ratio 

PARA_MN The mean perimeter-to-area ratio of a particular class 

describes the complexity of the landscape (unit: none). Its 

value increases as the patch becomes more complex. 

Mean Euclidian 

nearest neighbor 

distance 

ENN_MN Average distance to the nearest neighboring patch of the 

same class based on the edge-to-edge distance (unit: m). 

Take a value close to 0 when the patch of the same class 

becomes aggregated and increases indefinitely when they 

become more isolated. 

Perimeter-area 

fractal dimension 

PAFRAC Characterize the complexity of the patch in the landscape 

(unit: none). It takes a minimum value of 1 if the shape 

of the patch is simple and a maximum value of 2 when 

the shape becomes irregular. 

Diversity metrics   

Shannon’s 

diversity index 

SHDI Indicates the patch diversity in a landscape based on the 

number of classes and abundance of each class (unit: 

none) 

Simpson’s 

diversity index 

SIDI Represent the probability that two selected random 

patches belong to the same class (unit: none). 

Source : McGarigal et al. (2012), Shi et al. (2013) 
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The landscapes metrics which were computed are: 

(1) Composition indices: proportion of Forest land (FL), Grassland (GL), Shrub 

land (SL), Built-up area (BA), Cropland (CL), Wetland (WL), and Bare land (BL) 

(2) Configuration indices: the landscape fragmentation index which reflects the 

subdivision of the larger land unit into small patches, the landscape patches metrics 

which reflects the size and shape of patches, the landscape diversity index which 

provides information on the number of classes (landscape richness) and their 

distribution (landscape evenness), were considered. 

3.7.4. Analysis of land productivity dynamics  

The analysis of the land productivity was done by determining the trend of Landsat-

based NDVI over the 1987-2020 period. Additionally, using the biophysical and socio-

economic factors as independent variables and the occurrence of persistent decrease of 

land productivity during the 1987-2020 as dependent variables, a binary logistic 

regression model was developed to identify the determinant factors of land productivity 

degradation and to map the land productivity degradation susceptibility at territorial 

level in Eastern DR Congo 

3.7.4.1. Analysis of land productivity status   

The multitemporal remote sensing data plays a great role in the assessment of land 

productivity (Traore et al., 2014). More particularly, the vegetation index such as the 

NDVI is commonly used as a proxy for the assessment of vegetation dynamics 

(vegetation greenness) as the linear trend analysis of NDVI times series data can 

distinguish the degraded land from no degraded lands (Muhoyi et al., 2023). Indeed, 

the spatial trend of NDVI is widely used as a proxy of land productivity to understand 

the vegetation pattern and by extension the dynamics of land improvement, stability, 

and degradation (Kirui et al., 2021, Muhoyi et al., 2023). Therefore, the land condition 
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(degradation, improvement or stability) associated with LULC change and other 

environmental factors during the past three decades (1987-2020) was assessed based 

on the linear trend of NDVI derived from the Landsat images to capture the land with 

declining, stable and increasing biomass in the study area. By considering the dynamic 

of biomass as a proxy of land productivity, the NDVI data enables us to identify the 

areas which undergone the degradation, stability, and improvement of land 

productivity.  

The time series of multi-temporal annual composite NDVI value derived from Landsat 

images during the 1987-2020 period was extracted from the Google Earth Engine 

platform. These remote sensing observations provided an insight into the past and 

present land conditions of the Kalehe territory. Considering the spatio-temporel trend 

of NDVI as an indicator of change in land productivity, the Mann-Kendall monotonic 

trend test (monotonicity refers to a consistency of increasing or decreasing 

observations) which quantifies the direction and strength of two variables was used. 

The Mann-Kendall test helped to determine if a trend exist or not in the NDVI time 

series data during the last 33 years of analysis. It is a non-parametric test which does 

not require the normality of data or homoscedasticity of variance. That is why this test 

has been used widely for trend analysis of remote sensing data. It is used to test two 

hypotheses: the null hypothesis (H0) which suggest that there is no trend present in the 

data and the alternative hypothesis (H1) which suggest that there is a trend in the data. 

This trend could be positive or negative. Thus, the correlation coefficient (𝜏) of the 

Mann-Kendall test varies between +1 and -1 indicating, respectively a positive 

(consistency increasing) or negative (consistency in decreasing) trend. For a value of 0, 

there is no consistent trend. The evidence of a statistically significant trend in the data 
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is passed through the p-value of the test at the confidence level of 90% as suggested in 

other studies (Traore et al., 2014). For the spatial analysis of the annual NDVI trend, 

the function MKraster ( ) developed by Abdi et al. (2019) was used in this study. This 

function was executed in R 3.5 and required two packages: Raster and Kendall.  

3.7.4.2. Modelling the land productivity degradation and susceptibility 

mapping   

The Mann Kendall's monotonic trend coefficient (𝜏) of the NDVI during the 1987-2020 

period was used to establish a land degradation (decrease of NDVI) occurrence map 

with two classes: 1 indicating the presence of land degradation when  𝜏 < 0 and 0 

indicating the absence of land degradation (stability or improvement of land 

productivity) 𝜏 ≥ 0 . 1000 random sites were sampled and their land condition 

(degradation occurrence and no occurrence) were determined. This binary variable was 

used as a dependent variable to develop a logistic regression model and to understand 

the factors which contribute to the land productivity degradation in the study area. In 

this context, the model of land productivity degradation was defined as  

𝐿𝑜𝑔𝑖𝑡 𝑌𝑛 = 𝛽0 + ∑ 𝛽𝑖
𝑛
𝑖=1 𝑥𝑖 (Equation 3-12) 

Where Yn is the dependent variable representing the land condition, with Yn =1 

indicating the land degradation and Yn =0 indicating the land improvement or stability 

based on the Mann-Kendall's monotonic trend coefficient (𝜏) of NDVI between the 

years 1987 and 2020. Xi represents the independent variables or explaining factors of 

the land condition in the study area. In the context of this study, both the biophysical 

and socio-economic drivers of land degradation were assessed as the land condition 

may be influenced by natural and anthropogenic factors. Therefore an assessment of 

how the natural factors such as topography (altitude and slope), the edaphic factor (type 

of soil), demographic factors (population density), the socio-economic factors of 
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accessibility (distance to road, distance to artisanal mining sites, distance to majors 

rivers, distance to majors centers and village), the conservation and development policy 

(presence of protected areas such as national park and forest reserve, presence of mining 

concession) may influence the occurrence of land productivity degradation in the study 

area  was done.  

A stepwise backward Logistic regression model was performed in SPSS 16 to 

determine the best-fit model of prediction of land productivity degradation as a function 

of the determinant underlying drivers. This model was integrated with QGIS 2.18 along 

with the spatial raster file of the underlying drivers to produce a susceptibility map of 

land productivity degradation. This land productivity degradation susceptibility map of 

the study was categorized into 5 classes based on the quantile interval of probabilities 

to show the area with a very low, low, moderate, high, and very high probability of land 

productivity degradation. The accuracy of the goodness-of-fit and predictive efficiency 

of models was tested using the area under the ROC (Receiver Operating Characteristic) 

curve (AUC) and the pseudo-R-square (Nagelkerke’s R coefficient).   

3.7.5. Analysis of the dynamics of ecosystem service supply potential   

The evaluation matrix was used to monitor the perceived ecosystem service potential. 

The rank provided by local community were linked to the LULC maps to obtain the 

perceived ecosystem service value maps. A change analysis of those maps was done to 

determines the area with an increasing, decreasing and increasing potential of 

ecosystem services based on the perception of local communities. Furthermore, the 

influence of landscape metrics (composition and structure) was asses by developing 

multiple linear regression models. The Figure 3.8 provides an overview of the 

methodological framework applied to the analysis of the land cover dynamic in the 

context of this study.  
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Figure 3.8: Methodological framework applied in the analysis of ecosystem service 

dynamics.  

3.7.5.1. Assessment of the perceived ecosystem service value    

The "Matrix model" approach to the evaluation of no monetary value of ecosystem 

services (Chaudhary et al., 2016; Burkhard, 2017; Esmail et al., 2023) was adopted in 

this study. The evaluation matrix of the perceived value of ecosystem services provided 

by each LULC type was used for an in-depth analysis of the impact of LULC change 

on the ecosystem service as perceived by the local community. A list of potential 

ecosystem services available in the territory of Kalehe was elaborated based on the 

knowledge about the study areas. These potential ecosystem services were completed 

and validated by the community knowledge during the pilot survey. During the pilot 

survey, 7 people who were considered as elders in the community (age >50 years), who 

have lived in the area for more than 30 years were purposively selected and considered 

as key informants as they were supposed to have a good knowledge of the 

environmental changes that occurred in their locality through the last three decades. 

This key informant was involved in the validation of the evaluation matrix for the 
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assessment of the perceived value of the ecosystem service provided by each LULC 

type in the Kalehe territory. A total of 30 ecosystem services was validated by the local 

community during the pilot survey and then incorporated in the final evaluation matrix 

that consisted of 4 sections, each section corresponding to one ecosystem service 

category (supply services, regulation services, support services, and cultural services) 

as defined by the Millennium Ecosystem Assessment (2005). To establish the 

assessment matrix, the ecosystem services were placed in the rows matrix while the 

LULC type was inserted in columns (Burkhard, 2017). To complete the evaluation 

matrix, the enumerator has to formulate a simple question addressed to the respondent: 

"How do you rate the importance or capacity of the LULC type 𝐿𝑈𝐿𝐶𝑘 to supply a 

service 𝐸𝑆𝑖?" Therefore, the stakeholders were asked to rate the importance or value of 

each LULC type in terms of availability, accessibility, or potential supply to each 

ecosystem service based on the ecosystems services indicators recognized by the local 

community in their locality by using a Likert like the scale of four levels ranging from 

0 to 3 with 0= Not important (no service provided by the LULC type), 1= least 

important (low supply of service by the LULC type), 2= moderately important (medium 

supply of the service by the LULC type) and 3= Very important (high supply of the 

service by the LULC type). In addition to the evaluation matrix, questions related to the 

trend of provisioning services and the main drivers of change in the provisioning of 

ecosystem services were asked of local people during the household interview.    

3.7.5.2. Statistical analysis of the perceived ecosystem service value 

Based on the score provided by the land users, descriptive statistics including mean and 

standard variation of the ecosystem service value index was done. Bare plots and 

boxplots were used for the visual representation of the data. Inference statistics 

including the ANOVA test and Chi-square test of independence were also used to test 
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the hypothesis. For instance, the chi-square test was used to assess if there is a 

significant dependency between the LULC type and perceived ecosystem service. The 

ANOVA statistics were used to assess if the perceived value of ecosystem service varies 

according to the LULC type and ecosystem service category at a confidence level of 

95%. Furthermore, the multivariate statistics including the Principal Component 

Analysis (PCA) was applied using the packages FactormineR and Factorextra of R 3.3. 

The PCA was used to quantitatively assess the association between the perceived value 

of ecosystem services and the LULC types. These statistical analyses were done in R 

3.3.  

3.7.5.3. Spatial and temporal dynamics of the ecosystem service value 

To map the ecosystem service value, the mean ecosystem service score from the 

ecosystem service matrix during the interview was linked with the LULC maps. Using 

the spatial analysis tools of QGIS 2.18, the LULC maps for the respective years were 

merged with the mean value of the provisioning, regulating, supporting, and cultural 

ecosystems services using the approach proposed by Burkhard (2017) as illustrated in 

the Figure 3.9 and by adapting to the specificity of the study. Using this approach, we 

produced 8 maps representing the four categories of ecosystem services for the years 

1987 and 2020 respectively. For each year, an overall ecosystem service potential map 

was generated by summing and standardizing the results of the fours ecosystems 

services as suggested by Esmail et al. (2023). The standardization and rescaling of the 

sum of the fours ecosystem services categories maps were done through the application 

of the following equation to have values ranging from 0 to 3: 

𝑥𝑠 =
(𝑥−𝑥𝑚𝑖𝑛)∗3

(𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛)
 (Equation 3-13) 

The maps were classified according to the final score obtained as follows to 

discriminate the area with high ecosystem service supply potential for those with low 
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potential: 0 (No potential/No relevant supply)-1 (low potential/ low supply), 1-2 

(moderate potential/Moderate supply) and 2-3 (high potential/High supply). 

Subsequently, the ecosystem service supply potential maps were individually analyzed 

using the zonal statistic tool of QGIS 2.18 to compute the mean ecosystem service value 

at the territorial level, health zone level, and watershed level.  

 

Figure 3.9: Spatial representation of the ecosystem services supply potential 

based on the ecosystem evaluation matrix model.  

Sourceː Burkhard (2017)  

The quantification of the change in ecosystem service value about the LULC change 

during the 1987-2020 periods was done through the comparison of the spatially 

aggregated mean of ecosystem service value index per unit area for different years using 

the zonal statistics according to the administrative boundary (Esmail et al., 2023). The 

spatial aggregated mean value per unit area was computed based on the ecosystem 

service map using the zonal statistic tool of QGIS 2.16. The percentage of change (PC) 

for the mean ecosystem service value between two years T1 and T0, was calculated by 

using the formula (Equation 3.15): 

𝑃𝐶 (%) =
𝐸𝑆1−𝐸𝑆0 

𝐸𝑆0
∗ 100 (Equation 3-14) 
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With 𝐸𝑆0 and 𝐸𝑆1being the mean or the total ecosystem service value at T0 and T1 

respectively. 

In addition, to obtain the map showing the trend of supply of ecosystem service value 

between the1987-2020, the overall ecosystem service potential map for the initial year 

T0 (𝐸𝑆0)  and the final year T1(𝐸𝑆1) was subtracted and classified as follows to show 

the trend in the ecosystem service supply during the period T1-T2: 𝑃𝐶 (%) = 0: No 

change (stability), 𝑃𝐶 (%) > 0: Increase (Improvement), and 𝑃𝐶 (%) < 0: Decrease 

(Degradation). 

Based on the maps of the trend in the supply of ecosystem service between 1987 and 

2020, the percentage of area with decreasing trend was quantified per health zone and 

per watershed to do a prioritization zoning for conservation in the study area. This was 

helpful to produce the map of the degradation of the ecosystem service supply in the 

study area due to LULC change and to quantify its extent under the current and possible 

future situation of LULC change.  

3.7.5.4. Modelling the impact of landscape pattern on ecosystem services  

The regression models were used to predict the effect of landscape patterns on 

ecosystem service value (perceived value). For this, the average ecosystem service 

value for each watershed delineated in the study area was considered a dependent 

variable while the landscape pattern index (metrics) was considered an independent 

variable. Pearson's correlation analysis was done to assess the relationship among the 

variables. Stepwise multivariate regression was done through the stepAIC ( ) [MASS 

package] function of R 3.3 to select the best model that describes the relationship 

between the landscape pattern metrics and the ecosystem service value. The best model 

was chosen based on the AIC (Akaik Information Criterion) and both forward and 

backward directions were considered to choose the best model. Additionaly, the 
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Principal Componnent Analysis (PCA), a multivariate statistical technique, was uded 

to obtain information about the most important landscape metrics that influence the 

variability in the perceived ecosystem service value. Thus the PCA approach was used 

to analyse the relationship between the perceived ecosystem service value, the 

landscape composition and the landscape structure metrics at watershed level. For this, 

the FactoMineR and factorextra packages of R 3.3 were used. 

3.7.6. Analysis of soil erosion dynamics  

This study adopted the RUSLE model (Renard et al. 1997) to assess the dynamics of 

land degradation at territorial level within the study area. Figure 3.10 presents an 

overview of the RUSLE model adapted to the study area.  

 

Figure 3.10: Methodological framework applied in the analysis of soil erosion 

dynamics.  

As can be seen from the above figure 3.10, the parameters of the model were estimated 

using available soil data (SOTERCAF data, AfSIS data) for the K factor, rainfall data 

(WordClim data) for the R factor, topographic data (SRTM-DEM) for the LS factor, 
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and remote sensing data (Landsat) for the C and P factors which were integrated into a 

GIS environment for analyzing the spatial pattern of the soil loss under different LULC 

change and conservation management scenarios. Furthermore, the effect of landscape 

pattern of soil erosion was determined through the regression analysis of annual soil 

loss and landscape metrics. 

3.7.6.1. Overview of the RUSLE model 

The Revised Universal Soil Loss Equation (RUSLE) developed by Renard et al. (1997) 

was integrated into a GIS environment to evaluate the spatiotemporal dynamic of soil 

erosion under different conditions of LULC change and conservation practices 

scenarios. The RUSLE model is given by the equation 3.15  

A = R * K * LS *C * P (Equation 3-15) 

, where A expresses the possible long-term average annual soil losses (t/ha/yr), R, the 

rainfall erosivity factor (MJ.mm/ha.h.yr), K, the soil erodibility factor 

(t.ha.h/ha.MJ.mm), LS, the topographic factor (dimensionless), C, the vegetation factor 

(dimensionless), P. is the support practice factor or protection factor (dimensionless).  

3.7.6.2. Determination of the RUSLE model parameters   

a) Rainfall erosivisity factor (R) 

The rainfall erosivity factor R (MJ.mm/ha.h.yr) refers to the erosive force of a specific 

rainfall event which could significantly affect the stability of the soil and lead to soil 

loss (Wischmeier & Smith, 1978; Gashaw et al., 2017). The R-factor was calculated 

using the long-term mean annual rainfall derived from the WordClim database. This 

climate data area is reliable for estimating the erosivity factor R and is widely used 

around the world to estimate the current mean value of R based on the average long-

term precipitation (Claessens et al., 2008) and the projected future value of R under 

different climate change scenarios (Panagos et al., 2017, Hateffard et al., 2021). The 
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equation 3.16 proposed by Lo et al. (1985) which is commonly used in the Kivu region 

(Karamage et al., 2016) was considered for the computation of the R factor. 

𝑅 =  38.46 + 3.48 ∗ 𝑃 (Equation 3-16) 

Where R represents the rainfall erosivity factor (MJ mm ha-1 h-1 per year) and P is the 

annual precipitation (mm) calculated using the Wordclim climate data from the recent 

period (from 1970 to the nearest period) and the future period.  

b) Soil erodibility factor (K) 

The soil erodibility index K (t.ha.h/ha.MJ.mm) is a numerical value that represents the 

susceptibility of soil to water erosion based on its physicochemical characteristics 

(Ganasri & Ramesh, 2015).  In this study, the erodibility (K) for the different soil 

textural classes was calculated using the equation of William (1995). This equation 

determines the K-factor using soil properties such as clay, sand, silt, and organic carbon 

fraction. These data were extracted from the Afsis (African Soil Information System) 

which is a gridded mapping of soil Properties of Africa at 250 m resolution (Hengl et 

al., 2015). The equation 3.17 of Willian (1995) is given by the relationship: 

𝐾 =  𝑓𝑐𝑠𝑎𝑛𝑑 ∗ 𝑓𝑐𝑙 − 𝑠𝑖 ∗  𝑓𝑜𝑟𝑔𝑐 ∗  𝑓ℎ𝑖𝑠𝑎𝑛𝑑 (Equation 3-17) 

Where fcsand (Equation 3.18) is a parameter that confers a low erodibility factor for 

soils with high sand content and a high erodibility for soils with little sand, fcl-si 

(Equation 3.19) is a factor that considers a low erodibility value for soil with a large 

clay to silt ratio, forgc (Equation 3.20) is a factor that reduces erodibility for soils with 

high organic carbon content, fhisand (Equation 3.21) is a factor that reduces soil 

erodibility for soils with extremely high sand contents. The obtained value from the 

original equation of William was standardized from the American system units to the 

International System Units with a multiplying factor of 0.1317 (Bamutaze et al., 2021).  

𝑓𝑐𝑠𝑎𝑛𝑑 = 0.2 + 0.3 ∗ 𝑒𝑥𝑝 [−0.256 ∗ 𝑚𝑠 ∗ (1 −
𝑚𝑠𝑖𝑙𝑡

100
)] (Equation 3-18) 
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𝑓𝑐𝑙 − 𝑠𝑖 = (
𝑚𝑠𝑖𝑙𝑡

𝑚𝑐+𝑚𝑠𝑖𝑙𝑡
)

0.3

 (Equation 3-19) 

𝑓𝑜𝑟𝑔𝑐 = 1 −
0.036∗𝑜𝑟𝑔𝐶

𝑜𝑟𝑔𝐶+𝑒𝑥𝑝[3.72−(2.95∗𝑜𝑟𝑔𝐶)]
 (Equation 3-20) 

𝑓ℎ𝑖𝑠𝑎𝑛𝑑 = 1 −
0.7∗(1−

𝑚𝑠

100
)

(1−
𝑚𝑠

100
)+𝑒𝑥𝑝[−5.51+22.9∗(1−

𝑚𝑠

100
)]

 (Equation 3-21) 

Where ms is the percentage of sand (particle of 0.05 to 2.00 mm diameter), msilt is the 

percentage of silt content (particle of 0.002 to 0.05 mm diameter), mc is the percentage 

of clay content (particle of less than 0.002 mm diameter), and orgC is the organic carbon 

content (%). 

c) Topographic factor (LS) 

The topographic factor LS considers both slope length (L) and slope gradient or 

steepness (S) value which influence surface runoff velocity and play an important role 

in erosion occurrence (Moore & Wilson, 1992; Sarathi & Pani, 2015, Panagos et al., 

2015). The LS factor was calculated by using the equation proposed by Desmet and 

Govers (1996) which is appropriate for terrain with complex topography (Panagos et 

al., 2015). The Desmet and Govers (1996) equation is given by the formula 

𝐿𝑖,𝑗 =
(𝐴𝑖,𝑗−𝑖𝑛+𝐷2  )𝑚+1−𝐴𝑖,𝑗−𝑖𝑛

𝑚+1 )

(𝐷𝑚+2∗𝑥𝑖,𝑗
𝑚∗22.13𝑚  (Equation 3-22) 

 with Li,j, the slope length factor for a (i,j) coordinate grid cell; Ai,j-in being the flux 

accumulation area or contributing area to the input (i,j)-chordinate grid cell measured 

in m2 ; D is the size of the grid cell in meters, Xi,j=sinai,j+cosai,j  (Equation 3-23); ai,j is 

the direction of the aspect of the grid cell of coordinates (i,j); m varies between 0 and 1 

and is given by the relation 𝑚 =
𝛽

𝛽+1
  (Equation 3-24) with 𝛽 =

𝑆𝑖𝑛𝜃

0.0896

[0.56+3∗(𝑠𝑖𝑛𝜃)0.8]
  (Equation 3-25); 𝜃  is the slope angle in degrees. This equation is 

integrated into the geoprocessing toolbox (Terrain analysis) of SAGA GIS 7.8.2 

(System for Automated Geoscientific Analyses). A preprocessing of the Digital 
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Elevation Model (DTM) derived from an SRTM image of 30m spatial by filling the 

pits was performed in the QGIS software using the fill sink tool before the calculation 

of the LS factor.  

d) Soil cover-management factor (C) 

The soil cover-management factor C (dimensionless) represents the effects of 

vegetation cover and land use management practices on soil erosion (Ndolo, 2015; 

Belayneh et al., 2019). This factor denotes the influence of LULC on the runoff as the 

vegetation influences the runoff through the interception of precipitation, the 

enhancement of rainfall infiltration, and the reduction of rainfall energy. It is the ratio 

of bare soil losses under specific conditions to soil losses corresponding to soils under 

farming systems (Alexandridis et al., 2014). The C value is strongly related to LULC 

and varies between 1 for no protected soils to 0 for well-protected soils. In the context 

of this study, the C was determined based on the past (1987 and 2002), recent (2020), 

and predicted (2030, 2050, and 2070) LULC data. The C value of each LULC type 

(Table 3.5) was evaluated from the literature and weighted following field observation 

(Yang et al., 2003; Adidja et al., 2016; Eisenberg & Muvundja, 2020).      

e) Support or conservation practice factor (P) 

The support or conservation practice factor P (dimensionless) expresses the effect of 

soil and water conservation practices (mulching, afforestation, contour cultivation, 

terracing, etc.) on soil erosion reduction (Ganasri et Ramesh, 2015, Eisenberg & 

Muvundja, 2020). It is based on the fact that the conservation actions undertaken by the 

land user have the potential to reduce the runoff concentration and flow velocity thus 

reducing the entrainment of soil. It varies between 0 and 1, with effective conservation 

actions for the lowers value and no effective conservation actions for the highest value. 

During the field survey, the land users reported that they undertake some soil and water 
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conservation measures such as mulching and fallow which was most predominant but 

the scale is limited and these practices are not effective to control the erosion in the 

study area. Through field observation, it was noted that farmer continues to practice 

intensive tillage without the implementation of resistant erosion control techniques. 

Therefore, a value of 0.5 was assigned to the factor P for the cropland and a value of 1 

for no agricultural lands as suggested by Yang et al. (2003). 

Table 3.5: C and P factors assigned for the different LULC in the study area  

LULC C factor P factor C*P 

Forestland 0.001 1 0.001 

Cropland 0.5 0.5 0.25 

Wetland (Swamps) 0.05 1 0.05 

Settlement  0.1 1 0.10 

Grassland 0.08 1 0.08 

Shrub land 0.08 1 0.08 

Bare land  0.35 1 0.35 

Mixed forest and cropland 0.1 0.8 0.08 

Source: Yang et al. (2003) 

3.7.6.3. Analysis of the spatial and temporal trend of erosion 

The annual soil loss was computed by multiplying the 6 factors of erosion according to 

the RUSLE model. The soil erosion produced for the year 2020 was considered as the 

representation of the current situation of erosion in the study area. The analysis of the 

spatial variation of erosion intensity was done by classifying the soil loss by erosion 

according to the classification proposed by FAO-PNUMA-UNESCO (Hernando & 

Romana, 2015): <10 t/ha/year (low), 10-50 t/ha/year (Moderate), 50-200 t/ha/year 

(High) and 200 t/ha/year (very high). Furthermore, to determine the watershed which 

presents a high level of severity to water erosion according to the present situation of 

erosion, the average soil loss of erosion to each watershed in the study area was 

calculated and classified according to the different classes of severity.  

The past trend of erosion dynamics was analyzed for the 1987-2020 period. The erosion 

map from 1987, 2002, and 2020 were categorized into 4 areas: slight, moderate, severe, 
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and extreme degrees of severity to water erosion according to the classification 

proposed by FAO-PNUMA-UNESCO (Hernando & Romana, 2015). To evaluate the 

rate of change in erosion intensity for a given period, the equation 3.26 was used:  

RC=
𝑈𝑏−𝑈𝑎

𝑈𝑎
∗

1

𝑇
∗ 100  (%) (Equation 3-26) 

with RC the change in erosion intensity during the study period, Ua and Ub represent, 

respectively, the initial and final phase of erosion intensity, and T the time in years (Li 

et al., 2016). The change in soil erosion intensity between the years 1987 and 2020 was 

used to determine the hotspot of physical soil degradation. The erosion maps of the two 

dates (1987 and 2020) were subtracted to identify areas with a decreasing, stability, or 

increasing erosion risk. In this context, the percentage of change (PC) of the soil loss 

between two years T1 and T0, was calculated by using the formula (Equation 3-27) at 

the spatial level: 

𝑃𝐶 (%) =
𝐸1−𝐸0 

𝐸0
∗ 100 (Equation 3-27) 

With 𝐸0 and 𝐸1the soil loss at T0 and T1 respectively. The maps of soil erosion trend 

between the two years were classified as follows: 𝑃𝐶 (%) = 0: No change (stability), 

𝑃𝐶 (%) > 0: Increase (Degradation), and 𝑃𝐶 (%) < 0: Decrease (Improvement).  

Based on this map, the spatial extent of the area with decreasing pattern of erosion was 

determined and the delineated watershed in the study area was classified according to 

the extent of increasing trend of erosion for conservation prioritization.  

 

3.7.6.4. Scenario analysis of erosion dynamic 

The scenario analysis was done to evaluate the effect of LULC change and climate 

change on soil erosion and the effectiveness of conservation measures under the current 

and possible future situation of LULC change. The following scenarios were developed 

by using the RUSLE: 
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a) Baseline scenarios 

The 2020 erosion risk map which reflects the current situation of erosion was 

considered as the baseline for comparison to prioritize area for implementation of soil 

and water conservation measure in the landscape. Therefore, a soil erosion severity map 

was established to identify the vulnerable area (erosion hotspots) for conservation 

priority in the Kalehe territory. Based on the erosion severity maps, the territory was 

classified into three soil loss severity classes such as low risk (0-10 t/ha/year), moderate 

(30-50 t/ha/year), and high (>50 t/ha/year). Since the rate of erosion can be influenced 

by the site physical characteristics such as the slope, altitude, LULC types, and soil 

characteristics, the zonal statistics toolset of QGIS 2.18 was used to quantify the relation 

between the mean soil loss and the physical characteristics of the sites. The LULC 

categories, the soil types, the slopes classes, and altitudes classes were used as zones to 

extract and quantify the mean soil loss, the total soil loss, and the area coverage of each 

zone.  

b) Conservation practices scenarios 

It is possible to understand how changing farming practices may mitigate or exacerbate 

soil loss in a given area by using the P factors in scenario analysis (Benavidez et al., 

2018). The soil conservation planning was based on the tolerable soil loss limit which 

represents the maximum soil loss by erosion that can occur in the region and still permit 

crop productivity in the region. In the highland of the tropical region, an annual value 

of 11 tons per ha is considered a tolerable soil loss (Gashaw et al., 2017). Based on this 

value, the 2020 erosion risk map was classified into two categories to discriminate areas 

with soil loss below the tolerable limit and areas with soil loss high than the tolerable 

limit where the conservation measure should be prioritized. After identifying the land 

units having a soil loss higher than the tolerable limit, the P factor of these units was 
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adjusted to simulate the effectiveness of conservation measures. Four scenarios of 

conservation management practices (contouring, strip cropping. bench terracing, and 

broad-based terracing) were tested based on the value of the P (Table 3.6) factor to 

determine the best management practices for soil and water conservation in cultivated 

lands. In the conservation scenario analysis, the R, K, LS, and C factors were fixed 

while we changed the value of P according to the conservation practice that proposed.    

Table 3.6: P values for various soil conservation support practice factors  

Slope 

(%) 

Bench 

Terracing  

Broad base 

Terracing  

Contour 

farming 

Strip 

cropping 

1–2 0.1 0.12 0.6 0.3 

3–8 0.1 0.1 0.5 0.15 

9–12 0.1 0.12 0.6 0.3 

13–16 0.1 0.14 0.7 0.35 

17–20 0.12 0.16 0.8 0.4 

21–25 0.12 0.18 0.9 0.45 

> 25 0.14 0.2 0.95 0.5 

Source: David (1988), Shi et al. (2004), Karamage et al. (2016) 

The agroforestry implies the combination of shrubs or trees, and crops or livestock 

(Gold, 2009). It is recognized as one of the solutions to land degradation (Cooper et al., 

1996). Therefore, it can be integrated into conservation strategies. In order to assess the 

impact of the adoption of agroforestry and forest plantation as a conservation practice 

on the soil erosion rate, the soil loss was estimated for the scenario that the total area of 

cropland is turned into agroforestry system while the forest plantation is expanded into 

shrubland, grassland, and bare land. Therefore, the value of P and C factors for the 

cropland was adjusted by considering the parameters proposed by Yang et al. (2003) 

for mixed cropland and forestland (Table 3.5). In this scenario, the values of C and P 

factors for the forestland, wetland, and built-up land remained unchanged while it is 

considered that there is an afforestation of bare land, shrubland, and grassland. The 
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forest plantation’s C (0.02) and P (0.8) values was assigned to the bare land, shrubland, 

and grassland following the approach adapted by Lee et al. (2017).   

c) LULC changes under the Business-as-Usual scenarios  

According to Ramankutty & Foley (1998), the scenarios of land-use change must take 

into account the historical land uses of the twentieth century, the future land uses and 

potential land uses under present climate conditions. Therefore, we considered a 

business-as -usual scenario to simulate the future trend of erosion risk under the 

assumption that the historic trend (1987-2020) of LULC change due to biophysical and 

socio-economic factors will continue in the future. The rainfall erosivity and the LULC 

are the two most dynamic factors in erosion which can be used in modeling scenarios 

to evaluate the trend of erosion under possible future climate change and land use 

change (Panagos et al., 2017). However, the future climate change impact on soil 

erosion goes beyond the scope of this study which focuses on the impact of LULC 

change. Therefore, the estimation of future erosion scenarios was based on an 

association of the RUSLE factor C to the predicted LULC data for 2030, 2050, and 

2070. In the scenario of erosion dynamics due to land-use change, the C factor 

calculated based on future LULC was integrated into the RUSLE model to predict the 

future soil loss by erosion for the years 2030, 2050, and 2070.   

 3.7.6.5. Development of the soil erosion management plan 

The suitability analysis of soil and water conservation measures was conducted based 

on the erosion rate derived for the application of the RUSLE model, the actual LULC 

derived for the supervised classification of the Landsat images and the slope gradient 

derived from the SRTM-DEM to develop a soil erosion management plan that target 

the area with moderate to high erosion rate that exceed the tolerable limit of 10t/ha/year. 

In order to provide a solution to the issues of erosion in the territory of Kalehe, the 
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management plan was prepared for prioritizing area with high erosion rate by 

considering the threshold of 10t/ha/year which is the acceptable limits for tropical 

context. The approach developed by Srivastava et al. (2010) and Das et al. (2020) was 

adapted to the study area context. Since this study target the area with moderate and 

high risk of erosion, the soil erosion map derived from the RUSLE model for the 2020 

year was categorized into two priority zone for implementation of conservation 

measures: the high priority zone with soil loss > 10 t/ha/year and the low priority zone 

with erosion rate ≤ 10 t/ha/year. The best soil and water management practices was 

determined based on the suggestion of Srivastava et al. (2010) considering the existing 

LULC type and slope gradient. Therefore, for the land with slope gradient of 0-5% 

under moderate to high erosion risk, the contour bunding or strip cropping which is 

suitable for mild slopes was considered. In the same way, the agricultural the land with 

slope gradient of 5-15%, the broad base terracing which are suitable for this area was 

recommended. Similarly, the bench terracing was suggested for land with a slope 

gradient of 15-30%. Likewise for agricultural land, shrubland, grassland, and bare land 

with a slope gradient of more than 30% and contributing to the high erosion rate, the 

afforestation or agroforestry was suggested. Based on the current LULC maps, the 

forest cover and wetland were not considered for the above conservation practices, 

since this area should be protected against.  

3.7.6.6. Analysis of the impact of landscape pattern on the soil erosion 

The Pearson correlation analysis was performed to assess the statistical relationships 

between landscape pattern metrics and soil erosion loss to determine which landscape 

metric has a significant influence on soil erosion. To identify the relationship between 

landscape dynamics and soil erosion, the Pearson correlation of the potential soil loss 

based on the RUSLE model and the landscape metrics was examined at the initial phase. 
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In the second phase, the landscape pattern metrics (landscape composition and structure 

metrics) were considered as independent variables and the mean yearly soil loss by 

erosion per watershed was considered as dependent variables. Then the stepwise 

multivariate linear regression model was applied using the MAS package of R 3.3 to 

determine the best-fit model which explains the relationship between the erosion 

dynamic and the landscape metrics in the study area. Thirdly, the Principal Componnent 

Analysis (PCA), a multivariate statistical technique, was uded to determine the most 

important landscape metrics that influence the dynamic of erosion by analyzing the 

relationship between the mean annual soil loss based on the RUSLE model, the 

landscape composition and the landscape structure metrics at watershed level. For this, 

the FactoMineR and factorextra packages of R 3.3 were used. 

3.7.7. Development of a multi-criteria spatial models for conservation 

planning 

From the perspective of conservation planning, it is essential to determine the priority 

area for the implementation of landscape restoration initiatives and to adapt the land 

use to its capability to avoid further degradation. To attain the objective of making land 

use decisions based on land capability and land degradation vulnerability level for 

conservation planning, this study adopted the Analytical Hierarchy Process (AHP), a 

MCDA approach, to compare different criteria and proposed a methodology based on 

the following steps: (1) using the Landsat images to elaborate the map of the current 

LULC in the study area, (2) assessment of land degradation vulnerability to identify the 

hotspot of degradation where restoration should be prioritized, (3) Validation of the 

land degradation vulnerability model through field observation, (4) Assessment of the 

land capability (5) overlay of the land capability map and the current LULC map to 

obtain the land adequacy map which determines the adequacy or inadequacy of the 
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current land use management (7) Adaptation of the current land use to the land 

capability,  and suggestion of conservation measures. Therefore, a land degradation 

vulnerability model (LDVM) as well as a land capability model (LCM) were developed. 

Figure 3.11 summarizes the general process in the MCDA approach adopted in this 

study. 

 

Figure 3.11 Methodological framework of the GIS-based AHP approach for land 

use and conservation planning decision support in response to land degradation.  

3.7.7.1. Overview of the MCDA model 

The Multi-criteria Decision Analysis (MCDA) is a decision-making tool that involves 

the selection of criteria, the weighting of criteria, and the combination of criteria to find 

solutions that satisfy decision-makers rather than an illusory optimum solution 

(Berliner, 2009). In the context of this study, the purpose is to make informed decisions 

about the prioritization area for the implementation of landscape restoration initiatives 

based on the land degradation vulnerability, the land capability, and the current LULC. 

The selection of land degradation criteria or proxies of land degradation was made 

through an extensive analysis of literature, field observations, and results from spatial 
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analysis in the previous sections of this study and knowledge about the drivers of land 

degradation in the study area as perceived by the land user (results of the community 

consultation through questionnaire survey). Once the criteria were selected, their 

modalities which have different units were standardized at a common unit ranging from 

0 to 5 and classified (ranked) according to their influence on the land degradation 

vulnerability (1=very low, 2= low, 3=moderate, 4=high, 5=very high). After the 

harmonization of the unit of criteria, the criteria were compared two by two (pairwise 

comparison) through the application of the Analytical Hierarchy Process (AHP) by 

using the EasyAHP plugin of QGIS 2.18. The AHP approach was proposed by Saaty 

(1980) and is performed through a pair-wise comparison of factors each other based on 

their relative importance (equal, moderate, strong, very strong, and extremely strong). 

This comparison is done on the 1-9 point scale proposed by Saaty (1980, 2008) (Table 

3.7).  

Table 3.7: A fundamental Verbal and numeric scale for the pairwise comparison 

of criterion according to the Analytical Hierarchy Process.  

Numerical scale Response Alternatives of Experts 

1 Criteria i is equally important as Criterion j 

3 Criterion i is slightly more important than Criterion j 

5 Criterion i is more important than Criterion j 

7 Criterion i is strongly more important than Criterion j 

9 Criterion i is extremely more important than Criterion j 

1/3 Criterion i is slightly less important than Criterion j 

1/5 Criterion i is less important than Criterion j 

1/7 Criterion i is strongly less important than Criterion j 

1/9 Criterion i is extremely less important than Criterion j 

Source: Saaty (1980), Saaty (2008), Herzberg et al. (2019) 

Using this pair-wise comparison method, two criteria were compared at a time based 

on expert knowledge, field observation, and literature review to obtain a comparison 

matrix. The results of the pairwise comparison was presented in a matrix which 
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compares the priorities of all criteria against each other matrix where  𝐶𝑖𝑗 represents the 

level of importance accorded to criterion i as compared to criterion j (Table 3.8). 

Table 3.8: General form of a pairwise comparison matrix (A)  

1 𝐶12 𝐶1𝑖 𝐶1𝑗 𝐶1𝑛 

𝐶21 1 𝐶2𝑖 𝐶2𝑗 𝐶2𝑛 

𝐶𝑖1 𝐶𝑖2 1 𝐶𝑖𝑗 𝐶𝑖𝑛 

𝐶𝑗1 𝐶𝑗2 𝐶𝑗𝑖 1 𝐶𝑗𝑛 

𝐶𝑛1 𝐶𝑛1 𝐶𝑛𝑖 𝐶𝑛𝑗 1 

Source: Adapted from Herzberg et al. (2019)   

After the computation of the pairwise matrix, the next step was the normalization of the 

matrix by dividing each element 𝐶𝑖𝑗 of the pairwise comparison matrix by the value of 

the sum of numbers in each column of the matrix. Therefore, the normalized value of 

the numerical scale of comparison was calculated as follows according to Herzberg et 

al. (2019): 

𝐶𝑖𝑗
̅̅̅̅ =

𝐶𝑖𝑗

∑ 𝐶𝑖𝑗
𝑛
𝑖=1

  (Equation 3-28) 

 where  𝐶𝑖𝑗
̅̅̅̅  , the normalized value of 𝐶𝑖𝑗   , n the number of compared criteria and 

∑ 𝐶𝑖𝑗
𝑛
𝑖=1  is the sum of 𝐶𝑖𝑗 by column j from matrix A. The result was used to elaborate 

a normalized pairwise comparison matrix (Table 3.9).  

Table 3.9: General form of a Normalized Matrix  

𝐶11
̅̅ ̅̅  𝐶12

̅̅ ̅̅  𝐶1𝑖
̅̅ ̅̅  𝐶1𝑗

̅̅ ̅̅  𝐶1𝑛
̅̅ ̅̅̅ 𝒘𝟏 

𝐶21
̅̅ ̅̅  𝐶22

̅̅ ̅̅  𝐶2𝑖
̅̅ ̅̅  𝐶2𝑗

̅̅ ̅̅  𝐶2𝑛
̅̅ ̅̅ ̅ 𝒘𝟐 

𝐶𝑖1
̅̅ ̅̅  𝐶𝑖2

̅̅ ̅̅  𝐶𝑖𝑖
̅̅ ̅ 𝐶𝑖𝑗

̅̅ ̅̅  𝐶𝑖𝑛
̅̅ ̅̅  𝒘𝒊 

𝐶𝑗1
̅̅ ̅̅  𝐶𝑗2

̅̅ ̅̅  𝐶𝑗𝑖
̅̅ ̅ 𝐶𝑗𝑗

̅̅̅̅  𝐶𝑗𝑛
̅̅ ̅̅  𝒘𝒋 

𝐶𝑛1
̅̅ ̅̅̅ 𝐶𝑛2

̅̅ ̅̅̅ 𝐶𝑛𝑖
̅̅ ̅̅  𝐶𝑛𝑗

̅̅ ̅̅  𝐶𝑛𝑛
̅̅ ̅̅ ̅ 𝒘𝒏 

Source: Adapted from Herzberg et al. (2019)   

After obtaining the normalized matrix, the final step was the determination of the 

weight of each criterion by averaging the value of each row in the normalized matrix 

(Saaty 1980, 2008). Thus, from the above matrix (Table 3.9), the standard weight of 
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each criterion was derived by dividing the sum of the normalized row of the matrix by 

the number of criteria (parameters) as follows: 

𝒘𝒊 =
∑ 𝐶𝑖𝑗̅̅ ̅̅𝑛

𝑗=1

𝒏
 (Equation 3-29), 

where 𝒘𝒊 is the weight of criterion i and ∑ 𝐶𝑖𝑗
̅̅̅̅𝑛

𝑗=1  is the sum of 𝐶𝑖𝑗
̅̅̅̅  by row j from the 

standardized pairwise comparison matrix. 

In the perspective to validate the results of the consistency of judgment in making the 

decision and to have some indications of the compatibility and rationality between 

compared criteria, the consistency index (CI) and consistency ratio (CR) was used. The 

Consistency Index (CI) is calculated as follows: 

𝐶𝐼 =
𝜆𝑚𝑎𝑥−𝑛

𝑛−1
  (Equation 3-30)  where n is the number of criteria and 

𝜆𝑚𝑎𝑥 =
∑

𝑤𝑖∗𝐶𝑖𝑗

𝑤𝑖

𝑛
𝑗=1

𝑛
  (Equation 3-31) 

with 𝐶𝑖𝑗, the important level of criterion i as compared to criterion j and 𝑤𝑖 is the weight 

of criterion i. 

The Constancy ratio was calculated based on the following relation: 

𝐶𝑅 =
𝐶𝐼

𝑅𝐼
  (Equation 3-32) 

where CR is the Consistency Ratio and RI is Random Index. The value of the random 

index (Table 3.10) has been already provided by Saaty (1980). An inconsistency of 

10% is considered acceptable according to Saaty (1980), therefore if the CR ≤ 0.1, the 

pairwise comparison can be considered valid, otherwise a review and adjustment of the 

comparison is done. 

Table 3.10: Values of RI  

n 1 2 3 4 5 6 7 8 9 10 

RI 0 0 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49 

n= number of criteria used and RI is the Random inconsistency.  

Source: Saaty (1980). 
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3.7.7.2. Methodological framework for land degradation vulnerability 

assessment based on the AHP approach and IPCC vulnerability framework  

For a good assessment of land degradation vulnerability, this study considers both the 

natural (biophysical) and anthropogenic (socio-economic) indicators of vulnerability. 

This study is based on the IPCC framework for vulnerability assessment. In that 

framework, three components of vulnerability that should be considered are exposure, 

sensitivity, and adaptability. The application of this framework in the assessment of the 

vulnerability at the landscape level in the study area was done in three steps: firstly, the 

determination of the indicators of exposure, adaptative capacity, and sensitivity. After 

that, the different indicators were weighted using the Analytical Hierarchy process. 

Lastly, an overall indicator of vulnerability was obtained by summing the score of each 

vulnerability component. A set of indicators of these three components was identified 

based on the assessment of drivers of land degradation in the study area (Figure 3.12).  

 

 

Figure 3.12: Methodological framework of the AHP-GIS-based approach for 

modeling the land degradation vulnerability.  
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For the exposure of the land to water erosion risk, the current rate of soil loss by erosion 

(erosion risk) calculated through the RUSLE model was considered an indicator of 

physical land degradation in the study area. The sensitivity which represents the 

response of the land system when it is experiencing the exposure was determined as a 

function of topography, soil type, and hydroclimatic factors. Adaptability which refers 

to the adaptative capacity in response to the land degradation process was estimated 

based on socio-economic characteristics such as population density, accessibility 

factors, and land use management as these factors are related to adaptability (Zhao et 

al., 2020). Thus, an Exposure index (EI), sensitivity index (SI), and adaptability index 

(AI) were computed through the application of the weighted linear combination of 

criteria (Malczewski, 1999).  For this, the weight of each criterion obtained by using a 

pairwise comparison of criteria through AHP was multiplied by their standardized score 

(standardized ranking value of parameters) and then the results were summed to obtain 

the index. The spatial zoning map of each index was obtained by applying the following 

formula: 

𝐼𝑛𝑑𝑒𝑥𝑥 = ∑ 𝑅𝑖𝑊𝑖
𝑛
𝑖=1  (Equation 3-33) 

Where 𝑊𝑖 is the weight of the criteria I and 𝑅𝑖 is the score value (rank) of the feature 

in the thematic layer and n is the.   

3.7.7.3. Characterization of the exposure of the land to erosion risk 

The current soil erosion rate was used as a proxy of the risk exposure to the physical 

land degradation process. Area with high erosion potential is more vulnerable to loss 

of land productivity due to the loss of topsoil. Furthermore, the sediment loading and 

siltation of rivers associated with soil loss have an impact on the water ecosystem and 

can contribute to flooding. Thus it was important to integrate this process into the land 

vulnerability model of the study area. The soil loss intensity was classified into five 
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levels of vulnerability: very low (< 5 t/ha/year), low (5-10 t/ha/year), moderate (10-50 

t/ha/year), high (50-100 t/ha/year), and very high (> 100 t/ha/year). 

3.7.7.4. Characterization of the biophysical vulnerability 

a) Classification and ranking of the biophysical vulnerability indicator  

It is well known that the topographic factors (slope gradient, altitude, topographic 

wetness index), hydroclimatological factors (vertical distance to drainage network, 

flow accumulation, and rainfall intensity), and edaphic factors (soil type) affect the 

susceptibility to land degradation. Thus this range of indicators identified in the 

literature was standardized and ranked using a scale of 1 to 5 depicting the level of land 

degradation vulnerability (1 corresponding to very low vulnerability and 5 to very high 

vulnerability) based on the expert assessment as presented (Table 3.11).  
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Table 3.11: Justification of classification and ranking of selected biophysical 

factors of land degradation vulnerability 

Factor High rank Low 

rank 

Justification 

Slope  

gradient 

Steeps Flat An increase in the slope gradient induces an 

increase of erosion and shallow landslide 

susceptibility (Sharma & Singh, 2017).  

Altitude 

gradient  

High 

altitude 

Low  

altitude 

Altitude is a factor controlling the humidity in 

the region, and the occurrence of landmass in 

the region is associated with high altitude 

(Maki et al. 2021).  

TWI High 

wetness 

Low 

wetness 

The distribution of wetness conditions and 

influences the surface water runoff. Floods, 

erosion and landslides are more likely to occur 

in areas where the wetness conditions are 

high. 

Soil type High 

erodibility 

Low 

erodibilit

y 

The soil with fine texture such as those rich in 

clay have a low infiltration potential, thus 

contributing to the runoff and soil erosion 

Rainfall  High  

intensity 

Low  

intensity 

High rainfall intensity contributes to the 

occurrence of erosion, landslides, and 

flooding.  

Distance to 

the drainage 

network 

Low  

distance 

High  

distance 

The occurrence of erosion and landslides 

through river incision, and flooding are high 

on the river bank. 

Flow 

accumulation 

High 

accumulation 

Low 

accumula

tion 

The area where there is an accumulation of 

surface water after rainfall events are likely to 

be affected by flooding, erosion, and landslide 

incidence 

The topographic factor which was considered in this study is the slope gradient 

(percent), the altitude gradient, and the Topographic Wetness Index. These factors were 

derived from an SRTM-DEM of 30 m of spatial resolution. The slope gradient is a 

major factor that determines the terrain stability and controls the velocity of water 

runoff as well as the water infiltration potential (Sharma & Singh, 2017). An increase 

in the slope gradient induces an increase in the velocity of surface water runoff and a 

reduction of the infiltration, thus increasing erosion and shallow landslide 

susceptibility. Since steep slopes are more susceptible to erosion and landslides, they 

have been given the highest weight of 5. The physical land degradation vulnerability 

potential for the flat area is 1, indicating that they are the least susceptible to landmass 
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movement.  In addition, altitude is a factor controlling the humidity in the region, and 

the occurrence of landmass in the region is associated with high altitude (Maki et al., 

2021). Furthermore, the gradient of altitude determines the ecological zones of species 

in this region and it's recognized that the ecosystem in high altitude is most vulnerable 

to environmental changes. For instance, there is a stratification of vegetation according 

to altitude in the Kahuzi-Biega National Park.  Thus the very high altitude gradient (> 

2050m) has been given the highest rank of 5 while the area whit the very low altitude 

gradient (< 1250) was given the lowest rank of 1 as they are least susceptible to land 

mass movement.   The topographic wetness index (TWI) indicates the distribution of 

wetness condition and influence the surface water runoff. This index depends on the 

upstream contributing area per width orthogonal to the flow direction and slope gradient 

(Sharma1 & Singh, 2017) and it is estimated using the following formula: 

𝑇𝑊𝐼 = 𝑙𝑛 (
a

𝑡𝑎𝑛𝑔 (β)
) (Equation 3-34) 

with a, the specific catchment area obtained by dividing the catchment area A by the 

catchment contour length L, and β the slope gradient. Floods and landslides are more 

likely to occur in areas where the wetness conditions are high. The greatest rank of land 

degradation vulnerability was given to the area with TWI>19 while the lowest TWI 

(<7) was given the lowest rank. 

To take into account the influence of the edaphic factor, the soil type of the study area 

derived from the SOTERCAF database was classified according to their erodibility. 

The texture of the soil influences the soil erodibility as it controls the infiltration 

potential of the soil. The soil with fine texture such as those rich in clay have a low 

infiltration potential, thus contributing to runoff and soil erosion. The soil types were 

classified according to their resistance to soil erosion The Acrisols have been given the 

maximum weightage of 5 due to their high erosivity and low infiltration capacity 
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suggesting that they have the most contributing factors to the occurrence of erosion, 

landslide, and flooding in the area. 

Rainfall intensity is one of the biophysical drivers of soil erosion and shallow landslide 

through its abrasive capacity (rainfall erodibility). The rainfall intensity also influences 

the occurrence of flooding as this process occurs mostly when the rainfall depth is high 

in the study area. The long-term annual rainfall derived from the Wordclim database 

was used to discrete the space into a different zone of rainfall intensity. The area 

characterized by an annual rainfall less than 1500 mm/year was given the lowest weight 

of 1 while the highest rank of 5 was given to the areas with annual rainfall higher than 

1800 mm/year. During the rainfall event, water flows from the convex area and 

accumulates in the concave area of the landscape. This flow accumulation process was 

considered in the land degradation vulnerability model of the study area because the 

area where there is an accumulation of surface water after rainfall events is likely to be 

affected by flooding, erosion, and landslides incidence. The flow accumulation was 

estimated based on the SRTM-DEM of the study area using the hydrological analysis 

module of SAGA-GIS 7.8.2. In this context, flow accumulation is defined as the 

number of pixels where flow is accumulated in a particular area. The study area was 

categorized into 5 levels of vulnerability to land degradation, with high flow 

accumulation (>106 upstream cells number) indicating a high level of vulnerability.  

The vertical distance to the drainage network which gives an insight on the depth of the 

water table compared to the topographic surface was also considered as an indicator of 

the land degradation vulnerability in the study area. The distance to the drainage 

network indicates the influence of the drainage density on the stability of soil cover. 

There is an association between the drainage density, the potential of dissection of the 
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terrain through erosion, and the flood occurrence in the study area. It is evident that the 

flooding occurrence is high on the river bank and diminishes when the distance from 

the river increases. It can also be noted that the chance of flooding is high in the areas 

where the drainage density is high as the surface water runoff is high in these areas. 

Therefore, the lowest rank of 1 was given to the locations with the highest vertical 

distance to the drainage network (>100m). Nevertheless, areas with the lowest distance 

(<25m) were given the highest rank of 5.  

b) Development of the sensitivity index 

The computation of the sensitivity index was done by considering the biophysical factor 

of land degradation vulnerability. All these factors were compared through the AHP 

approach and their respective weights were determined. The Sensibility index (SI) was 

defined as:  

𝑆𝐼 = 𝑤1 ∗ 𝑅 + 𝑤2 ∗ 𝐷𝑁 + 𝑤3 ∗ 𝐹𝐴 + 𝑤3 ∗ 𝑆𝐺 + 𝑤4 ∗ 𝐴𝐺 + 𝑤5 ∗ 𝑇𝑊𝐼 + 𝑤6 ∗ 𝑆𝑇  
(Equation 3-35) 

With R the annual rainfall, DN the distance to the drainage network, FA the flow 

accumulation, SG the slop gradient, AG the altitude gradient, and TWI the topographic 

wetness index, w1, …, w5 their respective weights.     

3.7.7.5. Characterization of the socio-economic vulnerability indicator  

a) Classification and ranking of the socio-economic vulnerability indicators  

The socio-economic factors of land degradation vulnerability that are considered in this 

study are land use management factors (zoning policy), population density, and 

accessibility factors (distance to roads, distance to major rivers, distance to artisanal 

mining sites, distance to locality, and distance to center). For ranking and 

standardization, these criteria were classified into five classes based on the degree of 

vulnerability with 1 representing the lowest vulnerability and 5 the highest vulnerability 

as depicted (Table 3.12). 
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Table 3.12: Justification of classification and ranking of selected socio-economics 

factors of land degradation vulnerability 

Factor  High 

rank 

Low 

rank 

Justification 

Population 

density 

High 

density 

Low 

density 

The vulnerability to land degradation increases 

when the population density is high. 

Distance to road Near Far The land degradation vulnerability would increase 

when the distance from the road network decrease 

Distance to the 

administrative 

center 

Near Far The access to markets which are concentrated in the 

major administrative group center contribute to the 

land degradation vulnerability. 

Distance to 

locality 

Near Far The impact of land degradation is expected to be 

high in the villages where people depend mostly on 

natural resources for their livelihood.  

Distance to 

rivers 

Near Far Riparian vegetations are more vulnerable to 

environmental changes. 

Distance to 

artisanal mining 

sites 

Near Far The intensification of mining activities is 

responsible for adverse environmental changes such 

as deforestation, slope instability, and loss of 

biodiversity.  

Protected area Absence Presence The land degradation vulnerability is expected to be 

low in the protected area compared to its 

surroundings due to the restriction of certain 

activities. 

Mining 

concession 

Presence Absence  The intensification of anthropogenic activities 

inside the mining concession increases the 

vulnerability to land degradation. 

For the socio-economic vulnerability, the population dynamics (population density) 

were considered as an indicator of social vulnerability, and the accessibility criteria 

(distance to roads, distance to major administrative center, distance to village, and 

distance to artisanal mining), were considered as indicators of economic vulnerability 

while the zoning for conservation (protected area) and development purpose (mining 

concession) were considered as indicators of land use management. The population 

density data was derived from the WorldPop Open Population Repository (WOPR). 

The vulnerability to land degradation increases when the population density is high as 

more people are exposed to this risk and a high density of population implies a high 

pressure on natural resources to satisfy their needs. In consequence, the greatest rank 

of the vulnerability of 5 was assigned to the area with a population density higher than 
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700 inhabitants/km2 while the lowest rank of vulnerability was given to the area with a 

population density of less than 100 inhabitants/km2. In the study area, most of the 

economic activities, as well as important infrastructures such as schools, hospitals, and 

markets, are concentrated in the major administrative group center, thus it is important 

to take into account the distance from this economic pool to highlight the vulnerability 

associated with these economic activities. In addition, the impact of land degradation 

is expected to be high in the villages where people depend mostly on natural resources 

for their livelihood. Thus, we consider that the vulnerability to land degradation should 

be high when the distance to the village and administrative center decreases. Another 

factor of land degradation vulnerability in the study area is the distance from roads. 

This is related to the fact that most human settlements are located along the road 

network. In addition, the permeabilities of the soil along the road network associated 

with the compaction of soil slow down the infiltration and increase the runoff potential 

thus contributing to soil erosion. In consequence, the land degradation vulnerability 

would increase when the distance from the road network decreases. Furthermore, the 

distance to the river network was considered an indicator of ecological vulnerability as 

riparian vegetation is more vulnerable to environmental changes. Artisanal mining is 

responsible for adverse environmental changes in Eastern DR Congo. The Euclidian 

distance from administrative centers, villages (locality), artisanal mining sites, rivers, 

and roads was obtained by using the proximity tool of QGIS. Using the natural break 

interval, the proximity variables were standardized and reclassified into 5 levels of 

vulnerability with the highest value of 5 assigned to the nearest distance (<3000m) and 

the lowest value of 1 assigned to the highest distance (>12000 m)   

Land use management is an important factor to consider in the assessment of land 

degradation vulnerability. There is also an implementation of land conservation 
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mechanisms through the designation of protected areas (park and forest reserve) and 

development policy through the establishment of the mining concession in D.R. Congo. 

The land degradation vulnerability may depend on these land management policies. For 

instance, the designated protected areas are expected to be less vulnerable due to the 

prohibition of certain activities while the mining concession is more vulnerable to land 

degradation due to the intensification of anthropogenic activities.  

 b) Development of the adaptability index 

The adaptability index was computed by considering the socio-economics factors of 

vulnerability. The pairwise comparison of the socio-economic factor of land 

degradation vulnerability was done through the AHP approach to obtain the weight of 

each factor (𝑊𝑖) and the adaptability index (AI) was computed using the equation 3.36: 

𝐴𝐼 = 𝑤1 ∗ 𝑀𝐶 + 𝑤2 ∗ 𝑃𝐴 + 𝑤3 ∗ 𝑃𝐷 + 𝑤4 ∗ 𝐷𝐿 + 𝑤5 ∗ 𝐷𝐴𝑐 + 𝑤6 ∗ 𝐷𝑅𝑜 + 𝑤7 ∗
𝐷𝑅𝑖 + 𝑤8 ∗ 𝐷𝐴𝑚 (Equation 3-36) 

With MC the mining concession, PA the protected area, PD the population density, DL 

the distance to the locality, DAc the distance to the administrative center, DRo distance 

to the road, DRi is the distance to the river, Dam the distance to artisanal mining and 

with their respective weight.  

3.7.7.6. Computation of the overall vulnerability index  

The model to establish the zoning of prone-area to land degradation was defined by 

integrating the exposure (EI), the sensitivity (SI), and the adaptability index (AI). The 

three indexes were compared through the AHP approach and the final land degradation 

vulnerability index (LDVI) was computed using the equation 3.37 

𝐿𝐷𝑉𝐼 = 𝑤1 ∗ 𝐸𝐼 + 𝑤2 ∗ 𝑆𝐼 + 𝑤3 ∗ 𝐴𝐼 (Equation 3-37) 

This model (Equation 3.37) was applied to determine the land degradation-prone area 

where landscape restoration action should be prioritized. Based on the developed 

model, the land degradation vulnerability map of the study area was produced. This 
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map was classified into five classes of vulnerability (very low, low, moderate, high, and 

very high) based on the natural break interval. The area with very low vulnerability is 

those that don't necessitate any restoration measures. The area with low vulnerability 

was given a low priority for restoration, the area with moderate vulnerability was given 

a medium priority and the area with high and very high vulnerability was given a high 

priority for implementation of restoration measures based on the level of degradation. 

Furthermore, the zonal statistics were computed to determine the mean value of the 

vulnerability index at the watershed level. Based on this approach the watershed was 

prioritized according to their vulnerability. 

 3.7.7.7. Performance of the model  

The validation of the developed models was done by considering the soil erosion and 

shallow landslide occurrence data as a proxy of physical land degradation. These data 

were used to validate the developed model to predict land degradation vulnerability. To 

assess the reliability of the Analytical Hierarchy Process (AHP) model to predict the 

hotspot of land degradation in the study area, we assessed the relationship between the 

occurrences data of landmass features observed on the field and through Google Earth 

images with the class of land degradation vulnerability by using the frequency ratio 

approach. The probabilistic frequency ratio (FR) approach as proposed by Pradhan et 

al. (2012) was used to assess the relationship between the occurrence data of erosion 

features and the class of land degradation vulnerability determined by applying the 

AHP model. The frequency ratio approach provides a valuable ranking to identify the 

closeness of the relationship between the occurrence of land degradation features and 

the class of land degradation vulnerability. In this approach, the frequency ratio was 

defined as the ratio of the proportion of occurring land degradation features (erosion 

and shallow landslides) in each land degradation vulnerability class to the proportion 
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of the land degradation vulnerability class to the total area considered. The value of FR 

equal to one was used as a threshold (Tehrany et al., 2017, Gayen et al., 2020)ː a value 

that is higher than 1 indicates a high correlation while a value less than 1 shows a low 

correlation between the classes of vulnerability and the land degradation features 

occurrence. The overall accuracy was obtained by dividing the sum of land degradation 

features observed in the high and very high vulnerability zones by the total number of 

erosion features observed in the study area.   

3.7.7.8. Land capability analysis 

The land capability represents the ability of the land for agriculture and non-agricultural 

land use based on a set of combinations of soil characteristics and slope (Romshoo et 

al., 2020). The assessment of land suitability for land use was done through the land 

capability analysis. The land capability depends on different physical factors including 

the nature of the soil and the topography (Al Saya et al. 2022, Nguyen et al., 2023). In 

the context of this study, the USDA land capability classification of the soil resources 

was adapted to the study area context. The USDA land capability consists of 8 levels 

ranging from I to VIII in descending order of land productivity. In the context of this 

study, we considered the four classes suitable for agricultural productivity (I to IV) but 

stricter soil and water conservation are required as the class order increase, and the class 

of non-arable land of USDA’s classification (classes V-VIII) was grouped into a single 

class V characterized by a poor land capability for agricultural purpose but suitable for 

forestry purpose following the approach suggested by Al Saya et al. (2021) and Nguyen 

et al. (2023).  The main factors used in this study for land capability assessment are soil 

texture, soil depth, and slope. The soil factors were derived from the Afsis database 

while the slope was derived from a DEM. Since these factors don’t have the same 

influence on the land capability, different weight was allocated based on the weights 
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provided in the literature (Al Saya et al. 2022), and pairwise comparison was done to 

avoid bias in the allocation of weight. These factors were paired and compared using 

the AHP approach to produce the land capability index of the study area as can be seen 

in Table 3.13.  

Table 3.13: Factor for land capability classification for the study area 

Capability I (High) II(Moderate) III(Low) IV(Very low) V(Non-arable)  

Texture (T) Medium Sandy Fine Very fine Very fine 

Soil depth (SD) 

(in Cm) 

very deep  

(>150) 

Deep  

(150-100)  

Moderate  

(100-50)  

Shallow  

(25-50) 

Very shallow  

(< 25) 

Slope (S) Flat Gentle Moderate Steep Very steep 

The land capability index (LCI) was defined as  

𝐿𝐶𝐼 = 𝑤1 ∗ 𝑇 + 𝑤2 ∗ 𝑆𝐷 + 𝑤3 ∗ 𝑆 (Equation 3-38) 

The land capability was used as a basis for adaptative land use planning to reduce the 

land degradation vulnerability in the study area (Figure 3.13). The flowing stages were 

followed: (1) the current land use map was obtained by doing a supervision 

classification of Landsat images,  (2) the land capability maps were obtained by 

combining soil data (soil texture and soil depth) and terrain characteristics (slope 

gradient) derived from a digital elevation model based on the land capability 

classification of USDA, (3) the land capability maps and the land use maps were 

combined to obtain the land adequacy map, (4) the land adequacy map was used to 

adjust the land use maps to its capability, (5) the frequency ratio of the occurrence of 

landslides and soil erosion within the land capability classes was calculated to assess 

the correlation between the land capability and the degradation. 
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Figure 3.13: Methodological framework for land capability assessment and its 

integration in the land use plan.  

3.7.7.9. Integration of the land capability in the land use plan  

To assess if the current land use is sustainable and done following the land use 

capability, the current LULC (2020) was intersected with the land use capability maps 

to obtain the land use adequacy maps. The land adequacy maps discriminate the area 

where the land is used according to its capability or not (Taveira et al. 2021). Following 

the criteria proposed by Al Saya et al. (2021, 2022), the lands were classified into 3 

categories to assess the adequacy of the current land use management:  

(1) Land being underutilized: grassland and shrubland covering the most productive 

land capability classes (I, III, III) and unproductive land (bare land) over prime 

lands (I, II, III, IV) 

(2) Land managed within its capability: agricultural area found in the prime land (I, 

II, III, and IV), shrublands and grassland over lands capability classes IV and V, 

unproductive land (bare land) over lands capability class V, forest and wetland 

over any land capability class, built-up land over land capability IV and V 
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(3) Land being overutilized: land being used over its capability includes agricultural 

land over the land capability class V, built-up areas over prime lands (I, II, III)  

The results of this reclassification helped to identify the area where the land is misused 

(underutilization and overutilization) which reflects the unsustainable utilization of 

land. This land utilization potential map was used to identify the area where the land 

use adjustments are necessary for an optimal allocation of land use based on the land 

capability. The comparison of the current LULC types with the corresponding land 

capability classes was necessary to perform this adjustment. This approach is used in 

land use planning to suggest different land use scenarios to optimize land utilization 

and the conservation of the environment (Gashaw et al., 2018, Nguyen et al. 2023). 

Considering that the built-up land and wetland (waterbody) are not practical options for 

land use conversion (Al Saya et al. 2022, Nguyen et al., 2023), the LULC scenario was 

focused on the conversion among agricultural land, bare land, forest land, shrubland 

and grassland (pasture land). The suggested LULC alternative aims to optimize the 

current LULC according to its capability and ensure the preservation and protection of 

the land against degradation processes. This implies that any allocation of other LULC 

types to agriculture use must align with its associated capability class. The correlation 

between the land capability class and land degradation was evaluated by using the 

frequency ratio of occurrence of degradation features (landslides and erosion) observed 

in the field and through Google Earth images following the approach preconized by 

Nguyen et al. (2023). When the frequency ratio is higher than 1, it implies a high 

predisposition of the capability class to landslides or erosion while when the value of 

frequency ratio is less than 1, it indicates a lower likelihood of this occurrence.  
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3.7.9. Analysis of perception on land degradation 

A questionnaire was administrated to the people living in Kalehe territory to assess their 

perception of land degradation and to identify the conservation practices that they have 

adopted to cope with this problem. The quantitative and qualitative data collected 

through the household questionnaire was encoded in the SPSS 16.0 and Excel 2013 

software where basic descriptive statistics, chi-square test, and binary logistic 

regression model were performed accordingly to the 6 sections of the questionnaire 

covering the socio-economic characteristics of the household, the perception on land 

degradation, the drivers of change of flow of ecosystem service and the ecosystem 

service value of land use type as perceived by local communities. The analysis includes 

tabulations, cross-tabulation, and descriptive statistics such as frequencies and 

presentation of data in the form of tables, charts, and graphics. The Chi-test of 

independence was used to assess the dependence among the qualitative variables. 

Furthermore, the logistic regression models were used to identify the determinant 

factors of the adoption of conservation measures. The logistic regression model 

(Equation 3.39) is described as 

ln (
𝑃𝑖

1−𝑃𝑖
)= 𝛽0+ 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ 𝛽𝑖𝑋𝑖 + 𝑒  (Equation 3-39) 

Where ln (𝑃𝑖/(1 − 𝑃𝑖 )) is the log of odds, Pi the probability of outcomes, β0 the 

intercepts or constant of the model β1, β2, β3, … , βi are the correlation coefficient 

associated with each dependent variable X1, X2, X3, … Xi and e the error term. These 

coefficients reflect the effects of explanatory variables on its log of odds and not the 

direct effect of the change in explanatory variables on the probability of outcomes Pi. 

However, these coefficients can be used to interpret the probability or odds of outcomes 

as a positive coefficient indicating an increase in the odds or probability of outcomes 
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when there is an increase in the value of the corresponding explanatory variable (Asfew 

et al., 2023).  

To establish the model of community adoption of conservation measures to cope with 

the problem of land degradation, a value of 1 was assigned to all households that 

adopted at least one conservation measure ("adopters”) while a value of 0 was assigned 

to those that did not adopt any conservation measures ("non-adopters”). These binary 

variables were used as dependent variables while the social factors (age, sex, marital 

status, household size, education, residency or stayed period), institutional factors (land 

ownership, access to training and extension services, farming experience or seniority), 

physical factors (farmland size, distance to farmland, slope of the farmland), economic 

factors (main activity), attitudinal factor (perception on farmland productivity). 
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CHAPTER FOUR                                                                                                 

RESULTS 

4.1. Introduction 

This chapter presents the findings based on the objectives of the study and includes the 

results on (i) land use dynamics in Kalehe territory during the 1987-2020 period and 

forecast the future situation for the 2030-2070 period under the business as usual 

scenario, (ii) the modeling of the land use susceptibility and identification of the 

underlying drivers of LULC change based on the logistic regression modeling approach 

(iii) the land productivity dynamics from remote sensing perspectives (iv) the perceived 

ecosystem service value variation over LULC changes (v) the model of soil erosion 

dynamics under different land use and adoption of conservation practices scenarios, 

(vi) the spatial pattern of the land degradation vulnerability and land evaluation for 

prioritization of area for restoration based on an MCDA approach, and (vii) the land 

user perspectives on land degradation and adoption of conservation practices to cope 

with this problem. The results were obtained through the analysis of Landsat images, 

GIS mapping, field surveys, and secondary sources of information. 

4.2. Lulc Dynamic And Its Implication To Land Degradation    

4.2.1. Accuracy assessment of images classification  

Findings revealed that the overall accuracy of the LULC classification for the years 

1987, 2002, and 2020 the overall accuracy is greater than 80% and the overall Kappa 

statistics vary between 0.8 and 0.83 indicating a high level of agreement and 

satisfactory accuracy of LULC classification which are acceptable for the classification 

and detection of LULC types (Table 4.1). 
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Table 4.1: Accuracy assessment of the LULC classification. 

LULC 1987 2002 2020 

UA (%) PA(%) UA(%) PA(%) UA(%) PA(%) 

Forest 83.16 88.76 85.71 85.71 96.88 100.00 

Cropland 68.42 98.48 85.71 100.00 78.13 78.13 

Wetland 87.37 91.21 85.71 75.00 93.75 83.33 

Settlement 86.32 75.23 71.43 83.33 78.13 67.57 

Grassland 64.21 62.89 100.00 77.78 78.13 96.15 

Shrub 90.53 74.78 85.71 85.71 84.38 84.38 

Bare land 96.84 93.88 71.43 83.33 90.63 96.67 

Overall accuracy (%) 82.41 83.67 85.71 

Kappa index 0.80 0.81 0.83 

UA= User’s Accuracy, PA=Producer’s Accuracy  

4.2.2. Study area’s LULC characteristics for 1987, 2002 and 2020 

The maps presented in Figure 4.1 show the LULC pattern based on the results from 

Landsat images classification for the years 1987, 2002, and 2020. They present the 

spatial distribution of 7 LULC types identified in the Kalehe territory.  
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Figure 4.1: LULC types derived from Landsat TM of 1987, 2002, and 2020 in 

Kalehe territory, Eastern DR Congo.  
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The spatio-temporal distribution of each LULC type was quantified in terms of 

proportions and total area for each study periods. The proportion of LULC type for 

1987, 2002, and 2020 are presented in Table 4.2. It is observed that the forest cover is 

the dominant LULC type during the three period of analysis but its surface is shrinking 

over time.  

Table 4.2: LULC area for 1987, 2002 and 2020 in Kalehe territory.  

LULC 
1987 2002 2020 

Area (km2) Area (%) Area (km2) Area (%) Area (km2) Area (%) 

Forest 2335.65 56.25 2216.36 53.38 1952.48 47.02 

Cropland 125.40 3.02 186.11 4.48 312.96 7.54 

Wetland 112.80 2.72 101.27 2.44 36.99 0.89 

Built up 78.54 1.89 245.08 5.90 388.59 9.36 

Grassland 468.50 11.28 211.81 5.10 153.22 3.69 

Shrubland 1019.82 24.56 1179.78 28.41 1305.09 31.43 

Bare land 11.61 0.28 11.92 0.29 3.00 0.07 

The largest proportion of LULC type during the year 1987 are forest land, shrub land, 

and grassland which occupy 56.25%, 24.56%, and 11.28% of the total surface area of 

the Kalehe territory respectively. The cropland represents only 3% of the territory. The 

bare land, built-up area, and wetland are the least represented and occupy 0.28%, 

1.89%, and 2.72%, respectively (Table 4.2).  

It is evident from Table 4.3 that during the year 2002, the landscape was subjected to 

transformation represented by the regression of forestland (- 2.87%), grassland (-

6.10%), and wetland (-0.28%). In contrast, the cropland (+1.46%), shrubland (+3.84%), 

and built-up area (+3.85%) have been expanded.  The forest land (53.37%) was the 

most dominant LULC during this year. It is followed by shrubland (28.41%), grassland 

(5.10%), built-up area (5.90%), and cropland (4.48%). The bare land (0.29%) and 

wetland (2.44%) were the least represented. 
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Table 4.3: LULC change for 1987-2002, 2002-2020, and 1987-2020.  

LULC 1987-2002 2002-2020 1987-2020 

 Area (km2) Area (%) Area (km2) Area (%) Area (km2) Area (%) 

Forest -119.29 -2.87 -263.88 -6.36 -383.17 -9.23 

Cropland 60.71 1.46 126.85 3.06 187.56 4.52 

Wetland -11.53 -0.28 -64.28 -1.55 -75.81 -1.83 

Built up 166.54 4.01 143.51 3.46 310.05 7.47 

Grassland -256.69 -6.18 -58.59 -1.41 -315.28 -7.59 

Shrubland 159.96 3.85 125.31 3.02 285.27 6.87 

Bare land 0.31 0.01 -8.92 -0.22 -8.61 -0.21 

In 2020, forestland (47.02%), shrubland (31.43%), built-up area (9.36%), and cropland 

(7.54%) remained the most dominant land use type in the territory. The bare land 

(0.07%), wetland (0.89%), and grassland (3.69%) are the least represented. The results 

show that there is an expansion of the cropland (+3.05%), built-up area (+3.45%), and 

shrubland (+3.02%) while the forestland (-6.35%), wetland (-1.54%) and grassland (-

1.41%) are decreasing.  

4.2.3. LULC dynamics during the 1987-2020 period 

The dynamics of the LULC change over the three periods (1987-2002 representing the 

first period, 2002-2020 representing the second period, and 1987-2020 representing the 

whole period) were analyzed based on the temporal and annual rate of change to make 

the comparison of LULC types over time. In the entire period of analysis (1987-2020), 

the forestland, grassland, wetland, and bare land decreased by -16.41%, -67.0%, -

67.20%, and -74.19% at a rate of 11.61km2/year, -9.55km2/year, -2.30km2/year and -

0.26km2/year respectively (Table 4.3). In contrast, the built-up area, cropland, and 

shrub increased by 394.75%, 149.57%, and 27.97%. Thus the bare land and grassland 

display the highest negative rate of change whereas the built-up area and cropland 

display the highest positive rate of change (Table 4.4). 
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Table 4.4: LULC trends in 1987-2002, 2002-2020, and 1987-2020.  

 

LULC 

1987-2002 2002-2020 1987-2020 

RC  TC AC  RC  TC AC  RC  TC AC  

Forest -7.95 -5.11 -0.15 -

14.66 

-

11.91 

-0.36 -11.61 -16.41 -0.50 

Cropland 4.05 48.41 1.47 7.05 68.16 2.07 5.68 149.57 4.53 

Wetland -0.77 -10.22 -0.31 -3.57 -

63.47 

-1.92 -2.30 -67.20 -2.04 

Built up 11.10 212.03 6.43 7.97 58.56 1.77 9.40 394.75 11.96 

Grassland -17.11 -54.79 -1.66 -3.26 -

27.66 

-0.84 -9.55 -67.30 -2.04 

Shrubland 10.66 15.69 0.48 6.96 10.62 0.32 8.64 27.97 0.85 

Bare land 0.02 2.67 0.08 -0.50 -

74.86 

-2.27 -0.26 -74.19 -2.25 

RC=Rate of change (km2/Year), TC=Temporal change (%) and AC=Annual rate of 

change (%/Year.   

In 1987, there was 2335.65km2 of forest cover (56.25%), this surface decreased to 

2216km2 (53.38%) in 2002, and to 1952.48km2 (47.02%) in 2020 (Table 4.2). This 

implies that there is a temporal decrease of 5.11% for 15 years, from 1987 to 2002, and 

a decrease of -11.61% was observed during a period of 18 years, from 2002 to 2020 

(Table 4.3). Considering the two periods of analysis, the annual rate of deforestation 

increased from 0.15%/Year during the 1987-2002 period to 0.66%/Year during the 

2002-2020 period. From 1987 to 2020, 16.41% of forests have been converted to other 

lands. During this period the annual rate of deforestation is 0.47%/year (Table 4.4).  

The wetland coverage decreased from 112.8km2 (2.72%) to 101.27km2 (2.44%) in 2002 

and 36.96km2 in 2020 (Table 4.2). These results suggest that the wetland area decreased 

by 10.22% from 1987-2002 and by 63.47% between 2002 and 2020. The rate of 

decrease of wetlands during these two periods is 0.31%/year and 2.30%/year, 

respectively. The overall rate of wetland loss over the entire period of analysis (1987-

2020) is 67.20%, accounting for a loss of 2.04 %/year (Table 4.4).  



154 
 

The bare land presents the highest pic of surface area loss during the entire study period. 

In 1987, there was 11.61km2 (0.28%) of bare land (Table 4.2). This surface increased 

to 11.92km2 (0.29%) in 2002. However, it drastically decreased to 3km2 (0.07%) in 

2020.  The overall decrease in bare land during the 1987-2020 period is 74.19%. The 

annual change regarding the bare land area is 0.05%/year, -4.16%/year, and -

2.25%/year over the 1987-2002, 2002-2020, and 1987-2020 periods (Table 4.4).    

The grassland also shows a decreasing pattern during the study period. In 1987, the 

coverage area of grassland was 468.5km2 (11.28%), but this surface decreased to 

211.81km2 (5.10%) in 2002 and 153.22km2 (5.10%) in 2020 (Table 4.2). Therefore, 

about 67.30% of the grassland cover was changed to other land during the 1987-2020 

period. This represents a loss of -1.66 %/year, -1.54 %/year, and -2.04 %/year during 

the 1987-2002, 2002-2020, and 1987-2020 periods, respectively (Table 4.4).  

The cropland increased from 125.4km2 (3.02%) in 1987 to 186.11km2 (4.48%) in 2002 

and 312.96km2 (7.55%) in 2020 (Table 4.2). Thus the cropland has a temporal growth 

of 48.41%, 68.16%, and 149.57% during the 1987-2002, 2002-2020, and 1987-2020, 

respectively. This indicates that the cropland expansion rate increased from 1.47%/year 

during the 1987-2020 period to 3.79%/year for the 2002-2020 period. The overall 

expansion rate of the cropland over the entire period (1987-2020) is 4.53%/year (Table 

4.4).  

The surface coverage of the built-up area was 78.54km2 (1.89%) in 1987. This surface 

raised to 245.08km2 (5.90%) in 2002 and 388.59km2 (9.36%) in 2020 (Table 4.2). This 

indicated that between 1987 and 2002, a temporal change of 212.03% was observed 

over 15 years while a change of 58.56% was observed between 2002 and 2020, over 18 

years. Thus, during the 33 years (1987-2020), an overall expansion of the built-up area 



155 
 

of 394.75% was observed. According to this, the built-up expansion rate in the study 

area was 6.43 %/year during the 1987-2020 period and 3.25% between 2002 and 2020. 

The overall expansion rate of the built-up area between 1987 and 2020 is 11.96 %/year 

(Table 4.4).  

The coverage area of shrubland was 1019.82km2 (24.56%) in 1987 but it increased to 

1179.78km2 (28.417%) in 2002 and 1305.9km2 (31.43%) in 2020 (Table 4.2). Thus, 

there is a temporal increase of 15.69% from 1987 to 2002 and 10.62% from 2002 to 

2020. For a period of 33 years, ranging from 1987 to 2020, the increasing rate of 

shrubland in the territory is 27.97%. This shows that the annual rate of shrubland 

expansion was 0.48%/year, and 0.59%/year for the 1987-2002 and 2002-2020 periods, 

respectively. In addition, the overall rate of increase of the shrubland for the 33 periods 

of study is 0.85 %/year (Table 4.4).        

 

4.2.4. LULC change between 1987-2020  

The inter-transition of LULC types to changing phenomena from 1987 to 2020 is 

presented in Table 4.5. This table show that, in term of area (inkm2) three major LULC 

transitions involved the conversion of forest land to shrub (466.58km2), shrub to built-

up area (165.98km2), and grassland to shrub (151.37km2). 
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Table 4.5: LULC change transition matrix between 1987 and 2020.  

Change to LULC of 2020 (area in km2) 

 Forest Crop-

land 

Wet-

land 

Built- 

up 

Grass-

land 

Shrub Bare-

land 

Total 

1987 

C
h

a
n

g
e 

fr
o
m

 L
U

L
C

 i
n

 

1
9

8
7
 

Forest 1793.41 34.18 4.54 31.88 4.97 466.58 0.10 2335.65 

Cropland 4.94 19.40 4.37 15.10 20.66 60.87 0.07 125.40 

Wetland 13.44 11.37 2.60 10.31 0.05 75.02 0.00 112.80 

Built up 0.41 15.40 1.19 38.77 10.71 11.77 0.29 78.54 

Grassland 6.45 132.16 8.50 123.14 46.63 151.37 0.25 468.50 

Shrub 132.28 99.92 14.37 166.98 69.00 537.09 0.18 1019.82 

Bare land 1.55 0.53 1.42 2.41 1.20 2.40 2.10 11.61 

Total 

2020 

1952.48 312.96 36.99 388.59 153.21 1305.09 3.00 4152.32 

Results presented in the above table show that during the period from 1987 to 2020, 

76.78% (1793.41km2) of forestland, 52.66% (537.09km2) of shrub land, 49.36% 

(38.77km2) of built-up land, 15.47% (19.40km2) of cropland, 9.95% (46.63km2) of 

grassland, 18.11% (2.10km2) of bare land, and 2.31% (2.6km2) of wetland remained 

unchanged. Thus, from the 7 LULC types, the wetland was the most vulnerable while 

the forestland was the least vulnerable to LULC change. Regarding the observed trend 

of LULC changes, there is a considerable decrease in forestland due to its conversion 

to shrubland (466.58km2), cropland (34.18km2), and built-up area (31.88km2) as can be 

seen in Table 4.5. In addition, the decline in grassland is predomitaely attributed its 

transformation to shrubland (151.37km2) and cropland (132.16km2), despite an increase 

in area from shrubland (69.00km2) and cropland (20.06km2). Furthermore, the 

shrinking of wetland was evident as it has been converted to shrubland (75.02km2), 

forestland (13.44km2), and cropland (11.37km2). The aforementioned pattern was 

observed in bare land which has been converted to forest land (1.55km2), built-up area 

(2.41km2), and shrubs (2.40km2).  In contrast, there was an expansion of cropland, built-

up area, and shrubland. The area dedicated to agriculture use exhibited an expansion 

from 125.40km2 in 1987 to 312.86km2 in 2020 although a specific portion of its surface 
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was converted to shrub (60.87km2), grassland (20.66km2) and built-up area (15.10km2). 

The primary factor contributing to the augmentation of cropland is the reduction in 

grassland (132.16km2), shrub (99.82km2), forest land (34.18km2), built-up area 

(15.40km2), and wetland (11.37km2). Concurrently, the built-up area underwent 

substantial expansion by increasing from 78.54km2 in 1987 to 388.59km2 in 2020. The 

shrubland (166.98km2), grassland (123.14km2), and forestland (31.88km2) constitute 

the main contributor to this expansion. With respect to the conversion of shrubland, its 

surface rose from 1019.82km2 in 1987 to 1305.09km2 in 2020 although its area was 

simultaneously changed to forest land (132.28km2), built-up area (166.98km2) and 

cropland (99.92km2). Forest (466.58km2), grassland (151.37km2), wetland (75.02km2), 

and cropland (60.87km2) are the major contributors to the expansion of shrubland in 

the study area (Table 4.5).  

To better understand these changes, a quantitative assessment of the change analysis of 

the gain, loss, and net change has been done for each LULC type (Table 4.6). The gain, 

loss, and net change in terms of area (in km2) were derived from the results presented 

in the transition matrix (Table 4.6).  

Table 4.6: Total area of gains and losses of LULC types between 1987 and 2020.  

LULC 1987 2020 No change Gain Loss Net change 

 Area  

(km2) 

Area  

(km2) 

Area  

(km2) 

Area  

(%) 

Area  

(km2) 

Area  

(%) 

Area  

(km2)  

Area  

(%) 

Area  

(km2) 

Area  

(%) 

Forest 2335.6 1952.48 1793.41 47.02 159.07 3.83 542.24 13.06 -383.17 -9.23 

Cropland 125.40 312.96 19.40 7.54 293.56 7.07 106 2.55 187.56 4.52 

Wetland 112.80 36.99 2.6 0.89 34.39 0.83 110.2 2.65 -75.81 -1.83 

Built up 78.54 388.59 38.77 9.36 349.82 8.42 39.77 0.96 310.05 7.47 

Grassland 468.50 153.22 46.63 3.69 106.58 2.57 421.87 10.16 -315.28 -7.59 

Shrubland 1019.82 1305.09 537.09 31.43 768 18.50 482.73 11.63 285.27 6.87 

Bare land 11.61 3.00 2.10 0.07 0.89 0.02 9.51 0.23 -8.61 -0.21 

Among the 7 LULC categories, cropland, built-up area, and shrubland show sizeable 

gross grains but forestland, wetland, grassland, and bare land present losses of their 
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surface indicating that some LULC types are experiencing an increasing pattern while 

others are decreasing (Table 4.6). Furthermore, the built-up area displayed the highest 

positive net change (349.82km2) and shrubland had the second-highest net change 

(285.27km2) while cropland and are displaying a very slight net change (187.56km2). 

In contrast, wetland, forest land, grassland, and bare land presented a negative net 

change with a total surface change of -75.18km2, -383.17km2, -315.29km2, and -

8.61km2 respectively (Table 4.6).  

Figure 4.2 presents the spatial pattern of the major LULC transitions that occurred in 

the Kalehe territory over the last 33 years. It can be observed through this map that 

during the 1987-2020 period, the study area was dominated by stable land cover which 

represented 58.35% (2433.03 km2) of the territory.  

 

Figure 4.2: Majors LULC transition during the 1987-2020 period.  
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The deforestation was identified as the most prominent proximate driver of LULC 

change in the study area between 1987 and 2020 (Table 4.6). During this period, 

deforestation occurred in 13.06% (542.24km2) while afforestation occurred in only 

3.83% (159.07km2) of the study area. This deforestation was mainly associated with 

built-up land expansion, shrubland expansion, cropland expansion, and grassland 

expansion which occurred in 8.42% (349.82km2), 18.50% (768.00km2), 7.07% 

(293.56km2), and 2.57% (106.48km2) of the territory, respectively. During this period, 

the bare land has expanded to 0.02% (0.88km2) while the wetland expanded to 0.74% 

of the territory as a result of inundation. 

4.2.5. Landscape characteristics 

The measurable units of landscape characteristics are landscape metrics (landscape 

structure and composition). These metrics constitutes the surrogate for change in 

landscape and they are used for the quantification and description of spatial pattern and 

ecological process. It is in this perspective that the landscape composition and structure 

metrics derived from the analysis of LULC maps from 1987-2020 period were 

described.  

4.2.5.1. Landscape composition 

Table 4.7 presents the descriptive statistics of landscape composition metrics in terms 

of LULC types in Kalehe territory during the 1987-2020 period.  
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Table 4.7: Descriptive statistics of the landscape composition metrics 

LULC 

types 

 1987  2002  2020 

 Mean Sd CV  Mean Sd CV  Mean Sd CV 

 FL  31.88 29.7 93.06  32.28 27.41 84.91  26.31 30.39 115.53 

CL  5.00 5.98 119.66  8.09 8.68 107.21  11.78 11.18 94.90 

WL  0.55 0.96 173.9  2.91 3.09 106.09  2.54 3.48 137.05 

BA  5.06 6.09 120.3  10.43 10.41 99.87  12.53 11.60 92.58 

GL  20.00 18.0 90.06  6.14 6.31 102.79  5.73 7.94 138.46 

SL  20.40 16.6 81.44  23.27 17.16 73.76  24.47 18.13 74.10 

BL  0.57 0.72 126.12  0.34 0.54 162.36  0.09 0.16 176.04 

Key: Sd= Standard deviation, CV= Coefficient of variation, FL=Proportion of forestland, 

CL=Proportion of cropland, WL=Proportion of wetland, BA=Proportion of built-up area, 

GL=Proportion of grassland, SL=Proportion of shrub land, BL=proportion of bare land. 

Throughout the entire analysis period (1987-2020), forestland and shrubland dominated 

the landscape in each watershed while wetlands and bare land were the least 

represented. In 1987, grassland was the third most dominant land cover, but it was 

surpassed by the expansion of built-up areas and croplands in 2002 and 2020. 

Forestland, followed by grassland, displayed the largest area decrease from 1987 to 

2020. During this period, the highest increase in area was observed in the shrubland, 

followed by the built-up area and cropland. The value of the coefficient of variation of 

the proportion of the land cover categories within the 59 watershed shows that the 

highest variability in term of landscape composition was observed for wetland and bare 

land in 1987, cropland and bare land in 2002, and grassland and built-up areas in 2020 

(Table 4.7). 

4.2.5.2. Landscape structure 

The Table 4.8 presents the mean of the 15 landscapes metrics selected for this study 

and their variability at the watershed level in the study area.  The landscape metrics that 

present a high variability across the 1987-2020 timeframe include the patch density 



161 
 

(PD), edge density (ED), Landscape shape index (LSI), Mean patch size (AREA_MIN), 

and Shannon’s diversity index (SHDI). In contrast, metrics such as the Patch cohesion 

index (COHESION), AI, Perimeter-area fractal dimension (PAFRAC), Mean 

perimeter-area (PARA_MN), and Mean shape index (SHAPE_MN) exhibit the lowest 

variation during this period. 

Table 4.8: Descriptive statistics of the selected landscape structure metrics.  

 

Landscape 1987   2002   2020   

Metrics Mean Sd CV Mean Sd CV Mean Sd CV 

Fragmentation metrics       

 PD  8.8 5.46 62.1 4.35 2.66 61.1 5.13 3.59 69.9 

 LPI  46.96 22.8 48.6 42.76 21.8 50.9 45.67 21.24 46.5 

 ED  53.14 31.9 59.9 31.61 18.57 58.7 34.15 22.89 67.0 

Aggregation and contagion metrics 

 AI 90.47 4.29 4.74 94.55 2.34 2.47 94.08 2.98 3.17 

 CONTAG  60.12 15.2 25.3 62.58 15.1 24.1 48.4 18.15 37.5 

 COHESION  97.86 1.51 1.54 97.92 1.4 1.43 97.89 1.6 1.63 

Shape complexity 

metrics         

 AREA_MN  46.31 59.9 

129.

5 53.31 53.41 100 172.7 234.3 136 

 SHAPE_MN  1.34 0.06 4.1 1.36 0.06 4.65 1.41 0.11 7.99 

 PARA_MN  570.36 66.7 11.7 439.6 77.27 17.6 382.9 131.6 34.4 

 PAFRAC  1.35 0.04 2.77 1.24 0.03 2.37 1.25 0.03 2.59 

 LSI  8.28 5.97 72.1 5.65 3.6 63.7 5.58 3.48 62.4 

Configuration metrics 

 IJI  49.14 15.4 31.3 61.5 16.33 26.5 65.98 10.44 15.8 

 ENN_MN  189.38 67.4 35.6 358.7 167.8 46.8 224.1 102.5 45.7 

Diversity metrics         

 SHDI  0.82 0.41 50.4 0.94 0.47 50.6 0.84 0.46 54.4 

 SIDI  0.44 0.22 49.5 0.48 0.24 49.3 0.45 0.25 54.5 
 

Key: Sd= Standard deviation, CV= Coefficient of variation, PD=Patch density, LPI= Largest Patch 

Index, ED=Edge density, LSI=Landscape shape index, IJI=Interspersion and juxtaposition index, 

AI=Aggregated index, COHESION= Patch cohesion index, CONTAG.= Contagion, AREA_MN= Mean 

patch size, SHAPE_MN=Mean shape index, PARA_MN=Mean perimeter-area ratio, ENN_MN=Mean 

Euclidian nearest neighbor distance, PAFRAC= Perimeter-area fractal dimension, SHDI=Shannon’s 

diversity index, SIDI= Simpson’s diversity index    
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The results demonstrate that there is a temporal variation in the value of the considered 

index (Table 4.8). Both the patch density (PD), edge density (ED), and Landscape shape 

index (LSI) which are fragmentation indexes decreased from 1987 to 2002 but 

increased from 2002 to 2020. The AREA_MIN presents a similar pattern indicating 

that the fragmentation levels increased in the second period (2002-2020) compared to 

the first period (1987-2020). In contrast, the aggregation index (AI), the cohesion index 

(COHESION), and the contagion index (CONTAG) increased during the first period 

but decreased in the second period. The large shape index (LSI) shows an increasing 

trend during the two periods but the mean shape index (SHAPE_MN), the Perimeter-

area fractal dimension (PAFRAC), and the Mean perimeter-area ratio (PARA_MN) 

present a decreasing pattern suggesting a decreased in shape complexity over time. The 

Interspersion and juxtaposition index (IJI) exhibited a consistent increase from 1987 to 

2020. However, the Mean Euclidian nearest neighbor distance (ENN_MN) between 

patches reveals a shift in trend over time. Specifically, there was an increase in  

ENN_MN during the 1987-2002 period, followed by a decrease during the 2002-2020 

period. This result suggests that the isolation between patches was higher in the first 

period compared to the second period. Considering the whole period of analysis (1987-

2020), it is observed that the isolation between patches has increased as the ENN_MN 

increased from 189.38±67.39m in 1987 to 224.14±102.46m in 2020. There is an 

increase in diversity index (Shannon’s diversity index SHDI and Simpson’s diversity 

index, SIDI) value between 1987 and 2002 while it is observed that the value of these 

indexes decreased between 2002 and 2020. This indicates that the patch heterogeneity 

was high in the first period compared to the second period. However, the diversity index 

shows that the actual (2020) landscape heterogeneity is high compared to the 

observation from 1987.       
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4.2.5. Exploration of potential underlying drivers of LULC change 

The potential underlying drivers of LULC changes included in this study are:  

4.2.5.1. Biophysical variable 

Topographic variables such as altitude, slope gradient, slope aspect, and soil type were 

considered potential drivers of LULC change in the study area. As can be seen in Figure 

4.3, the altitude of the territory varies between 801m and 3030 m with a mean value of 

1684 m±468 m showing that the territory is dominated by hilly. Furthermore, the 

territory is dominated by steep slopes which constitutes a constraint for built-up and 

agricultural expansion. The slope gradient varies between 0 and 186.76% with a mean 

of 26.37± 17.62% indicating that the steep slope is the most dominant in the study area. 

The territory has also a diversity of slope orientations which influence the insolation 

and this could affect the LULC in the study area as the seed’s crops depend on the 

amount of solar radiation. The slope aspect varies between 0 and 360 degrees with a 

mean of 181.77± 104.08 degrees indicating that most of the slopes are oriented to the 

south. The edaphic factors play also a great role in the allocation of land use. In the 

study area, 3 types of soil can be distinguished: acrisols, ferrasols, and cambisols. The 

humic cambisols are the predominant soil in the territory covering about 48.8% 

(2047.93km2) of the surface, followed by the haplic acrisols account for 39.1% 

(1642.55km2) of the territory while the humic ferrasols are the least dominant 

representing only 12.1% (509.72km2) of the area (Figure 4.3). These soils have 

different fertility levels and constitute a constraint for agriculture development and thus 

influence the expansion of cropland.  



164 
 

  

Figure 4.3: Spatial variability of biophysical variables in Kalehe territory.  

4.2.5.2. Socio-economic and population dynamics variables  

The population dynamics constitute a potential driver of LULC change due to their 

dependency on natural resources. There is a spatial heterogeneity in the spatial 

distribution of population density in the Kalehe territory. For instance, for the year 

2020, the Kalehe territory has a population density varying between 5 inhabitants/km2 

and 1097 inhabitants/km2 with a mean of 223 inhabitants/km2 but its spatial distribution 

is heterogeneous (Figure 4.4). 
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Figure 4.4: Population density, and proximity factors in the Kalehe territory.  

It can be observed from Figure 4.4 above that the high density of the population is in 

the eastern part and central part of the territory. However, the low density of the 

population is observed in the western part of the territory. It is expected that the human 

pressure on natural vegetation and the development of anthropogenic activity will be 

more prominent in the areas where the population density is high. This population is 

unequally distributed in the major administrative center (administrative groups) and the 

locality (village). A total of 14 administrative groups’ centers and 161 localities 

(villages) are inventoried in the territory. Hence the proximity to administrative group 

center and locality were considered as potential underlying drivers of LULC (Figure 

4.4). The administrative groups’ center has a high population density which implies a 

high demand for natural resources but also a high accessibility to the market as most of 

the commercial activities are focused in this area. Thus, the proximity to the locality 

and center constitutes an important factor that can influence the LULC type in the study 

area. The settlements are mostly concentrated in the vicinity of roads which constitute 

an asset for the flow of resources and development of economic activities. The 
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anthropogenic influence on the natural resource may be influenced by the distance to 

the road. In this perspective, the proximity to the road network, both national and 

secondary roads crossing the study area, has the potential to be used as a predictive 

variable in the LULC model. Furthermore, access to water resources constitutes a 

constraint in the implementation of settlement for domestic usage, livestock 

consumption as well and the need for water for the development of agricultural 

activities. As water access constitutes a major constraint in any human development, 

the proximity to water resources has the potential to influence the LULC in this 

territory. Therefore, the Euclidian distance in meters to the major rivers in the study 

area was mapped. Furthermore, the artisanal mining activity plays a great role in the 

economic development of the study area. A total of 261 artisanal mining sites were 

inventoried in this area. This mining activity influences the configuration of the 

landscape and can influence the LULC to change over time. In this context, the 

proximity to artisanal mining sites (Figure 4.4) is considered a potential driver of LULC 

change in the study area.   

4.2.5.3. Development and conservation policy variable (Zoning)  

Conservation policy and development policy have been implemented in the territory of 

Kalehe through the delineation (zoning) of protected areas and mining concession. The 

Figure 4.5 illustrates the conservation zoning and mining concession zoning in the 

Kalehe territory.    
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Figure 4.5: Protected area and mining concession in Kalehe territory.  

From a conservation perspective, it can be observed in Figure 4.5 that an extent of the 

Kahuzi-Biega National Park and the Reserve of Sud-Masisi are located in the territory 

of Kalehe. Thus a total of 878.75km2, representing 21.07% of the study area are being 

designated as protected areas. These protected areas have been delineated to conserve 

the local biodiversity and the remaining forest. However, anthropogenic activity 

continues to encroach on the forest in these areas, thus their effectiveness for 

conservation is questionable. From the perspective of this study, we hypothesized that 

the area that falls in the protected area has high conservation potential compared to the 

area which is outside. Thus the conservation policy which was implemented in the study 

area can contribute to the stability of LULC categories, especially the forest land. In 

addition to that, mining concessions have been attributed to mining companies as a 

strategy for economic development in the area. A total of 867.01km2 or 20.79 percent 

of the territory is covered by mining concession. The presence of mining activity can 

influence the dynamic of the population in the area as well as the development of other 

economic activity and the demand for natural resources thus influencing the LULC 

change in the study area  
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4.2.5.4. Multicollinearity analysis of the potential drivers of LULC change 

The multi-collinearity analysis among the potential underlying drivers of LULC 

changes was tested using the Variance Inflation Factor (VIF) and the findings are 

presented in Table 4.9.  

Table 4.9: Collinearity Statistics of the independent variables.  

Variables Tolerance VIF 

Slope 0.972 1.028 

Altitude 0.4 2.5 

Distance to the administrative center 0.28 3.568 

Mining concession 0.619 1.616 

Distance to locality 0.707 1.414 

Distance to river 0.64 1.562 

Conservation 0.601 1.665 

Aspect 0.986 1.014 

Distance to road 0.237 4.213 

Distance to artisanal mining 0.171 5.856 

Population 0.565 1.771 

Soil 0.658 1.519 

It can be observed from the above table that the minimum tolerance of the 12 driving 

factors is 0.171 which is higher than the critical value of 0.1. Furthermore, the analysis 

of the multicollinearity among the predictors through the VIF, indicated that most of 

the predictor’s variables have a moderate value of VIF (less than 10), indicating that 

there is no multicollinearity in the independent variables (Table 4.9).  

4.2.6. LULC change susceptibility modelling  

The main LULC conversions which occurred in the study area between 1987 and 2020 

are deforestation, built-up area expansion, shrub expansion, and cropland expansion 

(Figure 4.2). The influence of potential biophysical and socio-economic drivers of 

LULC change on the five most LULC changes occurring in the study area was 

determined using a logistic regression approach (Table 4.10 and Table 4.11). 
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Table 4.10: Overall models of major LULC changes in Kalehe Territory. 

Variables Deforestation 

 model 

Built-up land 

expansion model 

Cropland  

expansion model  

Shrub land 

expansion model 

β p- 

value 

β p- 

value 

β p- 

value 

β p- 

value 

Slope 0.00171 0.77 -0.00493 0.42 0.01643 0.04** 0.00461 0.32 

Altitude 0.00023 0.45 0.00226 <0.001*** -0.00044 0.38 -0.00085 <0.001*** 

Distance to center -0.00002 0.36 -0.00001 0.46 -0.00002 0.43 -0.00003 0.13 

Mining concession -0.229 0.45 0.31012 0.24 -0.48466 0.27 0.32558 0.14 

Distance to locality -0.00003 0.61 -0.00008 0.22 -0.00019 0.09* -0.00007 0.14 

Distance to river -0.00002 0.60 0.00003 0.34 0.00012 0.03** 0.00007 0.01*** 

Conservation -0.7294 0.02** -0.7002 0.03** -0.88744 0.13 -0.35685 0.19 

Aspect 0.00082 0.39 -0.00018 0.85 -0.00647 <0.001*** 0.00171 0.03** 

Distance to road -0.00011 0.01** -0.00011 0.07* 0.000002 0.98 -0.00007 0.06* 

Distance to mining sites -0.00007 0.04** -0.00007 0.09* -0.0002 <0.001*** -0.00009 0.001*** 

Population -0.00277 <0.001** 0.00084 <0.001*** -0.00057 0.19 -0.00035 0.11 

Soil -0.42364 0.02** 0.77475 <0.001*** -0.35532 0.19 -0.36735 0.01** 

Constant 0.29481 0.73 -6.52897 <0.001*** 0.92416 0.46 1.53848 0.02** 

Model chi-square (χ2) 100.3  174.125  73.372  122.694  

Model Nagelkerke R2 0.183  0.29  0,219  0.182  

Correct prediction (%) 87.8  86.2  95.1  80.1  

AUC 0.753±0.020 0.82±0.16 0.809±0.030 0.710±0.030 

β: Estimated coefficient; SE: Standard error; R2: Coefficient of determination; *, ** , *** significant at 10%, 5% and 1% level of 

significance, respectively. 
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The findings from both the overall (Table 4.10) and best-fit developed models (Table 

4.11) indicated that the conservation zoning, distance to roads, and distance to artisanal 

mining sites, population density, and soil types are the most important factors that 

significantly influence the occurrence of deforestation in the study area. It was also 

observed that the built-up area expansion is positively influenced by the altitude, the 

distance to roads, the soil type and the population density but negatively influenced by 

the conservation zoning. The soil type constitutes the most influential factor on built-

up expansion with an odds ratio of 2.29. On the other hand, the cropland expansion 

model indicated that the most influential factors influencing this expansion are the slope 

gradient and aspect, the proximity to locality, and the proximity to the artisanal mining 

area. It was observed that the slope gradient has the most positive influence while the 

occurrence of the conservation zoning has the most negative influence on the expansion 

of cropland. Regarding the expansion of shrubland, the results show that this expansion 

is significantly influenced by topographic factors such as altitude and slope, edaphic 

factor (soil type), and proximity factors (distance to river, artisanal mining sites, and 

roads). The Table 4-11 presents the coefficients (β) and significance of the Walid test 

(p-value) of the best-fit models of the majors LULC changes based on the step-wise 

logistic regression.  
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Table 4.11: Best-fit models of major LULC changes in Kalehe Territory. 

Variables Deforestation 

model 

Built-up land 

expansion model 

Cropland  

expansion model  

Shrubland  

expansion model 

β p- 

value 

β p- 

value 

β p- 

value 

β p- 

value 

Slope     0.01503 0.04*   

Altitude   0.00228 <0.001***   -0.00105 <0.001*** 

Distance to center         

Mining concession         

Distance to locality     -0.00019 0.03**   

Distance to river       0.00007 <0.001*** 

Conservation -0.88122 <0.001*** -0.67636 0.01** -1.43444 0.01***   

Aspect     -0.00649 <0.001*** 0.00171 0.03** 

Distance to road -0.00013 <0.001*** -0.00014 0.01**   -0.00009 <0.001*** 

Distance to mining sites -0.00009 <0.001*** -0.00006 0.07* -0.00017 <0.001*** -0.00011 <0.001*** 

Population -0.00288 <0.001*** 0.00109 <0.001***     

Soil -0.41602 0.01** 0.82899 <0.001***   -0.29583 0.03** 

Constant 0.69558 0.06* -7.06811 <0.001*** -0.57931 0.23 1.50991 0.01*** 

Model chi-square (χ2) 95.778  169.176  64.605  111.905  

Model Nagelkerke R2 0.175  0.282  0.193  0.167  

Correct prediction (%) 87.9  86.2  95.1  79.8  

AUC 0.746±0.020 0.817±0.16 0.813±0.030 0.685±0.032 

β: Estimated coefficient; SE: Standard error; R2: Coefficient of determination; *,**, *** significant at at 10%, 5% and 1% level of 

significance, respectively. 
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Considering the coefficient of the best-fit model (Table 4.11), the probability of 

deforestation (PDef), built-up expansion (PBexp), cropland expansion (PCexp), and 

Shrubland expansion (PSexp) within the study area can be defined by: 

𝑃𝐷𝑒𝑓 =
 𝑒𝑥𝑝( 0.69558−0.88122∗𝐶𝑍−0.00013∗𝐷𝑅𝑜−0.00009∗DAm−0.00288∗Pd−0.41602∗ST)

1+𝑒𝑥𝑝( 0.69558−0.88122∗𝐶𝑍−0.00013∗𝐷𝑅𝑜−0.00009∗DAm−0.00288∗Pd−0.41602∗ST)
  (Equation 4-1) 

𝑃𝐵𝑒𝑥𝑝 =
 𝑒𝑥𝑝( −7.06811+0.00228∗Alt−0.67636∗CZ−0.00014∗DRo−0.00006∗DAm+0.00109∗Pd+0.82899∗ST)

1+𝑒𝑥𝑝( −7.06811+0.00228∗Alt−0.67636∗CZ−0.00014∗DRo−0.00006∗DAm+0.00109∗Pd+0.82899∗ST)
  (Equation 

4-2) 

𝑃𝐶𝑒𝑥𝑝 =
 𝑒𝑥𝑝( −0.57931+0.01503∗Sl−0.00019∗Dlo−1.43444∗CZ−0.00649∗Sa−0.00017∗DAm)

1+𝑒𝑥𝑝( −0.57931+0.01503∗Sl−0.00019∗Dlo−1.43444∗CZ−0.00649∗Sa−0.00017∗DAm)
 (Equation 4-3) 

𝑃𝑆𝑒𝑥𝑝 =
 𝑒𝑥𝑝(1.50991−0.00105∗Alt+0.00007∗DRi+0.00171∗As−0.00009∗DRo−0.00011∗DAm−0.29583∗ST)

1+𝑒𝑥𝑝( 1.50991−0.00105∗Alt+0.00007∗DRi+0.00171∗As−0.00009∗DRo−0.00011∗DAm−0.29583∗ST)
    (Equation 

4-4) 

With DRi=distance to the river, Sl= slope. DLo= distance to the locality, As= Aspect, 

Alt= Altitude, CZ= Conservation zoning, DRo= Distance to roads, DAm= Distance to 

artisanal mining sites, Pd= Population density, ST= Soil type. 

To determine the area with a high suceptibility of deforestation, cropland expansion, 

built-up land expansion, and shrubland expamsion in the study area, the above 

equations (4-1 to 4-4) were applied along with the spatial data of the determinant drivers 

of LULC changes. Figure 4.6 presents the susceptibility maps of these majors LULC 

changes within the study area.  
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Figure 4.6: Susceptibility maps of the major LULC changes in Kalehe Territory.   

The best-fit model of deforestation obtained through a backward step-wise regression 

as can be seen in Table 4.11, is characterized by low Nagelkerke R2 (R2=17.5%) but 

the significant Chi-square value (χ2=97.778, df=5, p-value<0.001) of the Omnibus test 

and the overall accuracy (correct prediction value) which is above 75% show that the 

model is appropriate in explaining the relationship between the deforestation and the 

dependent variables. The pseudo-R-square (measured with the Nagelkerke R²) 

indicated that the deforestation model explained between 17.5% and 18.3% of 

variability indicating that the model performance of the deforestation was generally 

low. The comparison of the predicted and true values through the area under the curve 

ROC (Receiver Operating Characteristic) curve (AUC) allows for the evaluation of the 

accuracy of the model. The AUC values vary between 0.706 and 0.785 at a confidence 

level of 95% with an overall value of 0.746. The AUC value is above 0.7 for this model 
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indicating that it has a good discrimination ability to classify the deforested area and no 

deforested area significantly better than by chance. Thus the model is appropriate to 

discriminate the false positive and true positive prediction.   

Considering the most influential variables of the built-up expansion, the Omnibus chi-

square of the model as shown in Table 4.11 shows that the best-fit model of built-up 

expansion is significant (χ2=169.176, df=6, p-value<0.001). The Nagelkerke R2 

indicates that 28.2% (R2=0.282) of the variability of built-up land expansion is 

explained by the selected factors. The overall accuracy of the prediction is 86.2%. Thus 

the developed model is appropriate to predict the area where there is the expansion of 

built-up land compared to those where this change is not occurring. Based on the 

pseudo-R-square (measured with the Nagelkerke R²), it can be seen that the models 

explained between 28.2% and 29.0% of the variability of built-up land expansion. The 

validation of the predictive capacity of the model through the AUC shows that its value 

varies from 0.789 and 0.851. The area under the ROC curve is 0.82 at a confident level 

of 95%. Furthermore, the AUC is significantly different by 0.5 (p-value<0.001) 

meaning that the best model classifies the group (built-up expansion area and no built-

up expansion area) better than by chance.  

The accuracy of the cropland expansion models is presented in the table 4.11. The best-

fit model of cropland expansion as seen above was statistically significant (χ2=36.9, 

Df= 5 at P < 0.001). The significant drivers of cropland expansion explained 19.3% 

(Nagelkerke R2=0.129) of variance. However, the model has a correct prediction value 

of 96% by using the six determinant explanatory variables. Thus, the developed model 

can be used to predict the probability of cropland expansion. The Nagelkerke R2 of the 

models shows that between 19.3% and 21.9% of the variability in cropland expansion 
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have been explained. The AUC indicated also that the shrubland expansion model is 

accurate as it values are ranging from 0.751 to 0.867 at a confidence level of 95%. The 

overall value of AUC is 0.813±0.030 which is significantly different from 0.5 at p-

value<0.001, indicating that the cropland expansion model, classifies areas that 

changed and that did not change better than by chance. 

The best-fit model of shrub land expansion obtained through a backward step-wise 

regression as is seen in Table 4-11 is characterized by low Nagelkerke R2 (R2=16.7%). 

However, the Omnibus chi-square test shows that the model is significant (χ2=111.905, 

df=6, p-value<0.001). Furthermore, the overall accuracy (correct prediction value) is 

above 75%. Thus the developed model is appropriate in explaining the relationship 

between the shrub land expansion and the dependent variables.  The value of the 

Nagelkerke R2 shows that between 16.7% and 18.2% of the variability of the shrubland, 

expansion have been explained by the model. Furthermore, the AUC of the ROC ranges 

from 0.623 to 0.747 with an overall value of 0.685 at a confidence level of 95%. This 

value is significantly different from 0.5 (p-value<0.001). Thus the model performs 

better than the chance to discriminate the area with shrub land expansion from the area 

where this change does not occur. 

4.2.7. LULC prediction for 2030, 2050 and 2070 

In this section, the transition potential, the validation of the LULC prediction, and the 

projected dynamics during the 2020-2070 period are presented.   

4.2.7.1. LULC transition potential analysis 

The transfer of direction of LULC categories is shown by the transition probability 

matrix (Table 4.12). It can be seen that from 1987-2002, forestland, shrubland, and 

built-up area were the most stable LULC type with probabilities of no change of 0.81, 

0.50, and 0.39 respectively. 
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Table 4.12: Transition probability matrix of LULC change between 1987 and 

2002.  

Change to LULC of 2002 

C
h

a
n

g
e 

fr
o
m

 1
9

8
7
 

 Forest Crop- 

land 

Wet- 

land 

Built-up Grass- 

land 

Shrub 

land 

Bare 

land 

Forest 0.81 0.00 0.02 0.00 0.01 0.15 0.00 

Cropland 0.15 0.09 0.05 0.14 0.17 0.38 0.02 

Wetland 0.15 0.03 0.03 0.05 0.06 0.68 0.00 

Built up 0.02 0.20 0.02 0.39 0.18 0.19 0.00 

Grassland 0.04 0.17 0.02 0.19 0.18 0.41 0.00 

Shrubland 0.25 0.06 0.03 0.09 0.07 0.50 0.00 

Bareland 0.17 0.05 0.10 0.36 0.02 0.14 0.16 

The forest land has a high probability to be transformed into shrub land whereas the 

shrub land was likely to be transformed into a forest. The built-up area has a high 

probability of being transformed into cropland. The most dynamics classes are wetland, 

cropland, bare land, and grassland with stability probability of 0.003, 0.09, 0.16, and 

0.18 respectively. In these classes, the wetland was primarily transformed into shrub 

land, cropland to shrub land, bare land to build up area, and grassland to shrub land.  

On the other hand, there is a consistency in the transition pattern of LULC classes with 

the previous period from 2002 to 2020 as can be seen in Table 4.13. The most stable 

LULC type are forest, shrub land, and built-up area with 0.78, 0.59, and 0.52 

probabilities respectively. 
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 Table 4.13:Transition probability matrix of LULC change between 2002 and 2020 

Change to LULC of 2020 

C
h

a
n

g
e 

fr
o
m

 L
U

L
C

 

fr
o
m

 2
0

0
2
 

 Forest Crop- 

land 

Wet- 

land 

Built 

-up 

Grass 

-land 

Shrub 

-land 

Bare 

-land 

Forest 0.78 0.01 0.00 0.01 0.00 0.19 0.00 

Cropland 0.01 0.24 0.02 0.21 0.20 0.32 0.00 

Wetland 0.44 0.03 0.06 0.19 0.01 0.27 0.00 

Built up 0.02 0.12 0.03 0.52 0.08 0.23 0.01 

Grassland 0.01 0.48 0.00 0.16 0.11 0.23 0.00 

Shrubland 0.14 0.10 0.01 0.12 0.05 0.59 0.00 

Bareland 0.31 0.03 0.01 0.13 0.28 0.18 0.06 

The forest land and built-up area were mostly transformed into shrubland. In contrast, 

shrub-land has a high probability of being transformed into a forest. The most dynamic 

LULC types are still bare land, wetland, grassland, and cropland with the probability 

of stability of 0.06, 0.06, 0.11, and 0.24 respectively. In these classes, the bare land was 

primarily transformed into forest land, wetland into forestland, grassland into cropland, 

and cropland into shrub land.     

From 1987 to 2020, forest land, shrub land, and built-up land are the most stable LULC 

classes in the study area with a respective probability of stability of 0.77, 0.53, and 0.49 

as is evident in Table 4.14.  
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Table 4.14: Transition probability matrix of LULC change between 1987 and 2020 

Change to LULC of 2020 
C

h
a

n
g

e 
fr

o
m

 L
U

L
C

 o
f 

1
9

8
7
 

 Forest Crop 

-land 

Wet 

-land 

Built- 

up 

Grass 

-land 

Shrub 

-land 

Bare 

-land 

Forest 0.77 0.01 0.00 0.01 0.00 0.20 0.00 

Cropland 0.04 0.15 0.03 0.12 0.16 0.49 0.00 

Wetland 0.12 0.10 0.02 0.09 0.00 0.67 0.00 

Built up 0.01 0.20 0.02 0.49 0.14 0.15 0.00 

Grassland 0.01 0.28 0.02 0.26 0.10 0.32 0.00 

Shrubland 0.13 0.10 0.01 0.16 0.07 0.53 0.00 

Bareland 0.13 0.05 0.12 0.21 0.10 0.21 0.18 

During this period, the forest has a high probability of being transformed into shrub 

land whereas the shrubland has a high probability of being transformed into the built-

up area and the built-up area is likely to be transformed into cropland. However, the 

wetland, grassland, cropland, and bare land were the most affected by the changes with 

0.02, 0.10, 0.15, and 0.18 probabilities of stabilities. The wetland was primarily 

transformed into shrub land, the grassland to shrub land and cropland, the cropland into 

shrub land, and bare land to shrub land. 

The transition probability matrix based on the 1987-2020 trends for prediction of LULC 

of 2030 is shown in Table 4.15. This probability matrix shows the probability of each 

land cover in 2020 changing to other land covers in 2030. From the results presented in 

table 4.15, it can be noted that the forest has a high probability of being transformed 

into shrubland (0.2) compared to other LULC types. The cropland is likely to be 

transformed into shrubland (0.49) while its expansion is likely to occur at the expanse 

of grassland. Similarly, the grassland (0.26) and bare land (0.22) showed a high 

probability of transformation to built-up land. The regression of wetland is likely to 

occur due to its transformation in shrubland (0.67).   
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Table 4.15: Transition probability matrix of LULC change between 2020 and 2050 

Change to LULC of 2030 
C

h
a

n
g

e 
fr

o
m

 L
U

L
C

 o
f 

2
0

2
0
 

 Forest Crop 

-land 

Wet 

-land 

Built- 

up 

Grass 

-land 

Shrub 

-land 

Bare 

-land 

Forest 0.78 0.01 0.00 0.01 0.00 0.20 0.00 

Cropland 0.04 0.16 0.03 0.12 0.16 0.49 0.00 

Wetland 0.12 0.10 0.02 0.09 0.00 0.67 0.00 

Built up 0.01 0.20 0.02 0.48 0.14 0.15 0.00 

Grassland 0.01 0.28 0.02 0.26 0.11 0.32 0.00 

Shrubland 0.13 0.10 0.01 0.16 0.07 0.53 0.00 

Bareland 0.14 0.04 0.12 0.22 0.10 0.21 0.18 

During the next three decades, there is a high probability of expansion of shrubland to 

wetland (0.64), cropland (0.46), grassland (0.30), and forestland (0.19) as can be 

observed in Table 4.16. The cropland (0.27) and built-up area (0.25) are expected to 

expand mostly on grassland. In the other hand, bare land is more likely to be 

transformed into the built-up area (0.21). 

Table 4.16: Transition probability matrix of LULC change between 2020 and 2050 

Change to LULC of 2050 

C
h

a
n

g
e 

fr
o
m

 L
U

L
C

 o
f 

2
0
2
0
 

 Forest Crop 

-land 

Wet 

-land 

Built- 

up 

Grass 

-land 

Shrub 

-land 

Bare 

-land 

Forest 0.79 0.01 0.00 0.01 0.00 0.19 0.00 

Cropland 0.03 0.20 0.03 0.11 0.16 0.46 0.00 

Wetland 0.11 0.10 0.07 0.08 0.00 0.64 0.00 

Built up 0.00 0.19 0.01 0.52 0.13 0.14 0.00 

Grassland 0.01 0.27 0.02 0.25 0.14 0.30 0.00 

Shrubland 0.12 0.09 0.01 0.15 0.06 0.55 0.00 

Bareland 0.13 0.03 0.12 0.21 0.10 0.18 0.24 

The transition probability matrix of each LULC observed in 2020 changing to other 

LULC types in 2070 (Table 4.17) shows that the forestland, built-up area, and shrubland 

are expected to be the most stable LULC categories with the probability of persistence 

of 0.68, 0.40 and 0.24 respectively. In contrast, the most dynamic LULC types are bare 

land, wetland, grassland, and cropland with the probability of stability of 0.09, 0.02, 

0.11, and 0.15 respectively. In these classes, there is a high probability of 
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transformation of bare land to the built-up area (0.23), wetland to shrubland (0.54), 

grassland to shrubland (0.37), and cropland to shrub land (0.46). Both cropland (0.20) 

and built-up land (0.25) are more likely to expand to grassland. 

Table 4.17: Transition probability matrix of LULC change between 2020 and 2070 

Change to LULC of 2070 

C
h

a
n

g
e 

fr
o
m

 L
U

L
C

 o
f 

2
0

2
0
 

 Forest Crop 

-land 

Wet 

-land 

Built- 

up 

Grass 

-land 

Shrub 

-land 

Bare 

-land 

Forest 0.68 0.03 0.00 0.03 0.01 0.24 0.00 

Cropland 0.08 0.15 0.02 0.17 0.12 0.46 0.00 

Wetland 0.16 0.10 0.02 0.14 0.05 0.54 0.00 

Built up 0.02 0.19 0.02 0.40 0.13 0.24 0.00 

Grassland 0.04 0.20 0.02 0.25 0.11 0.37 0.00 

Shrubland 0.16 0.11 0.01 0.19 0.08 0.45 0.00 

Bareland 0.16 0.08 0.07 0.23 0.09 0.29 0.09 

 

4.2.7.2. Validation of the LULC projection 

The validation of the LULC projection was done through the evaluation of the 

difference between the projected and the observed LULC change for the year 2020. 

Figure 4.7 shows a visual comparison between the classified and the simulated LULC 

maps for the year 2020. 

 

Figure 4.7: Actual and simulated LULC for 2020 in Kalehe territory.  
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Table 4.18 presents the area statistics of these maps. 

Table 4.18: Validation of the predicted LULC based on the actual and simulated 

LULC for 2020  

  Simulated LULC in 2020 Actual LULC in 2020 Change  

LULC  Area (km2) Area (%) Area (km2) Area (%) (%) 

Forest 1950.97 46.98 1952.48 47.02 -0.08 

Cropland 270.13 6.51 312.96 7.54 -13.69 

Wetland 23.92 0.58 36.99 0.89 -35.34 

Built up 391.71 9.43 388.59 9.36 0.80 

Grassland 161.21 3.88 153.22 3.69 5.21 

Shrubland 1352.13 32.56 1305.09 31.43 3.60 

Bareland 2.29 0.06 3.00 0.07 -23.80 

It can be observed from Table 4.18 that the prediction model has overestimated the 

surface covered by grassland, built-up area, and shrubland at respective rates of 5.21%, 

0.80%, 0.28%, and 3.60% compared to the area observed on the classified map. Other 

LULC classes have been underestimated at a rate of 0.08% for forestland, 13.69% for 

cropland, 35.34% for wetland, and 23.80% for bare land. However, the difference in 

the proportion of LULC between the simulated and the classified maps is not 

significant. This is confirmed by the result of the Chi-square test under the null 

hypothesis that there is no significant difference between the surface proportion of the 

simulated and observed LULC classes in 2020 (X-squared=0.17089, df= 6, p-

value=0.99). Additionally, the overall Kappa index is 0.86 indicating that there is a 

good agreement between the two maps. The overall accuracy of the prediction is 

90.98%.   

4.2.7.3. LULC characteristics for 2030, 2050 and 2070 

The result of the LULC projection for the 2020-2030 period based on past trends as can 

be seen in Table 4.19 and Figure 4.8 shows that forestland, shrub land, built-up area, 
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and cropland will be the most dominant LULC categories. Table 4.19 shows the 

proportion of each LULC while Figure 4.8 illustrates the predicted maps for the LULC.  

Table 4.19: LULC for the present and projected situation  

LULC 

2020 2030 2050 2070 

Area 

(km2) 

Area 

(%) 

Area 

 (km2) 

Area  

(%) 

Area  

(km2) 

Area  

(%) 

Area  

(km2) 

Area  

(%) 

Forest 1952.48 47.02 1715.36 41.31 1710.67 41.20 1584.63 38.16 

Cropland 312.96 7.54 324.42 7.81 325.59 7.84 353.49 8.51 

Wetland 36.99 0.89 34.37 0.83 42.41 1.02 45.16 1.09 

Built up 388.59 9.36 496.21 11.95 504.38 12.15 561.80 13.53 

Grassland 153.22 3.69 212.99 5.13 208.61 5.02 228.11 5.49 

Shrubland 1305.09 31.43 1368.28 32.95 1358.43 32.71 1377.23 33.17 

Bareland 3.00 0.07 0.54 0.01 2.40 0.06 2.82 0.07 

The results of the simulated LULC in Table 4.19 show that by the year 2030 forestland, 

shrub, built-up area, and cropland are the most represented and will cover about 

41.31%, 32.95%, 11.95%, and 7.81% of the total surface of the territory. The least 

represented LULC types are bare land (0.01%), wetland (0.83%), and grassland 

(5.13%). In 2050, the dominant area will be forest (41.19%), followed by shrub land 

(32.71%), built-up area (12.15%), and cropland (7.84%). The grassland (5.02%), 

wetland (1.02%), and bare land (0.06%) are the least represented. The most prominent 

LULC cover in 2070 will be forest land (38.16%), shrub land (33.17%), built-up area 

(13.53%), and cropland (8.51%). The least represented LULC categories are bare land 

(0.07%), wetland (1.09%), and grassland (5.49%).  



183 
 

 

Figure 4.8: Predicted LULC from 2030 to 2070.  
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Overall, the forest land will continue to decrease in the future while cropland and built-

up will increase. As can be seen in the figure below, the wetland will decrease by 2030 

but it will increase during the 2030-2070 period.   

4.2.7.4. LULC change dynamics during the 2020-2030 period 

During the next decade (2030), it is predicted that there will be a general decrease of 

forestland, wetland, and bare land by 12.37%, 7.07%, and 82.07% respectively 

compared to the baseline year 2020 as can be seen in Table 4.20. However, the 

cropland, the built-up area, grassland, and shrubland are predicted to increase by 3.66%, 

27.70%, 39.01%, and 4.84% respectively (Table 4.20). It can be noted that the highest 

positive annual change rate will be observed in grassland and built-up areas which will 

increase at a rate of 2.17 %/Year (3.32km2/Year) and 1.54%/Year (5.98km2/Year), 

respectively. In contrast, the bare land and wetland will present the highest negative 

annual change and will decrease at a rate of 4.56%/Year (0.14km2/Year) and 

0.39%/Year (0.15km2/Year) respectively. The Table 4.20 presents the predicted LULC 

changes between 2020 and 2030. 

Table 4.20: Trend of LULC change between 2020 and 2030. 

  LULC (2020) LULC (2030) Change (2020-2030) 

  Area  

(km2) 

Area  

(%) 

Area  

(km2) 

Area  

(%) 

TC 

(%) 

AC  

(%/yr) 

RC  

(km2/Yr) 

Forest 1952.48 47.02 1715.36 41.31 -12.14 -0.67 -13.17 

Cropland 312.96 7.54 324.42 7.81 3.66 0.20 0.64 

Wetland 36.99 0.89 30.95 0.83 -7.03 -0.39 -0.15 

Built up 388.59 9.36 496.21 11.95 27.70 1.54 5.98 

Grassland 153.22 3.69 216.05 5.13 39.01 2.17 3.32 

Shrubland 1305.09 31.43 1368.28 32.95 4.84 0.27 3.51 

Bareland 3.00 0.07 0.54 0.01 -82.07 -4.56 -0.14 

RC=Rate of change (km2/Year), TC=Temporal change (%) and AC=Annual rate of 

change (%/Year) 
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The major LULC change that will occur in the study area by the year 2030 is the 

conversion of forest to shrub (390.62km2), shrub to built-up (208.84km2), shrub to 

forest (170.21km2), cropland to shrub (153.31km2) and shrub to cropland (131.11km2) 

as it is depicted in Table 4.21. 

 Table 4.21: Projected LULC change transition matrix between 2020 and 2030 

Change to LULC of 2030 (area in km2) 

 Forest Crop-

land 

Wet-

land 

Built- 

up 

Grass-

land 

Shrub Bare-

land 

C
h

a
n

g
e 

fr
o
m

 

L
U

L
C

 f
ro

m
 2

0
2

0
 Forest 1522.71 19.46 0.00 19.68 0.01 390.62 0.00 

Cropland 12.42 49.94 9.41 37.44 50.45 153.31 0.00 

Wetland 4.39 3.74 0.75 3.29 0.00 24.82 0.00 

Built up 4.00 77.31 7.91 186.18 54.54 58.66 0.00 

Grassland 1.54 42.81 3.11 39.90 17.03 48.83 0.00 

Shrub 170.21 131.11 13.23 208.84 91.45 690.25 0.00 

Bare land 0.41 0.12 0.36 0.65 0.30 0.62 0.54 

The Figure 4.9 presents an overview of the major LULC transition which is likely to 

occur during the 2030 period if the past trend continues in the future. 

 

Figure 4.9: Projected majors LULC transition during the 2020-2030 period.  
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In summary, if the past trend of LULC change continues during the 2020-2030 period, 

it is projected that the study area will be dominated by stable or persistent land cover 

which could represent 59.42% (2467.29km2) of the territory (Figure 4.9). Deforestation 

would be the most prominent proximate driver of LULC change in the study area. 

During this period, deforestation would occur in 10.35% (429.77km2) while 

afforestation and forest recovery would occur in only 4.65% (192.96km2) of the study 

area, inducing net deforestation of 5.69 % (236.81km2). This deforestation would be 

mainly associated with built-up land expansion, cropland expansion, shrubland 

expansion, and grassland expansion which occurred in 7.46% (309.79km2), 6.61% 

(274.56km2), 16.30% (676.85km2), and 4.74% (196.85km2) of the territory, respectively. 

During this period, the bare land is not expected to expand by 0.00% (0.00km2) while 

the wetland would expand to 0.82% (34.01km2) of the territory as a result of inundation 

(Figure 4.10). The Figure 4.10 presents the proportion of land which are expected to be 

subjected to the major’s land transition during the 2020-2030 period.  

 

Figure 4.10: Majors LULC transition during the 2020-2030 period.  
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4.2.7.5. LULC change dynamics during the 2020-2050 period 

During the next 30 years, only the forest land and bare land area are expected to 

decrease at a respective rate of 12.38% and 19.81% respectively compared to their 

initial area in 2020 as can be seen in Table 4.22. The other LULC categories will 

increase. It is expected that the grassland and built-up area will present the highest rate 

of expansion while the cropland and shrub land will experience the lowest rate of annual 

expansion (Table 4.22).  

Table 4.22: Trend of LULC change between 2020 and 2050.  

  LULC (2020) LULC (2050) Change (2020-2050) 

  Area  

(km2) 

Area  

(%) 

Area  

(km2) 

Area  

(%) 

TC 

(%) 

AC  

(%/yr) 

RC  

(km2/Yr) 

Forest 1952.48 47.02 1710.67 41.20 -12.38 -0.34 -6.72 

Cropland 312.96 7.54 325.59 7.84 4.04 0.11 0.35 

Wetland 36.99 0.89 42.41 1.02 14.65 0.41 0.15 

Built up 388.59 9.36 504.38 12.15 29.80 0.83 3.22 

Grassland 153.22 3.69 208.61 5.02 36.15 1.00 1.54 

Shrubland 1305.09 31.43 1358.43 32.71 4.09 0.11 1.48 

Bareland 3.00 0.07 2.41 0.06 -19.81 -0.55 -0.02 

RC=Rate of change (km2/Year), TC=Temporal change (%) and AC=Annual rate of 

change (%/Year)  

Based on the results of the transition matrix presented in Table 4.23, the major LULC 

change (more than 100km2) that will occur in the study area by the year 2050 is the 

transformation of forest to shrub land (365.01Km2), shrub to the built-up area 

(201.19km2), shrub to forest (159.00km2), cropland to shrub (145.01km2) and shrub to 

cropland (120.78km2).  
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Table 4.23: Projected LULC change transition matrix between 2020 and 2050 

Change to LULC of 2050 (area in km2) 

 Forest Crop-

land 

Wet-

land 

Built- 

up 

Grass-

land 

Shrub Bare-

land 

C
h

a
n

g
e 

fr
o
m

 

L
U

L
C

 f
ro

m
 2

0
2

0
 Forest 1533.75 25.32 3.36 22.42 2.53 365.10 0.00 

Cropland 10.82 61.46 10.59 34.60 50.32 145.01 0.16 

Wetland 4.02 3.56 2.64 3.06 0.00 23.71 0.00 

Built up 1.43 72.28 5.63 203.93 50.69 53.29 1.34 

Grassland 1.65 41.77 2.64 38.47 22.11 46.52 0.08 

Shrub 159.00 120.78 17.54 201.19 83.31 723.13 0.14 

Bare land 0.38 0.09 0.35 0.62 0.29 0.54 0.72 

The Figure 4.11 presents an overview of the major LULC transition which is likely to 

occur during the 2030 period if the past trend continues in the future. 

 

Figure 4.11: Projected majors LULC transition during the 2020-2050 period.  

In summary, during the 2020-2050 period, if the past trend of LULC change continues 

in the future, it is projected that the study area will be dominated by the stable land 
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cover which could represent 61.36% (2547.74km2) of the territory (Figure 4.11). 

Deforestation would be the most prominent proximate driver of LULC change in the 

study area. During this period, deforestation would occur in 10.08% (418.73km2) while 

afforestation and forest recovery would occur in only 4.27% (177.31km2) of the study 

area, indicating that net deforestation of 5.81% (241.42km2). This deforestation would 

be mainly associated with shrubland expansion, built-up land expansion, cropland 

expansion, and grassland expansion which occurred in 15.27% (634.17km2), 7.23% 

(300.35km2), 6.35% (263.79km2), and 4.51% (187.13km2) of the territory, respectively. 

During this period, the bare land is expected to expand by 0.04% (1.62km2) while the 

wetland would expand to 0.97% (40.11km2) of the territory as a result of inundation 

(Figure 4.12).  

  

Figure 4.12: Majors LULC transition during the 2020-2050 period.  

4.2.7.6. LULC change dynamics during the 2020-2070 period 

By the year 2070, it is expected that only the forest land and grassland will decrease 

compared to their situation of 2020 while the other LULC categories will increase in 

terms of area (Table 4.24). The forest land is expected to decrease by 18.84% compared 

to the base line period, indicating an annual forest loss of 0.35% per year or 6.81km2 

per year. During the next five decades, the grassland built-up area, wetland, cropland, 
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and shrubland are expected to decrease by 49.86%, 44.57%, 17.89%, 12.95%, and 

5.53% compared to their surface in 2020 as presented in Table 4.34.  

Table 4.24: Trend of LULC changes in 2020 and 2070.  

  LULC (2020) LULC (2070) Change (2020-2070) 

  Area  

(km2) 

Area 

 (%) 

Area  

(km2) 

Area  

(%) 

TC 

(%) 

AC  

(%/yr) 

RC  

(km2/Yr) 

Forest 1952.48 47.02 1584.63 38.16 -18.84 -0.35 -6.81 

Cropland 312.96 7.54 353.49 8.51 12.95 0.24 0.75 

Wetland 36.99 0.89 45.16 1.09 22.09 0.41 0.12 

Built up 388.59 9.36 561.80 13.53 44.57 0.83 3.21 

Grassland 153.22 3.69 228.11 5.49 48.88 0.91 1.39 

Shrubland 1305.09 31.43 1377.23 33.17 5.53 0.10 1.34 

Bareland 3.00 0.07 2.82 0.07 -5.86 -0.11 -0.003 

RC=Rate of change (km2/Year), TC=Temporal change (%) and AC=Annual rate of 

change (%/Year)  

The major LULC changes (more than 100km2) that will occur in the study area by the 

year 2070 (Table 4.25) are the conversion of forest to shrub (470.44km2), shrub to built-

up (242.71km2), shrub to forest (204.25km2), shrub to cropland (147.26km2) and 

cropland to a shrub (143.09km2).   

Table 4.25: Projected LULC change transition matrix between 2020 and 2070 

Change to LULC of 2070 (area in km2) 

 Forest Crop-

land 

Wet-

land 

Built- 

up 

Grass-

land 

Shrub Bare-

land 

C
h

a
n

g
e 

fr
o
m

 

L
U

L
C

 f
ro

m
 2

0
2

0
 Forest 1334.74 50.87 7.17 66.88 22.17 470.44 0.21 

Cropland 23.86 47.34 7.61 53.72 37.12 143.09 0.22 

Wetland 5.75 3.73 0.69 5.12 1.76 19.93 0.00 

Built up 8.25 73.33 7.22 154.18 50.71 93.73 1.18 

Grassland 6.64 31.18 3.13 38.68 16.97 56.47 0.14 

Shrub 204.25 147.26 19.52 242.71 99.21 591.34 0.81 

Bare land 0.49 0.25 0.20 0.68 0.27 0.86 0.26 

The Figure 4.13 presents an overview of the major LULC transition which is likely to 

occur during the 2030 period if the past trend continues in the future. 
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Figure 4.13: Projected majors LULC transition during the 2020-2070 period.  

In summary, during the 2020-2070 period, if the past trend of LULC change continues 

in the future, it is projected that the study area will be dominated by the stable land 

cover (no change of LULC) which could represent 51.67% (2145.52km2) of the territory 

(Figure 4.14). Deforestation would be the most prominent proximate driver of LULC 

change in the study area. During this period, deforestation would occur in 14.88% 

(617.74km2) while afforestation and forest recovery would occur in only 6.00% 

(249.23Km2) of the study area, indicating a net deforestation of 8.88 % (368.51km2). 

This deforestation would be mainly associated with shrubland expansion, built-up land 

expansion, cropland expansion, and grassland expansion which occurred in 18.89% 

(784.52km2) 9.82% (407.79), 7.38% (306.63km2), and 5.09% (211.23km2) of the 

territory, respectively. During this period, the bare land is expected to expand by 0.06% 
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(2.30km2) while the wetland would expand to 1.08% (44.85km2) of the territory as a 

result of inundation (Figure 4.14). The Figure 4.14 presents the proportion of land that 

is expected to be affected by the major LULC transition during the 2020-2070 period 

in term of gain or loss of their surfaces.  

 

Figure 4.14: Majors LULC transition during the 2020-2070 period.  

4.2.8. Implication of LULC dynamics on land cover degradation  

4.2.8.1. Status of land cover degradation  

The identification of the negative, positive, and stable LULC transition was done based 

on the transition matrix of each period to determine the land cover status. Based on field 

observation the following decision matrix (Table 4.26) was produced to discriminate 

areas with land cover improvement (positive land cover transition), land cover 

degradation (negative transition), and land cover stability (no change).  
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Table 4.26: Decision matrix for land cover degradation assessment.  

LULC of the final year 
L

U
L

C
 i

n
 t

h
e 

in
it

ia
l 

y
ea

r   FL CL WL B GL SL BL 

Forest land (FL) 0 - - - - - - 

Cropland (CL) + 0 - - - + - 

Wetland  (WL) - - 0 - - - - 

Built up (B) + + - 0 + + - 

Grassland (GL) + - - - 0 + - 

Shrubland (SL) + - - - - 0 - 

Bareland (BL) + + + + + + 0 

 0 Stability - Degradation + Improvement 

 

The negative change implies deforestation, the vegetation loss due to the transition from 

grassland and shrubland to other LULC categories. The transformation of cropland to 

forestland is considered an improvement of land associated with afforestation. 

However, the transformation of cropland to grassland indicates land degradation 

resulting from the withdrawal of agricultural activities due to the decrease in land 

productivity. In contrast, the transformation of agricultural land to shrub land is 

classified as a land improvement. Old fallows were classified as shrubland and they are 

recognized to be productive land for agricultural activities by land users. The 

conversion of cropland to build-up area, grassland, and bareland is also considered as 

negative transition. On the other hand, the expansion of cropland to the built-up area 

and bare land is considered a positive change. The barre land expansion to other types 

of land constitutes a negative transition as well as the encroachment of wetlands. The 

decrease of wetlands in the study area is mostly associated with their drainages for 

cropland activities or built-up area expansion. The expansion of wetland to cropland 

and built-up area, vegetation cover (forest, shrub, and grassland) resulting from 

inundation constitutes a negative transition in the study area but its expansion to bare 

land depicts a wetland establishment which constitutes a positive change. 
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The analysis of the land cover status during the 1987-2020 period indicated that about 

34.17% (1424.79km2) of the study area is subjected to land degradation, 58.72% 

(2448.25km2) is stable and there is an improvement in 7.11 % (286.44km2) as can be 

seen in Table 4.27. By comparing the two periods of analysis it can be seen that 28.87% 

(1203.72km2) of the territory was degraded during the 1987-2002 period but the 

situation changed during the second period where 26.93% (1122.74km2) of the territory 

is showing a degradation.  

Table 4.27: Land cover status from 1987 to 2020. 

Period 1987-2002 2002-2020 1987-2020 

Land cover  

status 

Area  

(km2) 

Area 

(%) 

Area   

(km2) 

Area 

(%) 

Area  

 (km2) 

Area 

(%) 

Degradation 1203.72 28.87 1122.74 26.93 1424.79 34.17 

Stability 2546.93 61.08 2647.70 63.50 2448.25 58.72 

Improvement 418.84 10.05 399.04 9.57 296.44 7.11 

The maps presented in Figure 4.15 show the spatial pattern of land cover degradation 

associated with land use changes during the 1987-2020 period. 
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Figure 4.15: Land cover status during the 1987-2002, 2002-2020, and 1987-2020 

periods.  



196 
 

Based on the result of the projected LULC, it is projected that 28.28% of the land will 

be degraded in 2030, 27.28% in 2050, and 33.65% in 2050 if the past trend of land use 

changes continues in the future as presented in Table 4.28. These results imply that land 

degradation neutrality should not be attended to in the future if the past trend of LULC 

continues.  

Table 4.28: Projected land cover status from 2020-2070 

Period 2020-2030 2020-2050 2020-2070 

Land cover 

status 

Area 

(km2) 

Area 

(%) 

Area 

(km2) 

Area 

(%) 

Area 

(km2) 

Area 

(%) 

Degradation 1174.07 28.28 1133.22 27.29 1397.08 33.65 

Stability 2467.72 59.43 2548.50 61.38 2147.04 51.71 

Improvement 510.24 12.29 470.30 11.33 607.89 14.64 

The maps presented in Figure 4.16 show the projected spatial pattern of land cover 

degradation associated with land use changes for the 2030-2070 period compared to the 

current situation (2020). 
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Figure 4.16: Projected land cover status for the 2020-2030, 2020-2050, and 2020-

2070 period. 
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4.2.8.2. Land cover degradation modeling and susceptibility mapping  

The identification of the drivers of negative land use transition which induces land 

cover degradation was done through a logistic regression analysis by considering the 

occurrence of negative LULC transition as the dependent variable and the drivers of 

LULC as the independent variables. The results of the stepwise Walid backward logistic 

regressions  which was performed are presented in Table 4.29.  

Table 4.29: Best-fit model of land cover degradation.  

Variables β S.E. Wald p-value EXP(β) 

Altitude 0.0008334 0.0002309 13.0203 0.000308** 1.0008 

Mining concession 0.5724909 0.1987815 8.29440 0.003977** 1.7726 

Distance to locality -0.000101 4.133E-05 5.98177 0.014454* 0.9998 

Distance to river 5.348E-05 2.527E-05 4.47803 0.034333* 1.00005 

Conservation -0.684615 0.2418960 8.01006 0.004652** 0.50428 

Distance to road -9.733E-05 3.249E-05 8.96935 0.002745** 0.9999 

Distance to mining site -9.411E-05 2.545E-05 13.6784 0.000217** 0.9999 

Population 0.000656 0.0002385 7.56301 0.005958** 1.00065 

Constant -0.804297 0.4841585 2.75967 0.096668  

Model chi-square (χ2) 389.724     

Model Nagelkerke R2 0.415     

Model correct 

prediction 
74.40% 

    

β: Estimated coefficient; SE: Standard error; R2: Coefficient of determination; Exp(B): 

odds ratio.  *, ** significant at 5% and 1% level of significance, respectively.  

The results in Table 4.29 indicate that land cover degradation is significantly influenced 

by topographic factors, conservation and development zoning, population density, and 

proximity drivers. It was found that altitude is positively associated with the occurrence 

of land cover degradation, indicating that land cover degradation is likely to occur at 

higher altitudes than at lower altitudes. The occurrence of mining concession has the 

most influential power on the occurrence of land cover degradation. However, the 

presence of conservation zoning (national park and forest reserve) is negatively 

associated with the occurrence of land cover degradation. This implies that these 
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conservation measures are effective and appropriate and should be considered by the 

mining concession owner to reduce their impact on the land resource. Among the 

proximity drivers of accessibility, only the distance to the river is positively associated 

with the occurrence of land cover degradation indicating that the land cover degradation 

is likely to occur in areas that are far from the rivers. In contrast, there is a negative 

association between the distance to locality (village), distance to roads, and distance to 

artisanal mining sites with the occurrence of land cover degradation. These results 

imply that land cover degradation is likely to occur in the proximity of villages, roads, 

and artisanal mining sites. Furthermore, land cover degradation is positively associated 

with the population density. This depicts the impact of human pressure on natural 

resources in the study area.   

The Omnibus Test of the Model coefficient shows that model was statistically 

significant (χ2=389.724,df=7, p-values<0.001), explained 41.50% (Nagelkerke R 

square=0.415) of the variability of land cover degradation and has a correct prediction 

of 74.40%. This model has been used to establish the susceptibility map of land cover 

degradation and it is formulated as follows: 

𝑃𝑖 =

 exp ( −0.8043+0.00083∗X1+0.57249∗X2−0.0001∗X3+0.00005∗X4
−0.68462∗X5−0.0001∗X6−0.00009∗X7+0.00066∗X8)

1+
 exp ( −0.8043+0.00083∗X1+0.57249∗X2−0.0001∗X3+0.00005∗X4

−0.68462∗X5−0.0001∗X6−0.00009∗X7+0.00066∗X8)

  (Equation 4-5) 

With pi= probability of land cover degradation, X1= altitude, X2= mining concession, 

X3= distance to the locality, X4= distance to the river, X5=protected area, X6=distance 

to the road, X7= Distance to artisanal mining, X8= population density. This equation 

was used to establish the susceptibility map of land cover degradation in the study area. 
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Based on this model (Equation 4-5), the map of land cover degradation susceptibility 

has been produced (Figure 4.17) to indicate the area where this degradation is likely to 

occur.  

 

Figure 4.17: Susceptibility map of land cover degradation in Kalehe territory.  

This map (Figure 4.17) shows that there is a spatial variability in the susceptibility to 

land cover degradation among the four health zones in Kalehe territory. For instance, 

the Minova and Kalehe zones are dominated by high to very-high susceptible zones 

while the Bunyakiri and Kalonge are dominated by low to very low susceptible zones. 

It can also be observed that the very high susceptible zones to land cover degradation 

dominate at the shoreline of Lake Kivu in the eastern part of the territory while the very 

low susceptible zones are dominating in the western part of the territory. The ROC test 

indicated that this model (Equation 4-5) has an AUC varying between 0.780 and 0.833 
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with a mean value of 0.807±0.013 at a confidence level of 95%. This suggests that this 

model has good predictive power, exceeding a random assignment by 30.7%.  

4.2.9. Land productivity dynamics over LULC changes 

This section presents the dynamics of land productivity by using the trend of Landsat-

based NDVI during the 1987-2020 period as a proxy to determine the areas that are 

characterized by an improvement of the vegetation productivity (restoration), decrease 

of land productivity (degradation) and no change in land productivity (stability). The 

land productivity dynamics are analyzed at the territorial level and per LULC category 

to assess the vulnerability of each LULC category to degradation. After identifying the 

area characterized by a decrease in land productivity, the logistic regression model was 

used to assess the impact of biophysical and socio-economic factor on the persistent 

decrease of land productivity.  

4.2.9.1. Land productivity status and trend during the 1987-2020 period  

The trend in NDVI during the 1987-2020 period was used as a proxy of land 

productivity dynamics. The map presented in Figure 4.18 demonstrates that there is a 

spatial and temporal variation of the annual NDVI in the Kalehe territory which reflects 

the change in land productivity and greenness of vegetation (biomass) over time for the 

1987-2020 period.  
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Figure 4.18: Spatio-temporal variation of mean annual NDVI from 1987 to 2020 

in Kalehe territory. 

The spatial aggregated annual NDVI mean range between 0.22 for the year 2014 and 

0.59 for the year 1999 with a mean value of 0.39±0.07. Despite that, there is an annual 

fluctuation of annual NDVI, the temporal variation of the annual average NDVI at the 

territorial level shows that there is a general decrease in mean annual NDVI over the 

1987-2020 period and the trend equation is y=2.26-0.0009x (Figure 4.19). The decrease 

rate of the mean NDVI is -0.000932 per year and R= -0.09.   
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Figure 4.19: Temporal variation of the mean annual NDVI over the 1987-2020 

period in Kalehe territory.  

From 1987 to 1994 (Figure 4.20), there was a relative increase of NDVI which is 

observed in the western part of the territory. After the year 1994, the trends show a 

general decrease until the year 1998. From 1999 to 2001, there was a fluctuation of 

NDVI value but the values were higher compared to that from the previous period of 

observation. After this period, relatively reduced biomass trends were observed 

between 2002 and 2014. From 2015 to 2018, a decrease in the productivity of biomass 

was also observed but after this year an increase in land productivity was observed 

compared to the previous years. The results of the NDVI trends analysis show the 

evolution of land productivity and the development of vegetation during the 1987-2020 

period (Figure 4.20).  
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Figure 4.20: Maps showing the spatial distribution of the Mann Kendal’s 

coefficient (𝝉) and p-value of the trend of land productivity (NDVI) in Kalehe 

territory over the 1987-2020 period.  

The 𝜏 correlation coefficient of the Mann-Kendall trend analysis test show that 31.25% 

(1303.175km2) of the territory presents a negative trend indicating a decrease in land 

productivity whereas 47.90% (1997.365km2) shows stability in the trend of NDVI 

indicating stability in land productivity and 20.84% (869.1312km2) is characterized by 

a positive trend of NDVI indicating an increase in land productivity (Figure 4.20 and 

Figure 4.21). The negative trend of NDVI which reflects the degradation of vegetation 

or the decrease of vegetation activities is mostly observed in the North-East and South-

East of the territory (Figure 4.20). The positive values of 𝜏 coefficient which indicate 

the vegetation greening are mostly observed in the western part of the territory.  
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Figure 4.21: Barplot showing the variation of land productivity per health zone 

and at territorial level according to the trend of NDVI.  

Considering the proportion of area with an increasing, decreasing, and stability of 

NDVI per health zone (Table 4.30), the chi-square test of independence (X-squared = 

57.553, df = 6, p-value = 1.412e-10) shows that there is a dependency between the trend 

of NDVI and the health zone in the Kalehe territory. Thus the land productivity 

dynamics is location specific.  

Table 4.30: Land productivity dynamics per health zone  

Land 

productivity Decrease Increase No change 

Health zone 

Area 

(km2) 

Area 

(%) 

Area 

(km2) 

Area 

(%) 

Area 

(km2) 

Area 

(%) 

Bunyakiri 309.00 19.46 527.73 33.24 751.12 47.30 

Kalehe 458.28 38.23 73.52 6.13 667.05 55.64 

Kalonge 370.02 41.37 255.28 28.54 269.14 30.09 

Minova 197.34 36.36 20.66 3.81 324.78 59.84 

The high proportion of surface affected by a decrease in land productivity is observed 

in the Kalonge zone where 41.37% (370.02km2) of its surface is characterized by a 

negative trend of NDVI over the last 33 years. It is followed by the Kalehe zone and 

Minova, with respectively 38.23% (458.28km2) and 36.36% (197.34km2) of surface 
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affected by the decrease in land productivity (Table 4-30). The Bunyakiri zone is the 

least affected as only 19.46% (527.73km2) of the area present a decrease of NDVI while 

there is an improvement of biomass productivity in the western part of this zone (Table 

4.30) adjacent to the low altitude zone of Kahuzi-Biega National Park.  

The spatial distribution of p-value derived from the Mann-Kendall trend analysis shows 

that 86.06% (3615.32km2) of the Kalehe territory is characterized by no significant 

change of NDVI at a confident level of 90% during the study period (Figure 4.21). 

Thus, the decrease of NDVI is significant in 10.8% (453.83km2) of the total surface 

area whilst only 3.13% (131.36km2) shows a significant increase or positive trend of 

land productivity. The area with a significant increasing of NDVI is located mostly in 

the western part of Kalehe territory in the zone adjacent to the lowland region of the 

Kahuzi-Biega National Park. However, the area with a significant decrease of NDVI is 

located in the southern part of the territory, even in the area covered by the highland 

part of the National Park of Kahuzi-Biega and in the North-Eastern part of the region, 

including the area covered by the Natural Reserve of Nord Masisi (Figure 4.22).  

 

Figure 4.22: Map showing the spatial pattern of significant and no significant 

trend of NDVI for the 1987–2020 period in Kalehe territory.  
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4.2.9.2. Land productivity status per LULC categories   

The analysis of the association between the land productivity status of different LULC 

categories has been done through the intersection of the land condition maps obtained 

based on the NDVI trend from the 1987-2020 period and the LULC maps from the year 

2020 and is presented in Figure 4.23. This map shows the area where the productive 

capacity of the land has decreased and where restoration action is necessary.  

 

Figure 4.23: Intersection of the LULC map of 2020 and the land condition map 

for the 1987-2020 period based on the NDVI trend analysis.  

The land productivity dynamics as shown in Table 4.31 vary according to the LULC 

types (X-squared = 93.667, df = 12, p-value = 9.593e-10). The proportion of each 

LULC type that is being degraded at the territorial level (Table 4.31) shows that built-

up area, shrub land, wetland, cropland, and grassland are the most affected by land 
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degradation at 54.27%, 40.01%, 36.27%, 31.58% and 30.36% of their surfaces 

experience a decrease in land productivity. Only 20.89% of the total surface of forest 

cover and 27.33% of bare land are characterized by a decrease in productivity.  

Table 4.31: Proportion of LULC types that are being degraded at the territorial 

level. 

Land 

productivity Decrease Increase No change 

LULC (2020) 

Area 

(km2) 

Area 

(%) 

Area 

(km2) 

Area 

(%) 

Area 

(km2) 

Area 

(%) 

Bare land 0.82 27.33 0.53 17.67 1.65 55.00 

Built up 213.01 54.27 19.59 4.99 159.91 40.74 

Cropland 100.34 31.58 22.08 6.95 195.36 61.48 

Forest 415.19 20.89 699.62 35.21 872.23 43.90 

Grassland 46.82 30.36 7.03 4.56 100.38 65.08 

Shrub land 548.55 40.01 121.80 8.88 700.55 51.10 

Wetland 13.51 36.27 1.73 4.64 22.01 59.09 

As can be seen in Figure 4.24, the magnitude of productivity declination for the 

different LULC could be arranged as follows: Built-up land > Shrubland>Wetland > 

Cropland > Grassland > Bare land > Forest land. However, it can be noted that the 

highest extent in terms of decrease in land productivity is found in shrub land 

(548.55km2), followed by forest land (415.19km2), built-up area (213.01km2) and 

cropland (100.34km2). 
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Figure 4.24: Barplot showing the land productivity dynamics per LULC category 

in Kalehe Territory.  

4.2.9.3. Modelling of land productivity degradation and susceptibility mapping  

The model of land productivity degradation obtained through the application of the 

backward stepwise regression (Table 4.32) shows that the degradation of land 

productivity is significantly influenced by the altitude, the distance to the major centers, 

the distance to the river, and the distance to artisanal mining sites.  
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Table 4.32: Best-fit model of land productivity degradation between 1987 and 

2020. 

Variables 

β S.E. Wald p-value Exp 

(β) 

Altitude 0.00150 0.00022 43.4401 4.3713E-11** 1.002 

Distance to the administrative center -0.00011 0.00001 55.0913 1.1506E-13** 1.000 

Mining concession -0.40603 0.21923 3.4301 0.06401784 0.666 

Distance to river -0.00006 0.00002 8.2624 0.00404747** 1.000 

Distance to artisanal mining -0.00006 0.00002 7.8722 0.00502016** 1.000 

Constant 0.02128 0.47010 0.0020 0.96389997  

Model chi-square (χ2) 418.468     

Model Nagelkerke R2 0.461     

Model correct prediction 80.30%     

AUC 0.833±0.014     

β: Estimated coefficient; SE: Standard error; R2: Coefficient of determination; Exp(B): 

odds ratio.  *, ** significant at 5% and 1% level of significance, respectively.  

The results of the omnibus test show that the model was significant with a chi-square 

of 418.468, a degree of freedom of 5, and a p-value< 0.001. This model explained 

46.10% (Nagelkerke R square=0.461) of the variability of land productivity 

degradation and has a correct prediction of 80.30%. This model has been uded to 

establish the susceptibility map of land productivity degradation and it is formulated as 

follows: 

𝑃𝑖 =
 𝑒𝑥𝑝( 0.02128+0.00150∗X1−0.00011∗X2−0.40603∗X3−0.00006∗X4−0.00006∗X5)

1+𝑒𝑥𝑝( 0.02128+0.00150∗X1−0.00011∗X2−0.40603∗X3−0.00006∗X4−0.00006∗X5)
  (Equation 

4-6) 

With pi= probability of land productivity degradation, X1= altitude, X2= distance to 

the administrative center, X3= mining concession, X4= distance to the river, 

X5=Distance to artisanal mining. This equation was used to establish the susceptibility 

map of the land productivity degradation in the study area. 

Based on this model (Equation 4-6), the map of land productivity degradation 

susceptibility has been produced (Figure 4.25) to indicate the area where this 

degradation is likely to occur. The validation of the developed model through the ROC 
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test indicated that this model has an AUC varying between 0.806 and 0.860 with a mean 

value of 0.833±0.014 at a confidence level of 95% (Table 4.33). 

 

Figure 4.25: Susceptibility map of land productivity degradation in Kalehe 

territory.  

4.2.10. Ecosystem services value variation over LULC changes 

The dynamics of ecosystem service supply constitute an indicator of land degradation. 

In this section, an attempt to associate the community perception of ecosystem service 

value with the land degradation assessment was made. To elaborate on this GIS-based 

community participation in land degradation assessment, the ecosystem service matrix 

model was used during the stakeholder consultation through a questionnaire survey to 

provide the perceived ecosystem service value of each ecosystem (LULC) as perceived 

by the local community in Eastern DR Congo. After that, the ecosystem service value 

provided by the local communities was associated with the LULC maps derived from 
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the classification of the Landsat images in a GIS environment to obtain the ecosystem 

service potential maps. A trend analysis of the ecosystem service value at different 

periods allowed us to determine the area showing an increase, decreasing, and stability 

in providing the ecosystem service. Finally, a multiple linear regression model was used 

to assess the relation between the perceived ecosystem service potential and the 

landscape characteristics.  

4.2.10.1. Ecosystem service and their ranking 

The respondents confirmed their dependence on 30 ecosystem services categorized into 

15 provisioning services, 6 regulating services, 3 supporting services, and 6 cultural 

services in the Kalehe territory as shown in Table 4.33.  
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Table 4.33: Assessment matrix of ES value assigned to different LULC types.  

ES/LULC For.  Crop. Gr.&S Wet. Set. Bar. Total 

Provisioning service       

Bushmeat 3.0 0.0 0.9 0.0 0.0 0.0 3.9 

Firewood 3.0 1.0 1.9 0.0 0.0 0.0 5.9 

Timber 3.0 0.1 0.1 0.0 0.0 0.0 3.2 

Bamboo  2.8 0.0 0.0 0.1 0.0 0.0 2.9 

Grass for livestock 1.8 2.0 2.9 1.2 0.2 0.0 8.1 

Grass for house construction 0.5 0.0 2.8 1.9 0.0 0.0 5.2 

Fishes 0.0 0.0 0.0 3.0 0.0 0.0 3.0 

Edibles plants 2.9 3.0 0.0 1.4 0.0 0.0 7.3 

Mushroom 2.9 0.7 0.8 0.0 0.0 0.0 4.4 

Edibles fruits 2.8 2.8 0.1 0.0 0.1 0.0 5.8 

Medicinal plant 2.8 1.9 1.0 1.0 0.0 0.0 6.7 

Drinking water 1.0 0.0 0.3 2.5 0.1 0.0 3.9 

Water for bathing 1.3 0.0 0.0 2.8 0.0 0.0 4.1 

Water for livestock 1.6 0.0 0.2 2.9 0.0 0.0 4.7 

Honey 2.9 0.0 0.7 0.0 0.0 0.0 3.6 

Total value 32.3 11.5 11.7 16.8 0.4 0.0 72.7 

Regulating service       

Erosion control 2.8 0.1 2.4 0.4 0.0 0.0 5.7 

Flood control 2.7 0.0 1.6 2.7 0.0 0.0 7.0 

Fresh air (clean air) 2.7 0.2 0.9 1.0 0.0 0.0 4.8 

Water purification 2.8 0.0 2.4 2.7 0.0 0.0 7.9 

Disease control 1.1 0.0 0.0 0.0 0.0 0.0 1.1 

Pollination 2.4 2.7 0.2 0.5 0.1 0.0 5.9 

Total value 14.5 3.0 7.5 7.3 0.1 0.0 32.4 

Supporting services       

Biodiversity conservation 2.9 2.9 1.9 1.0 1.8 0.0 10.5 

Conservation of water quality 2.7 2.7 0.0 2.2 2.1 0.0 9.7 

Conservation of soil fertility (Fertile soil) 2.6 2.6 0.8 1.5 1.6 0.0 9.1 

Total value 8.2 8.2 2.7 4.7 5.5 0.0 29.3 

Cultural service       

Spiritual belief  1.1 0.0 0.2 0.2 0.5 0.0 2.0 

Historical importance  2.2 1.1 0.2 0.7 2.7 0.0 6.9 

Aesthetic values 2.4 2.2 1.2 1.2 2.4 0.0 9.4 

Recreation 1.1 0.5 1.7 0.1 2.8 0.0 6.2 

Social relations 1.3 2.6 0.8 0.6 2.9 0.0 8.2 

Educational values 2.0 2.3 0.6 0.0 2.4 0.0 7.3 

Total value 10.1 8.7 4.7 2.8 13.7 0.0 40.0 

Total general 65.1 31.4 26.6 31.6 19.7 0.0 174.4 

Key: For=Forest land, Crop.=Cropland, Gr.&S= Grassland and shrubland, Wet.=Wetland, 

Set.=Settlement, Bar= Bare land.  
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As can be seen in Table 4.33 above, the respondents gave different values to these 

ecosystem services with the provisioning service scoring highly, followed by the 

cultural service and the regulating service while the supporting service scored low. 

Based on the total score assigned by the respondents to each LULC regarding their 

importance in providing the ecosystem services (Table 4.33), the forestland is perceived 

as the most important in providing the ecosystem service, followed by wetlands, 

grassland and shrubs, cropland, and settlements. Forest was considered very important 

for the provisioning services such as bushmeat, firewood, timber, bamboo, gathering of 

mushrooms, wild plants, wild edible fruits, medicinal plants, and honey, regulating 

service of erosion control, flood control, air quality control, and water purification, as 

well as supporting services of biodiversity, water quality, and soil fertility conservation. 

The cropland is considered to be very important for provisioning services of edible 

fruits and vegetables, regulating services such as the control of pollination by providing 

habitats for pollinating insects, and cultural service by enhancing the social relations 

among people. Grasslands and shrubs are perceived to have a high value for providing 

grass for livestock and house construction. The wetland was high ranked for the supply 

of water for multiple usage (bathing, livestock, drinking) and fish production, for 

regulating services related to flood control and water purification. The settlements are 

considered to have a high value in providing cultural services through their historical 

importance, the opportunity for recreation, and enhancing the social relations among 

the inhabitants. The barren land is considered as no important in proving the ecosystem 

service by all the land users (Table 4.33).  

4.2.10.2. Perceived ecosystem service value of each LULC 

There is a significant difference between the mean score and the perceived ecosystem 

value in the study area for the different LULC types as attested by the result of the 
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ANOVA test (Df=4, F value=12.45, p-value=9.76*10-9) and perceived ecosystem 

service value presented in Table 4.34 and Figure 4.26.  

Table 4.34: Mean ecosystem service value per LULC and ecosystem service. 

ES category 

/LULC 

Forest 

land 

Cropla

nd 

Grassland 

and shrub  
Wetland Settlements 

Barren 

land 

Cultural service  1.68 1.45 0.78 0.47 2.28 0 

Provisioning 

service  
2.15 0.77 0.78 1.12 0.03 0 

Regulating 

service  
2.42 0.5 1.25 1.22 0.02 0 

Supporting 

services  
2.73 0.9 1.57 1.83 0 0 

Overall, the forest is perceived to have a high ecosystem service value (Mean 

score=2.17), followed by the wetland (Mean score=1.08), grassland and shrubs (Mean 

score=0.95), and cropland (Mean score=0.86). However, the settlement (Mean 

score=0.47) has a low ecosystem service value, and no value is perceived for the barren 

land (Figure 4.26).  

 

Figure 4.26: Boxplot of the perceived value of ecosystem service per LULC type 

in Kalehe territory.  
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The results of the Wilcox pairwise comparison test of the mean score of the perceived 

ecosystem service value per LULC as presented in Figure 4.26 show that the perceived 

value of the forest is significantly different from those of the cropland (p-

value<0.0001), grassland, and shrub (p-value<0.0001), settlements (p-value<0.0001) 

and wetland (p-value<0.0001). The perceived ecosystem value for settlements is 

significantly different from those of the wetland (p-value=0.01) and grassland and 

shrub (p-value<0.0001) but there is no significant difference between the perceived 

value of settlements with cropland (p-value=0.31). Furthermore, the perceived value of 

the cropland is not significantly different from those of the grassland and shrub (p-

value=0.75) and wetland (p-value=0.75). Also, there is no significant difference 

between the perceived value of grassland and shrubs compared to the wetland (p-

value=0.89). The variation of the mean values across the ecosystem service categories 

and LULC types in the Kalehe territory are presented in the Figure 4.27.  

 

Figure 4.27: Mean ecosystem service value per LULC and ecosystem service 

category in Kalehe territory.  
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It can be further seen from Figure 4.27 that for the cultural service, there was a 

significant difference between the perceived value of different LULC types (F=5.51, 

Df=4, p-value=0.002). The high value is observed for the settlements (mean 

score=2.28), forestland, and cropland (mean score=1.45) due to the perceived benefits 

of these ecosystems for historical importance, esthetic inspiration, recreation 

opportunities, education value, and opportunity for social relation. The grassland and 

shrubs (mean value=0.78) are recognized to be important for recreation opportunities. 

The lowest value is perceived for the wetland (mean score=0.47) as people perceived 

that this ecosystem has the least historical, esthetic, and educational importance. No 

importance for cultural perspective was recognized for the barren land. 

The comparison of the mean value of the LULC type in supplying the provisioning 

service show in Figure 4.27 that this LULC provides different provisioning service (F-

value=9.41, Df=4, p-value<0.0001). The forest land (mean score=2.15) is characterized 

by a high potential for provisioning services followed by the wetland (mean 

score=1.12), the grassland (mean value=0.78), and cropland (mean score=0.77). The 

lowest value is observed for the settlement (mean score=0.03). This high value 

allocated to the forest by the inhabitants is related to the high number of provisioning 

services which are important for the livelihood of the inhabitants.  

The respondent perceived that the LULC type has different values for the regulating 

services (F-value=5.98, Df=4, p-value=0.002). Forest (Mean score=2.42), grassland 

(Mean score= 1.25), and wetland (Mean score= 1.22) are recognized to be important in 

regulating flood, erosion, and maintaining soil fertility. Cropland (Mean score= 0.50) 

and settlement (Mean score= 0.02) are considered as least important for regulating 

service (Figure 4.27).  The mean LULC value for supplying the supporting service is 
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significantly different from one land use to another (F-value=11.58, Df=4, p-

value=0.0009). The supporting services are mainly provided by the forest land (Mean 

score = 2.73), wetland (Mean score = 1.83), grassland (Mean score=1.57), and cropland 

(Mean score = 0.9). However, the respondent considers that the settlements and barren 

land are not important for the supplying of supporting services. 

 

4.2.10.3. Status of ecosystem supply potential for 1987, 2002, and 2020 

The mean ecosystem service values shown in Table 4.34 resulting from the evaluation 

matrix were combined with the LULC maps from the different years to produce the 

ecosystem services potential maps. The spatial distribution of the four ecosystem 

service supply potentials from the different LULC classes in 1987, 2002, and 2020 are 

presented in Figure 4.28. 
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Figure 4.28: Maps of ES supply potential for the 1987-2020 period based on the 

perceived value from the evaluation matrix.  
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The overall ecosystem service supply potential maps obtained by summing the results 

from the four categories of ecosystem service and rescaling the results for the years 

1987, 2002, and 2020 are presented in Figure 4.29.  

 

 

Figure 4.29: Maps of overall ES supply potential for the 1987-2020 period based 

on the perceived value from the evaluation matrix.  

The Table 4.35 presents the mean aggregated value per united area and their change 

over the 1987-2002, 2002-2020, and 1987-2020 periods.  
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Table 4.35: Average ecosystem supply potential at the territorial level and its 

changes between 1987 and 2020 

Ecosystem service 

category 

Average of ES value Change (%) 

1987 2002 2020 1987-2002 2002-2020 1987-2020 

Provisioning service 1.55 1.47 1.35 -5.16 -8.16 -12.9 

Regulating service 1.86 1.77 1.63 -4.84 -7.91 -12.37 

Supporting services 2.18 2.07 1.92 -5.05 -7.25 -11.93 

Cultural service 1.32 1.37 1.39 3.79 1.46 5.3 

Overall  2.31 2.23 2.1 -3.46 -5.83 -9.09 

Overall, there is a decreasing pattern in the supply of ES (9.09%) in the study area with 

an overall score of 2.31 in 1987 and 2.1 in 2020 (Table 4.35). The service with the 

highest value per unit area is supporting services with a score varying from 2.18 in 1987 

to 2.07 in 2020. It is followed by the regulating (score ranging from 1.86 in 1987 to 

1.63 in 2020) services and provisioning services (score ranging from 1.55 in 1987 to 

1.35 in 2020). Only the potential supply of cultural services increased in the area but 

the value of this service per unit area is the lowest with the value ranging from 1.32 in 

1987 to 1.39 in 2020. Other services show a decreasing pattern. The provisioning 

services, followed by the supporting services and regulating services showed the 

highest decreasing pattern during the 1987-2002, 2002-2020, and 1987-2020 period.  

4.2.10.4. Spatial trend of ecosystem service value over the 1987-2020 period 

The analysis of the trend of ecosystem service based on the overall ecosystem service 

supply potential map for the 1987-2020 period is presented in Figure 4.30. This map 

shows the area with the increasing, decreasing, and persistent trend of ecosystem supply 

over the study period. About 28.44% (1177.62km2) of the study area is characterized 

by a decreasing pattern of ecosystem service potential, 7.38% (305.39km2) by an 

increasing pattern, and 64.18% (2657.72km2) do not experience any change. 
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Figure 4.30: Trend of ecosystem service supply potential from 1987 to 2020.  

The Figure 4.31 presents the spatial trend of ecosystem service supply potential per 

health zone within the study area. 

 

Figure 4.31: Spatial trend of ecosystem service supply potential per health zone.  
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It can be seen from Figure 4.31 above that there is a spatial variability in the extent of 

the degradation of ecosystem service supply in the study area. The trend of ecosystem 

service supply varies according to the health zone (X-squared = 40.208, df = 6, p-value 

= 4.146e-07). The highest level of decreasing pattern in the supply of ecosystem service 

is observed in the Kalehe health zone where 46.03% (556.59km2) of its surface 

experienced a decrease in the ES supply. It is followed by the Kalonge and Minova 

with 32.78% (291.66km2) and 31.68% (172.65km2) of degraded ES respectively. The 

Bunyakiri health zone has the lowest degradation of ecosystem service as only 10.75% 

(169.41km2) of its surface is degraded (Figure 4.31).   

4.2.10.5. Impact of landscape characteristics on ecosystem service value 

In this section, the impact of landscape structure and composition are analyzed and 

modeled based on the PCA and multiple linear regression model to determine the 

optimal landscape pattern which should be considered during the land use planning 

process to enhance the provisioning of ecosystem services.   

A. Principal Componnent Analysis (PCA) of perceived ecosystem service value 

and landscape metrics 

The scree  plot obtained from the PCA of the perceived ecosystem services value 

(ES_Value) and the landscapes metrics indiated that there is ten principal componnents 

which explain the landscape characteristics variability and ecosystem service dynamics 

within the study area as shown on Figure 4.32.  

In total, the PC1 (Dim1) and PC2 (Dim2) explained 51.4% of this variability. The PC1 

and PC2 explained 38.2% and 13.2% of the total variance of ecosystem service value 

and landscape characteristics. The highest contributers for the PC1 which shows the 

variability in the ecosystems services value are the SIDI, SHDI,AI, ED, FL, PD, 

COHESION, LPI and AREA_MN. Among these landscape metrics, only the FL, LPI, 
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COHESION, and AI show a positive association with the ES value indicating that the 

increase of these landscape metrics contributes to the increase of the ecosystem service 

supply potential while the ED, SDI, SHDI, and PD present a negative association with 

the ES value. In contrast, the highest crontributors to the PC2 are CONTAG, 

PARA_MN, SHAPE_MN, IJI, AREA_MN, ENN_MN. Among these metrics, the 

CONTAG, SHAPE_MN, AREA_MN, and ENN_MN show a positive association with 

the ES value while the PARA_MN and IJI present a negative association with the ES 

value.  These landscapes metrics which have a contribution to the the PC1 and PC2 

higher than the expected average contribution, indicated by a red dash line on the graph 

(Figure 4.32), are variables that are correlated with the PC1 and PC2. Therefore, they 

are the most important in explaining the variability of the landscape metrics and the 

perceived ecosystem service value. 
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Figure 4.32: PCA of ecosystem service value and landscape metrics.  

Key: Sd= Standard deviation, CV= Coefficient of variation, PD=Patch density, LPI= 

Largest Patch Index, ED=Edge density, LSI=Landscape shape index, 

IJI=Interspersion and juxtaposition index, AI=Aggregated index, COHESION= Patch 

cohesion index, CONTAG.= Contagion, AREA_MN= Mean patch size, 

SHAPE_MN=Mean shape index, PARA_MN=Mean perimeter-area ratio, 

ENN_MN=Mean Euclidian nearest neighbor distance, PAFRAC= Perimeter-area 

fractal dimension, SHDI=Shannon’s diversity index, SIDI= Simpson’s diversity index.  

B. Impact of landscape composition on the supply of ES 

The results of the linear regression test between the landscape composition (proportion 

of each LULC type) and the ES supply potential value as can be seen in Table 4.36 
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reveal that there is a significant correlation between the two parameters. The best-fit 

linear regression model resulting from the step-wise regression model of the ES value 

as a function of the proportion of the LULC categories in the landscape (Table 4.36) 

indicates that the proportion of forest land has the highest significant positive influence 

on the provision of ES whereas the proportion of bare land, wetland, and built-up area 

have the most negative influence on the overall ES supply potential.  

Table 4.36: Best-fit linear regression model of ES value as a function of landscape 

structure metrics. 

 Coefficient Std. Error t value Pr(>|t|) 

(Intercept) 2.127 0.090 23.541 < 2e-16 *** 

FL 0.009 0.001 8.009 3.16e-13 *** 

CL -0.008 0.003 -2.930 0.003 ** 

WL -0.019 0.007 -2.552 0.012 * 

BA -0.013 0.003 -4.434 1.79e-05 *** 

GL -0.007 0.002 -3.478 0.0006 *** 

SL -0.008 0.001 -5.475 1.83e-07 *** 

BL -0.082 0.027 -3.059 0.003 ** 

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Key: FL=Proportion of forest, CL=Proportion of cropland, WL=Proportion of Wetland, 

BA=Proportion of Built-up area, GL=Proportion of Grassland, SL=Proportion of shrub land, 

BL=proportion of Bare land.  

Among the 7 LULC types namely: grassland, shrubland, and cropland have the lowest 

negative influence on the ES supply potential. The model is significant (F-statistic: 

90.25 on 7 and 148 DF, p-value: < 0.0001) and explains 80.12% of the variability of 

ES supply potential. The equation of the model which describes the effect of landscape 

composition on the ES supply potential, therefore, is: 

𝐸𝑆 = 2.127 + 0.009 ∗ 𝐹𝐿 − 0.008 ∗  𝐶𝐿 − 0.0018 ∗ 𝑊𝐿 − 0.013 ∗ 𝐵𝐴 − 0.007 ∗

𝐺𝐿 − 0.008 ∗ 𝑆𝐿 − 0.082 ∗ 𝐵𝐿 (Equation 4-7) 
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C. Impact of landscape structure on the supply of ES 

The results of the step-wise linear regression model of the ES value as a function of the 

landscape structure metrics show that the selected landscape metrics can explain 

70.39% (adjusted R2=0.7039) of the variability of ecosystem service supply potential 

as shown in Table 4.37.  

Table 4.37: Best-fit linear regression model of ES value as a function of landscape 

structure metrics.  

 Coefficients  Std. Error  t value  Pr(>|t|)     

(Intercept)  -1.896 3.851 -0.492 0.623 

LSI  0.0104 0.006 1.811 0.073 . 

AREA_MN  0.007 0.002 2.771 0.006 ** 

SHAPE_MN  -2.195 0.745 -2.946 0.004 ** 

PARA_MN  -0.001 0.001 -1.848 0.067 . 

PAFRAC  5.517 0.917 6.019 2.41e-08 *** 

CONTAG  -0.015 0.009 -1.609 0.110 

COHESION  -0.068 0.044 -1.537 0.127 

SIDI  -2.095 0.535 -3.914 0.0001 *** 

AI  0.093 0.026 3.547 0.0006 *** 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

The model as evident above is statistically significant at 95% of confidence (F-statistic: 

32.17 on 9 and 109 DF, p-value: < 2.2e-16). Based on the coefficients of the model, the 

Simpson diversity index (SIDI) and Shape index (SHAPE_MN) have the highest 

negative influential power on the potential supply of ES while the Perimeter-area fractal 

dimension (PAFRAC), Aggregation index (AI), and Mean patch size have the most 

influential positive power on the ES. The multiple regression model that best describes 

the relationship between the potential of ES supply (ranging from 0 to 3) and the spatial 

organization of the land units (landscape structure) is 

𝐸𝑆 = −1.896 + 0.01 ∗ 𝐿𝑆𝐼 +  0.007 ∗ 𝐴𝑅𝐸𝐴_𝑀𝑁 −  2.195 ∗ 𝑆𝐻𝐴𝑃𝐸_𝑀𝑁 −
 0.001 ∗ 𝑃𝐴𝑅𝐴_𝑀𝑁 +  5.517 ∗ 𝑃𝐴𝐹𝑅𝐴𝐶  − 0.015 ∗ 𝐶𝑂𝑁𝑇𝐴𝐺 −  0.068 ∗

𝐶𝑂𝐻𝐸𝑆𝐼𝑂𝑁 −  2.095 ∗ 𝑆𝐼𝐷𝐼 +  0.093 ∗ 𝐴𝐼  (Equation 4-8) 
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4.3. Soil Erosion Dynamics 

The erosion process contributes to the degradation of soil. Therefore, the monitoring of 

soil erosion is important for soil and water conservation planning. In this section, the 

soil erosion dynamics are assessed at the territorial level in Eastern DR Congo by using 

the Kalehe territory as a case study. Two perspectives were adopted in the monitoring 

of soil erosion: a spatial modeling of erosion using the RUSLE equation and a local 

community monitoring of erosion based on a questionnaire survey. The RUSLE model 

was integrated into the GIS along with Geospatial data related to climate, soil, LULC, 

and topography. The spatial variability of different parameters of the RUSLE model is 

first presented. Secondly, the dynamics of soil erosion due to LULC change are 

assessed. Then a scenario analysis of soil erosion under the adoption of soil and water 

conservation is presented to determine the most effective conservation practice adopted 

in the study area. For conservation purposes, the association of the landscape pattern 

and the dynamic of soil erosion is assessed to determine the optimal landscape structure 

and composition which should be adopted during the land use planning process to 

reduce the problem of erosion. This section presents also the local community's 

perception of the states, causes, consequences, and adopted measures to cope with the 

problem of erosion. Furthermore, the determinants of this perception and the constraints 

for the adoption of soil and water conservation measures are outlined.  

4.3.1. Spatial and temporal distribution of RUSLE parameters 

The RUSLE parameters include the rainfall erosivity (R), the soil erodibility (K), the 

slop length and steepness factors (LS), the land cover management factor (C), and the 

conservation practices factor (P).  These factors are essential to estimate the annual soil 

loss by erosion. Hence their spatial and temporal distribution within the study area were 

determined. 
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4.3.1.1. Rainfall erosivity (R factor) 

The spatial variation of the influence of rainfall energy on the erosion dynamics is 

illustrated by the value of the R (see Figure 4.33).  

 

Figure 4.33: Spatial variability of the annual rainfall and R factor.  

Under the current pattern of rainfall based on the long-term observation from Wordclim 

data, the R varies between 4430.22 MJ.mm/ha.h.yr and 6894.06 MJ.mm/ha.h.yr with a 

mean value of 6025±506.25 MJ.mm/ha.h.yr. The intensity of the R factors increases 

with the increase in altitude (elevation). Thus it is observed that the highest capacity of 

rainfall to induce erosion occurs in the high plateau (altitude >2000m) whereas the 

lowest value of R factor is observed at the lowland in the western part of the territory 

and low plateau (altitude <1000m) in the North-western part of the study area.  

4.3.1.2. Soil erodibility (K factor) 

The soil erodibility (K) in the Kalehe territory varies between 0.016 t.ha.h/ha.MJ.mm 

and 0.020 t.ha.h/ha.MJ.mm with a mean value of 0.018±0.0005 t.ha.h/ha.MJ.mm 

(Figure 4.34) indicating that the soils of this area are more susceptible to erosion.  
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Figure 4.34: Spatial variability of the soil types and K factor.  

The erodibility shown in Figure 4.34 above varies according to the sand, silt, clay, and 

organic matter content of soil types that are identified in the study area (Table 4.38). 

Table 4.38: Soil characteristics (Mean and Standard deviation, SD) and variability 

of K factors in Kalehe territory 

Soil type CLAY (%) SAND (%) SILT (%) CARBON (g/Kg) K factor 

 mean SD mean SD mean SD mean SD mean SD 

Acrisols 40.29 3.1 34.53 3.6 25.17 2.4 65.09 14.76 0.019 0.0004 

Cambisols 45.48 5.9 30.66 5.9 23.85 2.0 50.77 8.97 0.018 0.0005 

Ferrasols 43.51 3.2 32.29 3.1 24.19 2.4 57.14 11.94 0.018 0.0005 

As illustrated in the Table 4.38, the haplic acrisols (K=0.0188±0.0004 

t.ha.h/ha.MJ.mm) followed by the humic ferrasols (K=0.0184±0.0005 

t.ha.h/ha.MJ.mm) present the highest susceptibility to erosion whereas the lowest 

susceptibility is attributed to the humic cambisols (K=0.0183±0.0005 

t.ha.h/ha.MJ.mm). It can be observed that the lowest level of soil erodibility is observed 

in the western part of the territory where there is a dominance of humic cambisols 

(Figure 4.34).  
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4.3.1.3. Topographic factors (LS factor)      

Figure 4.35 presents findings of the slope gradient and LS factor variations in the study 

area.  

 

Figure 4.35: Spatial variation of the slope gradient and LS factor.  

The influence of the slope length (L) and the slope gradient (S) on the occurrence of 

erosion is expressed by the LS factor derived from a void-filled DEM. This factor varies 

between 0.03 and 129.00 with a mean value of 5.67±5.21. The high value of LS factors 

is associated with the high gradient of slope in the study area where the slope gradient 

has a mean value of 26.37± 17.62% indicating that the steep slope is the most dominant.  

4.3.1.4. Cover and management factor (factor C) 

The effect of LULC change on erosion is illustrated by the C factor as presented in 

Figure 4.36.  
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Figure 4.36: Spatial and temporal variability of C factor.  

The C factor which shows the vulnerability of soil to erosion due to LULC change 

presents a wide spatial variation over the considered period (Figure 4.36). Indeed, the 

mean C factors have increased from 0.041±0.056 in 1987 to 0.046±0.060 in 2002 and 

0.058±0.068 in 2020 due to the decrease in forest cover and increase of built-up area 

over time. The same trend is expected to continue in the future as the value of C will 

increase from 0.062±0.068 in 2030 to 0.063±0.068 in 2050 and 0.066±0.068 in 2070. 

This implies that the soil is becoming more and more vulnerable to erosion due to the 

anthropogenic pressure on the natural vegetation. This can be correlated with the 

extension of deforestation, cropland land, and urban expansion in the study area.  

4.3.1.5. Conservation practice (Factor P) 

The spatial variation of the P factor for different conservation planning practices, 

including strip cropping, contouring, broad-based terracing, and bench terracing is 

presented in Figure 4.37.  
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Figure 4.37: Variation of the P factors for differents conservation options. 

Considering four soil conservation practices that can reduce the erosion in the study 

area when adopted, the results presented on the above Figure 4.37 above show that the 

P value for the strip cropping option varies between 0.15 and 0.5 with a mean value of 

0.41±0.11, the contouring has a P value ranging from 0.5 to 0.95 with a mean value of 

0.81±0.16. The broad-based terracing has a P value which varies between 0.10 and 0.20 

with a mean value of 0.17±0.04 and the bench terracing has a P factor varying between 

0.10 and 0.14 with a mean value of 0.12±0.02.  

4.3.2. Soil erosion dynamics during the 1987-2020 period 

The soil loss derived from the RUSLE model presented in Figure 4.38 and Table 4.39 

shows that there is a spatial and temporal variability of erosion following the LULC 

change in the study area. The maps presented in Figure 4.38 show the pattern of erosion 
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for the 1987, 2002, and 2020 years. They were categorized into three classes: low (<10 

t/ha/yr), moderate (10-50 t/ha/yr), and high (>50 t/ha/yr).  

 

Figure 4.38: Soil erosion map of 1987, 2002, and 2020 in Kalehe territory.  
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The proportion of each class of soil erosion severity and their surface extension are 

presented in Table 4.39. The area characterized by an acceptable soil loss of less than 

10 t/ha/year decreased over time from 57.5% in 1987 to 55.72% in 2002 and 49.67% 

in 2020.  At the same time, there is a substantive increase in the high-risk erosion zone 

from 22.37% in 1987 to 24.41% in 2002 and 29.81% of the territory in 2020 (Table 

4.39). 

Table 4.39: Area of each erosion risk class in the study area for 1987, 2002, and 

2020 

Erosion risk 

Soil loss  1987 2002 2020 

(t/ha/year) Area  

(km2) 

Area Area Area Area Area 

  (%) (km2) (%) (km2) (%) 

Low 0-10 2366.20 57.21 2304.62 55.72 2054.44 49.67 

Moderate 10-50 844.44 20.42 821.81 19.87 848.51 20.52 

High >50 925.35 22.37 1009.56 24.41 1233.04 29.81 

It can be seen from Table 4.40 that the mean annual soil loss in 1987 was 32.08 t/ha/year 

which increases to 36.01 t/ha/year and 44.35 t/ha/year in the years 2002 and 2020 

respectively as result of LULC. As can be seen in this Table 4.40, the overall increase 

in soil loss intensity during the 1987-2020 period is 1.15 %/Year. The highest rate of 

change of erosion intensity was observed in the second period 2002-2020 where the 

mean annual soil loss increased by 1.29 %/Year but it was 0.82 %/Year during the first 

period as a result of conservation efforts in the study area.  

Table 4.40: Change of mean annual soil loss between 1987 and 2020.  

Year Mean annual soil loss Period PC  RC 

  (t/ha/Year)   (%) (%/Year) 

1987 32.08 1987-2002 12.25 0.82 

2002 36.01 2002-2020 23.16 1.29 

2020 44.35 1987-2020 38.25 1.16 

PC= Percentage of change, RC= Annual rate of change.  
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4.3.3. Scenarios analysis of erosion dynamics 

The soil erosion dynamics were assessed under two distinct scenarios for planning soil 

conservation measures: the business as usual scenarios which assess the potential future 

pattern of soil erosion if the past trend of LULC change observed during the 1987-2020 

period continues in the future and the conservation scenario which assess the pattern of 

soil erosion under different adoption of conservations measures to defines the best soil 

and water conservation options that should be accepted in the study area to reduce the 

problem of erosion. For comparison purposes, the current situation (2020) is considered 

as the baseline situation. 

4.3.3.1. Scenario 1: Baseline 

The erosion risk for the year 2020 is considered as the actual situation of the erosion. 

Based on the severity of soil erosion risk (Figure 4.39), the territory was classified into 

three severity classes for planning and implementing appropriate priority-based 

conservation measures: the low severity class which does not require the 

implementation of conservation measures as the erosion is low than the tolerable soil 

loss (< 10t/ha/year), the moderate severity (10-50 t/ha/year), and the high severity class 

(>50 t/ha/year) which necessitate urgent implementation of conservation measures. 
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Figure 4.39: Baseline situation of erosion risk in Kalehe territory.  

Considering the actual LULC the mean annual soil loss is 44.35 t/ha/year at territorial 

level, 1.10 t/ha/year for the low severity class, 30.82 t/ha/year for the moderate severity 

class and 122.14 t/ha/year for the high severity class (Table 4.41). The high severity 

class represents only 29.81% of the territory but it contributes to 84.12% of the total 

soil loss while the low severity class which have a high surface coverage (49.67%) 

contributes to only 1.26% of the total soil loss. The moderate severity class of erosion 

represents 20.52% of the territory but it contributes to only 14.60% of the total soil loss 

at territorial level (Table 4.41). The results presented in Table 4.41 shows that 

substantial soil losses in the study area are generated by small surfaces area from the 

high severity class of erosion.    
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Table 4.41: Area coverage and statistics of soil erosion risk under the baseline 

scenario  

Erosion risk Soil loss  Area coverage Mean soil loss Total soil loss 

Class (t/ha/Year) (km2) (%) (t/ha/Year) (t/Year) (%) 

Low 0-10 2054.44 49.67 1.10 226267.9 1.26 

Moderate 10-50 848.51 20.52 30.82 2615351 14.60 

High >50 1233.04 29.81 122.14 15060470 84.12 

The current situation of erosion in the study area is influenced by the site’s 

characteristics such as the LULC types, the slope classes, altitude gradient, and the soil 

types (Figure 4.40). The Figure 4.40 presents the area proportion of different categories 

of LULC types, the slope gradient classes, the soil type and the altitude gradient classes 

as well as their contribution to the total annual soil loss at territorial level during the 

year 2020. 

 

Figure 4.40: Area coverage of LULC types, slope classes, altitude gradient, soil 

types, and induced proportion of soil loss by erosion.  
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a) Soil losses under various LULC types 

The spatial dynamics of erosion are currently influenced by the LULC (Table 4.42). 

The highest mean annual soil loss is found on bare land (389.14 t/ha/year), cropland 

(215.19 t/ha/year), built-up area (66.87 t/ha/year), grassland (63.26 t/ha/year) and 

shrubland (56.11 t/ha/year). The lowest soil loss is found on forest land (0.54 t/ha/year). 

In this regard, the forestland is the least vulnerable to erosion while the bare land and 

cropland are the most vulnerable. Although the forestland covers 46.88% of the 

territory, it contributes to only 0.58% of the total soil loss. It constitutes with grassland 

the lowest contributor to erosion in the study area. However, the shrubland, cropland, 

and built-up area constitute the highest contributor to erosion in the study area.  

Table 4.42: Mean and total soil loss per LULC category 

LULC Area coverage Mean soil loss Total soil loss 

classes  (km2) (%) (t/ha/year) (t/Year) (%) 

Forest 1968.78 46.88 0.54 106556.96 0.58 

Cropland 319.06 7.60 215.19 6865779.15 37.56 

Wetland 37.26 0.89 40.70 151647.98 0.83 

Built up 395.61 9.42 66.87 2645671.96 14.47 

Grassland 154.38 3.68 63.26 976563.82 5.34 

Shrub land 1321.55 31.47 56.11 7414650.28 40.56 

Bare land 3.05 0.07 389.14 118618.58 0.65 

 

b) Soil losses under various slopes classes 

The rate of soil loss within the Kalehe territory increase with the increase slope of the 

slope gradient (Table 4.43), indication a positive relation between the occurrence of 

erosion and the slope gradient. The minimum soil erosion rate of 1.44 t/ha/year and 

6.72 t/ha/year are observed on flat and gentle slope while the maximum erosion rate of 

35.21 t/ha/year and 75.88 t/ha/year are observed on steep and very steep slopes. The 

territory is dominated by steep and very steep which contribute to the total annual soil 

loss by 29.62% and 63.75% respectively. 
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Table 4.43: Rate of soil erosion per slope category  

Slope gradient (%) Area coverage Mean soil loss Total soil loss 

Class name (km2) (%) (t/ha/Year) (t/Year) (%) 

Flat (<3)  159.90 3.79 1.44 23037.89 0.13 

Gentle (3-9)  409.41 9.70 6.72 275010.38 1.52 

Moderate (9-15) 606.41 14.37 14.87 902014.66 4.98 

Steep (15-30) 1522.85 36.09 35.21 5361351.78 29.62 

Very steep (>30) 1520.74 36.04 75.88 11538614.76 63.75 

 

c) Soil losses under various soil types 

The erosion rate is influenced by the soil erodibility in the Kalehe territory. The erosion 

rate is higher under the acrisols (66.47 t/ha/year) and lower under the cambisols (24.98 

t/ha/year) (Table 4.44). The acrisols represents only 33.46% of the territory, but it 

contributes to 60.10% of the total soil loss at the territory level. Although the rate of 

soil erosion under the ferrasols is higher (42.23 t/ha/year) compared to those on the 

cambisols (24.98 t/ha/year), it is the least contributor to the total annual soil loss 

(11.68%) as it covers only 10.24% of the territory. The cambisols is the most 

represented soil in the territory as it covers 41.80% of the territory but it contributed to 

only 28.21% of the total soil loss.  

 

Table 4.44: Effects of soil type on rate of soil loss 

Soil Area coverage Mean soil loss Total soil loss 

type (km2) (%) (t/ha/Year) (t/Year) (%) 

Cambisols 2030.41 41.80 24.98 5072241.58 28.21 

Ferrasols 497.37 10.24 42.23 2100307.38 11.68 

Acrisols 1625.67 33.46 66.47 10805789.65 60.10 
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d) Soil losses under various altitude gradient  

The rate of erosion increases with the elevation gradient (Table 4.45). According to the 

elevation (altitude) classification, the highest mean soil erosion rate from the high-

altitude zone (2050-2450m) and very high-altitude zone (>2450m) was found to be 

65.05 t/ha/year and 63.51 t/ha/year, followed by 56.34 t/ha/year under moderate altitude 

(1650-2050m). However, the low erosion rate of 12.95 t/ha/year and 36.83 t/ha/year is 

observed at the very low elevation zone (<1250m) and low elevation zone (1250-

1650m) respectively. 

Table 4.45: Effects of elevation gradient on rate of soil loss 

Altitude (m) Area coverage Mean soil loss Total soil loss 

Class name (km2) (%) (t/ha/Year) (t/Year) (%) 

Very low (<1250) 870.02 20.95 12.95 1126568 6.27 

Low (1250-1650) 1277.84 30.77 36.83 4706521 26.19 

Moderate (1650-2050) 986.40 23.75 56.34 5557621 30.93 

High (2050-2450) 699.39 16.84 65.05 4549569 25.32 

Very high (> 2450) 319.70 7.70 63.51 2030567 11.30 

 

4.3.3.2. Scenario 2: LULC change scenario  

The map in Figure 4.41 presents the projected spatial pattern of erosion in the study 

area for the years 2030, 2050, and 2070 under the business-as-usual scenarios by 

considering that the past trend of LULC and climate changes will continue in the future. 

In this scenario, it is considered that both the LULC and the climate will change 

simultaneously. 
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Figure 4.41: Soil erosion map of 2030, 2050, and 2070 in Kalehe territory. 

As can be seen from Table 4.46, it is expected that the average soil erosion will increase 

in the study area due to the effect of LULC change if the actual trend continues in the 
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future during the 2020-2030, 2020-2050, and 2020-2070 period. The average soil 

erosion in 2020 is 44.35 t/ha/year but it is projected to increase to 46.42 t/ha/year in 

2030, 46.79 t/ha/year in 2050, and 48.38 t/ha/year in 2070. This represents an annual 

increase of soil erosion by 0.47 %/year for the 2020-2030 period, 0.18 %/year for the 

2020-2050 period, and 0.18 %/year for the 2020-2070 period (Table 4.46). 

Table 4.46: Change of mean annual soil loss between 2020 and 2070.  

Year Mean annual soil loss  Period PC  RC 

  (t/ha/Year)   (%) (%/Year) 

2030 46.42 1987-2002 4.67 0.47 

2050 46.79 2002-2020 5.50 0.18 

2070 48.38 1987-2020 9.09 0.18 

PC= Percentage of change, RC= Annual rate of change 

Like in 2020, the territory will still be dominated by areas with a low risk of erosion 

that will cover 43.45% of the territory in 2030. However, in the years 2050 and 2070, 

the area characterized by the low risk of erosion will still be decreasing while the area 

of high risk of erosion will increase as can be seen in Table 4.47. It is projected that the 

area characterized by a soil loss higher than the tolerable limit of 10 t/ha/year will 

represent 56.55% in 2030, 56.57% in 2050, and 60.25% in 2070. 

Table 4.47: Erosion risk class in the study area for 2030, 2050 and 2070 

Erosion risk  

Soil loss 2030 2050 2070 

(t/ha/yr) Area  Area Area  Area Area  Area 

  (km2) (%) (km2) (%) (km2) (%) 

Low 0-10 1796.85 43.45 1792.11 43.33 1643.99 39.75 

Moderate 10-50 1021.89 24.71 1021.08 24.69 1101.27 26.63 

High >50 1317.13 31.85 1322.68 31.98 1390.61 33.62 

4.3.3.3. Scenario 3: Adoption of water and soil conservation measures 

The effectiveness of the implementation of the best soil and water conservation 

practices to combat erosion in the study area was tested. Five management practices 
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including strip cropping, contouring, bench-based terracing, broad-based terracing, and 

agroforestry are considered and the findings are presented in Figure 4.42.  

 

Figure 4.42: Soil erosion dynamics under conservation scenarios.  

It can be deduced from the findings presented in Table 4.48 that the actual soil erosion 

would be reduced from 44.35 t/ha/year (actual situation) to 20.38 t/ha/year through the 

application of strip cropping, 39.20 t/ha/year for contouring, 8.17t/ha/year for broad 

terracing, 5.92 t/ha/year for bench-based terrace, and 16.73 t/ha/year for agroforestry 

and forest plantation. This implies that the rate of soil loss due to erosion would 

decrease by more than 80% due to the application of terracing, 64.83% for agroforestry, 

54.05% for strip cropping, 11.61% for contouring.  
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Table 4.48: Erosion dynamic under different soil and water conservation 

scenarios 

Conservation practice Mean annual soil loss (t/ha/Year)  Change (%)  

Contouring 39.2 -11.61 

Strip cropping 20.38 -54.05 

Brod based terracing 8.17 -81.58 

Bench based terracing  5.92 -86.65 

Agroforestry and forest planting 16.73 -62.28 

Baseline 44.35 0.00 

The analysis of the effectiveness of conservation options to reduce soil erosion in the 

study area as shown in Table 4.49 shows that terracing is the best option to reduce 

erosion risk in the study area. This technic consists of the implementation of a series of 

level strips along the slope at a vertical interval to reduce the land slope and retain water 

on the land. This technique can be applied through two approaches: broad-base terraces 

and bench terraces. The application of these techniques in the study area can increase 

the area with the tolerable soil loss from 49.67% (base line situation) to 80.54% for the 

bench-based terrace and 71.21% for the broad-based terrace. This is related to the steep 

slope of the area as the terracing is adapted to hilly lands. It is followed by 

agroforestry/forest plantation and strip cropping which can increase the low erosion 

risk zone to 62.07% and 55.60%, respectively, as illustrated in Table 4.49. Strip 

cropping is a crop rotation system that consists of altering narrow strips of closely sown 

crops with strips of row crops. These strips serve as a break in the movement of water, 

thus contributing to erosion reduction. The contouring farming method which consists 

of the application of farming operations (tilling the soil, planting, and cultivating) 

following the natural contours of the field slope is the least effective measure for soil 

conservation in the study area as the situation of erosion risk after the application of 

this approach is similar to the one from the base line. This is related to the fact that this 

approach is appropriate for areas with low slope gradients (2-10%) whereas the study 
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area is mostly dominated by steep slopes (mean slope equal to 26%). These methods 

can be associated with the agroforestry and tree planting to reduce the erosion in the 

territory. The Table 4.49 shows the variation of erosion risk levels according to the 

adopted conservation measures. 

Table 4.49: Erosion risk level according to the adoption of conservation measures  

Erosion risk Low  

(0-10 t/ha/year) 

Moderate  

(10-50 t/ha/year) 

High 

(> 50 t/ha/year) 

Scenarios Area 

(km2) 

Area 

(%) 

Area 

(km2) 

Area 

(%) 

Area 

(km2) 

Area 

(%) 

Baseline 2054.44 49.67 848.51 20.52 1233.04 29.81 

Contouring 2026.13 48.99 954.84 23.09 1153.23 27.88 

Strip cropping 2299.54 55.6 1368.99 33.1 465.67 11.26 

Brod based terracing 2945.06 71.21 1105.92 26.74 83.23 2.01 

Bench based terracing 3331.05 80.54 767.54 18.56 37.31 0.9 

Agroforestry and forest 

plantation 

2567.81 62.07 1120.62 27.09 448.41 10.84 

The Figure 4.43 presents the area coverage of the differents level of erosion risk under 

the baseline situation and the adoption of conservation practices scenarios.  

 

Figure 4.43: Erosion risk’s area according to the adopted conservation option.  
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4.3.4. Soil erosion management plan  

The development of a soil erosion management plan is necessary to provides a solution-

based approach to the problem of soil erosion in the study area. Therefore, the 

conservation action suitability map was developed to determine the spatial extent of the 

suitable area for implementation of soil and water conservation measures to cope with 

the problem of erosion (Figure 4.44).  

 

Figure 4.44: Suitability maps for soil and water conservation actions in Kalehe 

territory.  

Based on the soil and water conservation suitability analysis, it can be seen that the 

bench terracing, afforestation, and broad base terracing are the soil and water 

conservation measures which are effective in the greatest area coverage of 727.52km2, 

612.33km2, and 715.55km2 respectively. Besides, the strip cropping and contour 
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bunding are effective in only 145.42km2. Since the rate of soil erosion is less than the 

tolerable limit under the forestland and wetland, the 1952.48km2 and 36.99km2 covered 

by these respective land categories should be conserved (Table 4.50). 

 Table 4.50: Area coverage of soil and water conservation management strategies 

Management strategy  Slope gradient (%) Erosion rate Area (km2) 

Strip cropping/Contour bunding  0-5 >10 t/ha/year 145.42 

Broad base terracing  5-15 >10 t/ha/year 504.47 

Bench terracing   15-30 >10 t/ha/year 727.52 

Afforestation   >30 >10 t/ha/year 612.33 

Forest conservation 0-150 ≤10 t/ha/year 1952.48 

Wetland conservation 0-150 ≤10 t/ha/year 36.99 

4.3.5. Modelling the effect of landscape pattern on soil erosion 

An understanding of the impact of landscape patterns on soil erosion dynamics is 

essential for conservation planning. Using the watershed as the basic environmental 

unit for conservation planning, the regression model was adopted to quantitatively 

assess the relationship between the landscape pattern metrics (structure and 

composition) and the annual soil erosion. This section presents the findings from this 

analysis.  

4.3.5.1. Impact of landscape composition on the erosion dynamics 

The results of the Pearson correlation test between the landscape composition 

(proportion of each LULC type) and the annual soil loss rate as evidenced in Figure 

4.45 show that there is a significant correlation between the two parameters.   
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Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

FL=Proportion of the forest, CL=Proportion of cropland, WL=Proportion of Wetland, 

BA=Proportion of Built-up area, GL=Proportion of Grassland, SL=Proportion of 

shrub land, BL=proportion of Bare land 

Figure 4.45: Correlation matrix between the annual soil loss by erosion and 

landcape composition metrix.  

Only the proportion of forest land as can be seen in Figure 4.45 is negatively associated 

with soil loss indicating that the erosion rate decreases when the proportion of forest 

land increases in the study area. Other LULC proportions in the landscape are positively 

correlated to soil loss by erosion. Built-up area and cropland are highly correlated to 

the erosion rate while wetland and shrub land show a slight positive correlation (Figure 

4.45). This indicates that the cropland and built-up areas are the most vulnerable land 

to erosion risk in the study area.   

The best-fit linear regression model resulting from the step-wise regression model of 

the annual soil loss (SL) as a function of the proportion of the LULC categories in the 

landscape as can be seen in Table 4.51 indicates that the proportion of bare land, built-
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up area, and cropland have the highest significant positive influence on the erosion 

whereas the grassland land has the lowest significant influence.  

Table 4.51: Best-fit linear regression model of annual soil loss (SL) as a function 

of landscape composition metrics. 

       Coefficient    Std. Error  t value  Pr(>|t|)     

(Intercept)    16.7842     10.2438    1.638    0.1034     

FL            -0.2093      0.1375   -1.523    0.1299     

CL             1.3819      0.3249    4.254  3.70e-05 *** 

BA            1.8956      0.3115    6.086  9.36e-09 *** 

GL             0.4716      0.2173    2.171    0.0315 *   

SL             0.7348      0.1763    4.168  5.19e-05 *** 

BL             5.2018      3.0988    1.679    0.0953 .   

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

FL=proportion of forestland, CL=Proportion of cropland, WL=Proportion of Wetland, BA=

Proportion of Built-up area, SL=Proportion of shrub land, BL=proportion of Bare land. 

The model is significant (F-statistic: 41.23 on 6 and 149 DF, p-value: < 2.2e-16) and 

explains 60.9% (Adjusted R2=0.609) of the variability of erosion dynamics. The 

equation of the model which describes the effect of landscape composition on the SL 

by erosion is: 

𝑆𝐿 = 16.7842 − 0.2093 + 1.3819 ∗  𝐶𝐿 + 1.8956 ∗ 𝐵𝐴 + 0.4716 ∗ 𝐺𝐿 + 0.7348 ∗
𝑆𝐿 + 5.2018 ∗ 𝐵𝐿 (Equation 4.9) 

 4.3.5.2. Impact of landscape structure on erosion dynamics  

The Pearson correlation analysis whose findings are presented in Figure 4.46 shows 

that soil erosion is positively influenced by the patch density (PD) and edge density 

(ED) but negatively influenced by the mean patch area (AREA_MN), largest patch 

index (LPI), cohesion index (COHESION) and aggregation index (AI) indicating that 

the fragmentation of the landscape increases the soil erosion whereas the aggregation 

of patch decreases the annual soil loss.  
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Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Figure 4.46: Correlation matrix between the annual soil loss, landscape 

aggregation and fragmentation index.  

In addition, it was found that both the Shannon diversity index (SHDI) and Simpson 

index (SIDI) are positively associated with annual soil loss indicating that the 

diversification of class or the heterogeneity of class in the landscape increases the soil 

erosion. There is also a positive correlation between the Interspersion and juxtaposition 

index and the annual soil loss (SL) which demonstrates that the isolation of patches 

increases the erosion risk in the study area (Figure 4.47). However, the contagion 

(CONTAG) of patches decreases the soil loss by erosion. The results reveal that the 

shape index (SHAPE_MN) is positively correlated to the annual soil loss (SL) while 

the Mean perimeter-area ratio (PARA_MN) and Perimeter-area fractal dimension 

(PAFRAC) are negatively correlated to it (Figure 4.47). This demonstrates that the 

increase in shape complexity contributes to the decrease of soil erosion.  
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Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Figure 4.47: Correlation matrix between the annual soil loss, landscape shape and 

diversity metrix. 

The best-fit linear regression model resulting from the step-wise regression model of 

the annual soil loss (SL) as a function of the landscape structure metrics was done and 

findings are presented in Table 4.52. 

Table 4.52: Best-fit linear regression model of annual soil loss (SL) as a function 

of landscape structure metrics.  

 Coefficient   Std. Error  t value  Pr(>|t|)     

(Intercept)  634.3499  100.2431  6.328  4.73e-09 *** 

ED  1.1514  0.2575  4.472  1.80e-05 *** 

AREA_MN  -0.4743  0.2426  -1.955  0.0530 .   

PAFRAC  -495.0409  77.6258  -6.377  3.73e-09 *** 

SHDI  31.3459  15.5570  2.015  0.0462 *   

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

ED=Edge density, AREA_MN= Mean patch size, PAFRAC= Perimeter-area fractal d

imension, SHDI=Shannon’s diversity index.  

x

D
e
n
s
ity AREA_MN

1
.2

1
.1

5
0
.0

1
.5

0 40 80

0
2
0
0

1.2 1.4

-0.27**

x

D
e
n
s
ity SHAPE_MN

-0.24**

-0.32***

x
D

e
n
s
ity PARA_MN

350 500 650

1.15 1.30

-0.25**

0.27**
0.43***

x

D
e
n
s
ity PAFRAC

0.56***
-0.23 *

-0.21 *

-0.52***

x

D
e
n
s
ity ENN_MN

200 600

0.0 1.0

-0.63***

0.41***
-0.26**

0.075

 

-0.34***

x

D
e
n
s
ity SHDI

-0.67***

0.45***
-0.24**

0.12

 

-0.38***

0.98***

x

D
e
n
s
ity SIDI

0.0 0.4 0.8

0 100 200

0
6
0

-0.46***

0.22 *

3
5
0

7
0
0

-0.11

 

-0.21 *

2
0
0-0.17

.

0.56***

0
.0

0
.6

0.55***

x

D
e
n
s
ity Soil Loss



253 
 

The findings from the above Table 4.52 above reveal that the Shannon diversity index 

(SHDI) has a high positive influence on annual soil loss while the PAFRAC has a high 

negative influence on soil erosion. Furthermore, the edge density (ED) positively 

influences soil erosion while the Mean patch size (AREA_MN) influences the annual 

soil loss negatively. These results imply that during land use planning, it should be 

necessary to reduce the landscape fragmentation and the landscape heterogeneity but 

increase the size of patches so that the influence of the annual soil loss can be reduced. 

The model is significant (F-statistic: 29.95 on 4 and 117 DF, p-value: 2.2e-16) and 

explains 34.89% (Adjusted R2=0.3489) of the variability of erosion dynamics. The 

equation of the model which describes the effect of landscape structure on the SL by 

erosion is: 

𝑆𝐿 = 634.3499 + 1.1514 ∗  𝐸𝐷 − 0.4743 ∗ 𝐴𝑅𝐸𝐴_𝑀𝑁 − 495.0409 ∗ 𝑃𝐴𝐹𝑅𝐴𝐶 +
31.3459 ∗ 𝑆𝐻𝐷𝐼 (Equation 4.10) 

4.3.6. Principal Componnent Analysis (PCA) of erosion and landscape metrics  

The scree plot obtained from the PCA shows that there is 10 principals componnents 

(PC) in the variability of the annual soil loss by erosion and the landscape metrics as 

shown in Figure 4.48. The firsts component PC1 (Dim1) and the second componnent 

PC2 (Dim2) explained 58% of variability. PC1 and PC2 represents 37.4% and 13.4% 

of total variance of soil erosion and landscape characteristics. The first component 

(PC1) is positively associated with the soil loss by erosion. The landscape metrics 

which constitutes the most contributors to this component are SIDI, SHDI, AI, ED, PD, 

FL, COHESION, LPI, and AREA_MN. Among these variables, the SIDI, SHDI, AI, 

ED, and PD are positively associated with the annual soil loss by the erosion. In 

contrast, the FL, COHESION, LPI, and AREA_MN are negatively associated with the 

annual soil loss by erosion. In the case of the second component (PC2), its highest 

contributors are CONTAG, PARA_MN, SHAPE_MN, IJI, and AREA_MN. 
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Considering this component, the soil loss by erosion is positively associated with the 

PARA_MIN, and IJI but negatively associated with the CONTAG, SHAPE_MN, and 

AREA_MN. These landscapes metrics which have a contribution to the the PC1 and 

PC2 higher than the expected average contribution, indicated by a red dash line on the 

graph (Figure 4.48), are variables that are correlated with the PC1 and PC2. Therefore, 

they are the most important in explaining the variability of the landscape metrics and 

soil loss by erosion. The Figure 4.48 presents the results of the PCA with an emphasisis 

on the relationship between the variables considering the PC1 and PC2, the scree plots 

showing the percentage of explained variance for the diferent componnents, and the 

contribution of differents variables to the PC1 and PC2.    
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Figure 4.48: PCA of  annual soil loss by erosion with landscape metrics.  

Key: Sd= Standard deviation, CV= Coefficient of variation, PD=Patch density, LPI= 

Largest Patch Index, ED=Edge density, LSI=Landscape shape index, 

IJI=Interspersion and juxtaposition index, AI=Aggregated index, COHESION= Patch 

cohesion index, CONTAG.= Contagion, AREA_MN= Mean patch size, 

SHAPE_MN=Mean shape index, PARA_MN=Mean perimeter-area ratio, 

ENN_MN=Mean Euclidian nearest neighbor distance, PAFRAC= Perimeter-area 

fractal dimension, SHDI=Shannon’s diversity index, SIDI= Simpson’s diversity index.  

 

4.4. MCDA MODELING FOR LANDSCAPE RESTORATION PLANNING  

4.4.1. Land degradation vulnerability modelling  

This study adopted the GIS-based AHP approach and the IPCC vulnerability 

framework to assess the land degradation vulnerability at the territorial level in Eastern 

DR Congo using the multicriteria approaches. In the IPCC framework, vulnerability is 
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defined as the resultant of three components: exposure, sensitivity, and adaptability. It 

is worth noting that, the study employs geospatial analysis of both remotely sensed data, 

primary data from the field, and secondary data acquired from governmental and no 

governmental organizations. In this study, the exposure to the ongoing degradation 

process is defined by the actual rate of erosion quantified through the RUSLE model. 

The land degradation sensitivity represents the degradation hazard or the susceptibility 

to degradation associated with natural factors (Biophysical vulnerability) while the land 

degradation adaptability component represents the degree to which the land will be 

affected by the degradation due to socio-economics characteristics (anthropogenic 

vulnerability). The integrated land degradation vulnerability was obtained by summing 

up these three components. The AHP is used in weighting the biophysical and socio-

economics factors of vulnerability to land degradation based on their relative influence. 

Based on this approach, an integrated land degradation vulnerability model adapted to 

the context of the study area has been developed. The vulnerability model is validated 

by using the occurrence data of physical degradation features such as landslides and 

erosion. Hence the results obtained are presented in this section.       

4.4.1.1. Conditioning factors of land degradation vulnerability 

In this study, 7 biophysical factors and 8 socio-economic factors influencing the land 

degradation vulnerability were considered. This section presents the results of the 

classification and ranking of biophysical and socio-economic vulnerability indicators 

of the land degradation process in the study area.  

A. Biophysical vulnerability indicators  

The selected conditioning factors of vulnerability in the study area identified through 

the field observation and literature review are the topographic factors (the slope 

gradient, topographic wetness index, altitude), the edaphic factor (soil type), the 
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climatic factor (annual rainfall), and the hydrological factors (distance to drainage 

network and stream power index). These factors were ranked from 1 to 5 based on their 

abilities to induce the physical land degradation process (see Table 3.11 for 

justification). The Figure 4.49 presents the spatial pattern of the biophysical factors of 

vulnerability in the study area.  

 

Figure 4.49: Biophysical factors of vulnerability in Kalehe territory.  

The aerial extent and the ranking values of the different classes of biophysical factors 

are presented in Table 4.53. 
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Table 4.53: Selected factor for characterizing the physical land degradation 

vulnerability 

Factor Rank Sub factor Level of 

vulnerability 

Area 

(km2) 

Area 

(%) 

Slope gradient (%) 1 Flat <3 Very low 159.9 3.79 

 2 Gentle 3-9 Low 409.41 9.7 

 3 Moderate 9-15 Moderate 606.41 14.37 

 4 Steep 15-30 High 1522.85 36.09 

 5 Very steep >30 Very high 1520.74 36.04 

Altitude gradient (m) 1 Very low <1250 Very low 870.02 20.95 

 2 Low 1250-1650 Low 1277.84 30.77 

 3 Moderate 1650-

2050 

Moderate 986.4 23.75 

 4 High 2050-2450 High 699.39 16.84 

 5 Very high > 2450 Very high 319.7 7.7 

TWI 1 Very low <7 Very low 2584.92 62.2 

 2 Low 7-11 Low 1271.42 30.59 

 3 Moderate 11-15 Moderate 213.36 5.13 

 4 High 15-19 High 72.24 1.74 

 5 Very high > 19 Very high 14.12 0.34 

Soil type 3 Cambisols Moderate 2030.41 41.8 

 4 Ferrasols High 497.37 10.24 

 5 Acrisols Very high 1625.67 33.46 

Rainfall (mm) 1 Very low <1500 Very low 355.91 8.56 

 2 Low 1500-1600 Low 531.53 12.79 

 3 Moderate 1600-

1700 

Moderate 973.81 23.43 

 4 High 1700-1800 High 678.74 16.33 

 5 Very high >1800 Very high 1615.79 38.88 

Vertical distance to 

drainage network (m) 

1 Very high > 100 m Very low 1675.08 40.04 

2 High 75-100 Low 813.25 19.44 

3 Moderate 50-75 Moderate 540.31 12.91 

4 Low 25-50 High 359.6 8.6 

 5 Very low < 25 Very high 795.35 19.01 

Flow accumulation 

(upstream cells 

number) 

1 Very low < 103 Very low 449.39 10.87 

2 Low 103-104 Low 1371.09 33.16 

3 Moderate 104-105 Moderate 1215.23 29.39 

 4 High 105-106 High 906.93 21.93 

 5 Very high > 106 Very high 192.42 4.65 

The results displayed in Figure 4.50 and Table 4.53 show that there are three types of 

soils with different resistance to erosion within the study area: the cambisols, the 

acrisols, and ferrasols. The cambisols are the most dominant soil as they represent 41.80 
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% of the territory but they are characterized by the lowest erosivisity. As a result, the 

areas characterized by a very high degradation vulnerability-based on the edaphic 

characteristics represent 33.46% of the total surface and are dominated by acrisols. 

Based on topographic factors, it was found that the slope gradient varies between 

0.007% and 159.49% with a mean value of 26.46±17.45%. The territory of Kalehe is 

dominated by very steep slopes (>30%) which are characterized by a high vulnerability 

to land mass movement such as soil erosion and landslides. The classes characterized 

by a high to very high vulnerability based on the slope gradient represent 72.13% and 

Only 13.49% of the territory is characterized by a very low to low susceptibility based 

on the slope gradient. Regarding the altitude, it varies between 801 m and 3030 m with 

a mean value of 1684 m±468 m. Based on this factor, it is evident that about 16.84% 

and 7.70% of the study area have a high to very high-altitude gradient which depicts a 

high vulnerability to land degradation. The topographic wetness index constitutes also 

another factor of vulnerability in the Kalehe territory. This factor which controls the 

terrain humidity varies between 3.19 and 22.98 with a mean value of 7.19. The results 

show that the study area is dominated by zone with very low to low TWI which 

represents 62.20% and 30.59% of the territory.  Only 1.37% and 0.34% of the territory 

presents a high to very high vulnerability to land degradation process induced by this 

factor.   

The hydro-meteorological factors have also an influence on the land degradation 

vulnerability in the Kalehe territory. As can be seen in Figure 4.50 and Table 4.53, 

38.88% of the territory receives an annual precipitation of more than 1800 mm which 

implies that there is a high potential for rainfall erodibility in the study area. In general, 

the high rainfall intensity is observed in the high plateau and the eastern part of the 
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study area. After raining, the flow accumulates in the concave areas of the terrain, thus 

contributing to the landmass movement and flooding. Indeed, the number of cells for 

flow accumulation range from 899 to 1294226688 cells to which a logarithmic 

transformation was applied, resulting in value ranging from 2.95 to 8.99. This value 

was classified into four categories depicting the vulnerability to surface flow 

accumulation ranging from very low (<103 cells), low (103-104 cells), moderate (104-

105), high (105-106 cells), and very high (>106 cells). The area with high to very high 

flow accumulation that is more vulnerable to physical land degradation processes 

represents 21.93% and 4.65% of the territory. It should be also noted that the study area 

is covered by a high drainage network density which contributes to its vulnerability to 

degradation processes such as erosion and landslides due to river incisions of the river 

bank are common. Due to the high density of the drainage network, about 19.01% of 

the territory is located at a vertical distance from the drainage network which is less 

than 25m, and 8.60% is located between 25m to 50m. These areas which are close to 

the drainage networks have a very high to high vulnerability to river bank erosion, 

landslides, and flooding. 

B. Socio-economic vulnerability indicators  

The population dynamics, the accessibility factors, and the land management was used 

as indicators of the socio-economic vulnerability to land degradation in the study area. 

The justification of the ranking and the selection of these criteria can be found in Table 

3.12 in the methodological section. The Figure 4.50 shows the spatial pattern and results 

of the ranking of these factors.   
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Figure 4.50: Socio-economic factors of vulnerability in Kalehe territory.  

The aerial extent and the ranking values of the different classes of socio-economics 

factors are presented in Table 4.54. 
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Table 4.54: Selected factor for characterizing the adaptability component of land 

degradation vulnerability  

Factor  Rank Sub factor 
Level of 

vulnerability 
Area (km2)  

Area 

(%) 

Population density 

(inhabitants/km2) 

1 Very low < 100 Very low 2153.04 51.83 

2 Low 100-300 Low 1124.64 27.08 

3 Moderate 300-500 Moderate 387 9.32 

4 High 500-700 High 173.16 4.17 

5 Very high > 500 Very high 315.86 7.6 

Distance to road (m) 

1 Very low < 3000 Very high 800.86 19.29 

2 Low 3000-6000 High 213.57 5.14 

3 Moderate 6000-9000 Moderate 441.87 10.64 

 4 High 9000-12000 Low 911.89 21.97 

 5 Very high > 12000 Very low 1783.07 42.95 

Distance to 

administrative center 

(m) 

1 Very low < 3000 Very high 2339.7 56.36 

2 Low 3000-6000 High 515.97 12.43 

3 Moderate 6000-9000 Moderate 534.1 12.86 

4 High 9000-12000 Low 476.24 11.47 

 5 Very high > 12000 Very low 285.59 6.88 

Distance to village 

or locality (m) 

1 Very low < 3000 Very high 71.13 1.71 

2 Low 3000-6000 High 247.77 5.97 

3 Moderate 6000-9000 Moderate 664.76 16.01 

4 High 9000-12000 Low 1409.83 33.96 

5 Very high > 12000 Very low 1758.13 42.35 

Distance to river (m)  

1 Very low < 3000 Very high 145.56 3.51 

2 Low 3000-6000 High 153.22 3.69 

3 Moderate 6000-9000 Moderate 480.35 11.57 

 4 High 9000-12000 Low 1157.48 27.88 

 5 Very high > 12000 Very low 2214.61 53.35 

Distance to artisanal 

mining (m) 

1 Very low < 3000 Very high 1279.75 30.83 

2 Low 3000-6000 High 480.83 11.58 

3 Moderate 6000-9000 Moderate 675.71 16.28 

 4 High 9000-12000 Low 841.88 20.28 

 5 Very high > 12000 Very low 873.09 21.03 

Protected area 
1 Presence Very low 876.61 10.95 

3 Absence  Moderate 3275.17 40.92 

Mining concession 3 Absence Moderate 3292.31 41.13 

 5 Presence  Very low 859.47 10.74 

The results from Figure 4.50 and Table 4.54 show that the population is unequally 

distributed with a concentration in the eastern part of the territory at the border of Lake 

Kivu and the high plateaus area. The low density of the population is found in the 
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western part of the territory which is covered by forest and where there is no high-

density road network. Based on the population density, about 7.60% of the territory has 

a very high density (more than 700 inhabitants/km2) of the population indicating a high 

vulnerability to land degradation. Apart from the population dynamics, the vulnerability 

to land degradation is also influenced by the proximity factor of accessibility including 

the road distance, distance to rivers, distance to the administrative center, distance to 

the locality, and distance to artisanal mining sites. These factors have been classified 

into five buffer zones and rated into five classes of vulnerability to land degradation. 

Based on this ranking, it was found that areas with a very high socio-economic 

vulnerability represent 42.95% of the territory due to the proximity to roads, 6.88% 

associated with the proximity to administrative centers, 42.35% associated with the 

proximity to locality (village), 53.35% associated to the proximity to rivers and 21.03% 

associated to the proximity to artisanal mining sites. In addition to that, some land use 

management policies influence the land degradation vulnerability in the Kalehe 

territory. Indeed, there is two designated protected area including the National Park of 

Kahuzi Biega and the Forest Reserve of Sud-Masisi which are dedicated to 

conservation. These two protected areas cover 10.95% of the total surface of the 

territory. In the area covered by the designated protected area, the vulnerability to land 

degradation is expected to be low compared to its surroundings due to resource use 

restrictions. In contrast, there are also some mining concessions which was allocated in 

the study area for economic development purpose. They cover a total surface of 10.74% 

of the territory. In those areas, the vulnerability to land degradation is high due to the 

intensification of anthropogenic activities related to mining activities (vegetation 

clearing for mining extraction, soil excavation to access minerals, and construction of 

mining camps for instance).  
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 4.4.1.2. Land degradation vulnerability assessment 

In this study, the land degradation vulnerability is considered as a function of three 

components: the exposure to erosion risk, the sensitivity depicting the biophysical 

vulnerability, and the adaptability depicting the socio-economic vulnerability. 

A. Characterization of exposure to land degradation 

Soil erosion constitutes the main land degradation agent in the Kalehe territory. The 

Figure 4.51 presents the spatial pattern of the exposure of the land to water erosion 

within the study area. From this figure, it can be seen that the exposure to high risk of 

erosion is prominent in the Eastern and central part of the territory while the lowest 

exposure to erosion risk is observed in the western part. The Minova and Kalehe zones 

are the most exposed to erosion risk while the Bunyakiri zone is the least exposed.  

 

Figure 4.51: Status of vulnerability based on the degree of exposure to erosion in 

Kalehe territory.  
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The results from the RUSLE modeling presented in Table 4.55 and Figure 4.52 show 

that the territory is dominated by an area characterized by very low exposure to erosion 

risk which represents 47.25%. In contrast, about 20.52%, 17.69%, and 12.13% of the 

territory are exposed to moderate (30-50 t/ha/year), high (50-100 t/ha/year), and very 

high (>100 t/ha/year) risk of erosion represents. The area with high erosion risk is more 

exposed to land degradation related to soil loss compared to the zone characterized by 

low levels of erosion.   

Table 4.55: Selected factor for characterizing the exposure  

Factor Rank Sub factor Level of  

vulnerability 

Area  

(km2) 

Area  

(%) 

Erosion (t/ha/year) 1 Very low 0-5  Very low 1953.96 47.24 

2 Low 5-10 Low 100.48 2.43 

3 Moderate 30-50  Moderate 848.51 20.52 

 4 High 50-100  High 731.54 17.69 

 5 Very high >100  Very high 501.5 12.13 

B. Characterization of sensitivity component of land degradation vulnerability  

The development of the sensitivity index was done through a pairwise comparison of 

the 7 biophysical vulnerability indicators using the AHP process and the findings are 

presented in Table 4.56.  

Table 4.56: Paire-wise comparison matrix and weighting of the factor for the 

physical land degradation vulnerability index. Lambda=7.556, CI=0.093, CR=0.07  

Factors  FA TWI ST R SG AG DN AHP  

weight 

Flow accumulation (FA) 1 4 0.5 0.333 0.333 0.5 0.5 0.076 

TWI 0.25 1 0.143 0.167 0.111 0.167 0.143 0.023 

Soil type (ST) 2 7 1 3 1 3 3 0.253 

Rainfall (R) 3 6 0.333 1 0.5 1 4 0.163 

Slope (SG) 3 9 1 2 1 5 2 0.266 

Altitude (AG) 2 6 0.333 1 0.2 1 2 0.118 

Drainage network (DN) 2 7 0.333 0.25 0.5 0.5 1 0.101 
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The weightage of the factor is reliable as the consistency ratio is less than 0.1 

(CR=0.07), indicating that there is an internal consistency of the pairwise comparison. 

This weightage of the parameters allowed for the identification of the most influential 

factors of physical land degradation vulnerability. Among the 7 factors under 

consideration, the slope gradient (26.6%) soil type (25.3%), rainfall (16.3%), altitude 

gradient (11.8%), and distance to the drainage network (10.1%) present the highest 

influence while the flow accumulation potential (7.6%) and topographic wetness 

showed (2.3%) showed the least influence. Based on the weightage of the factors above, 

the equation of the sensitivity index can be defined as follows: 

𝑆𝐼 = 0.163 ∗ 𝑅 + 0.101 ∗ 𝐷𝑁 + 0.076 ∗ 𝐹𝐴 + 0.266 ∗ 𝑆𝐺 + 0.118 ∗ 𝐴𝐺 + 0.023 ∗
𝑇𝑊𝐼 + 0.253 ∗ 𝑆𝑇 (Equation 4.11) 

With R the annual rainfall, DN the distance to the drainage network, FA the flow 

accumulation, SG the slop gradient, AG the altitude gradient, and TWI the topographic 

wetness index, w1, …, w5 their respective weights.  

The sensitivity index developed in the previous section was integrated into the GIS 

along with spatial layers of the biophysical vulnerability indicator of land degradation 

to produce a sensitivity map of the study area (Figure 4.52). The map was classified 

into five classes corresponding to five levels of land degradation susceptibility. These 

classes were determined based on the equal interval classification mode of 

classification.  
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Figure 4.52: Status of vulnerability associated with the sensitivity on land 

degradation Status in Kalehe territory.  

The results presented in Table 4.57 indicate that the zone which has a high to very high 

vulnerability represents about 39.33% of the territory. This zone is mostly vulnerable 

to the physical land degradation process and is located in the high plateau in the north 

part of the territory which is dominated by steep slopes and a high rainfall intensity. 

The zone characterized by a medium vulnerability to land degradation represents 

31.42% of the territory. The area with very low to low susceptibility is dominated in 

the western part of the study area. The low to very low susceptibility is observed in only 

29.67% of the territory (Table 4.57). Those areas are the least susceptible to physical 

land degradation processes.  
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Table 4.57: Level of land degradation vulnerability associated with the sensitivity 

Level of vulnerability Very low Low Moderate High Very high 

Area (km2) 141.69 1083.71 1297.91 1297.90 326.56 

Area (%) 3.43 26.24 31.42 31.42 7.91 

C. Characterization of adaptability component of land degradation vulnerability  

The elaboration of the adaptability index was done by weighting the 8 selected factors 

of socio-economic vulnerability through the AHP approach. The results of the pairwise 

comparison of these vulnerability factors and their ranking are in Table 4.58.  

Table 4.58: Paire-wise comparison matrix and weighting of the factor for the land 

degradation vulnerability index. Lambda=8.688, CI=0.098, CR=0.07 

Factors AM RoD CD RiD LD MC PD PA AHP 

weight 

Artisanal Mining 

(DAm) 

1 2 1 7 1 1 1 2 0.162 

Roads distance (DRo) 0.5 1 3 5 0.5 0.5 0.333 2 0.112 

Center distance 

(DAc) 

1 0.333 1 3 0.5 0.333 0.2 2 0.085 

River distance (DRi) 0.143 0.2 0.333 1 0.2 0.333 0.25 0.25 0.031 

Locality distance 

(DLo) 

1 2 2 5 1 1 1 2 0.162 

Mining concession 

(MC) 

1 2 3 3 1 1 2 1 0.173 

Population density 

(PD) 

1 3 5 4 1 0.5 1 3 0.191 

Protected Area (PA) 0.5 0.5 0.5 4 0.5 1 0.333 1 0.085 

The results of this comparison from Table 4.58 above indicate that proximity factors 

and population dynamics are the most influential drivers of land degradation 

vulnerability in the study area. The weightage of the land degradation vulnerability 

factors is reliable as the consistency ratio is less than 0.1 (CR=0.043), indicating that 

there is an internal consistency of the pairwise comparison. Based on these results, the 

equation of the adaptability index (AI) is  

𝐴𝐼 = 0.162 ∗ 𝐷𝐴𝑚 + 0.112 ∗ 𝐷𝑅𝑜 + 0.085 ∗ 𝐷𝐴𝑐 + 0.031 ∗ 𝐷𝑅𝑖 + 0.162 ∗ 𝐷𝐿𝑜 +
0.173 ∗ 𝑀𝐶 + 0.191 ∗ 𝑃𝐷 + 0.085 ∗ 𝑃𝐴 (Equation 4.12) 
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With DAm the distance to artisanal mining sites, DRo the distance to roads, DAc the 

distance to the administrative group center, DRi the distance to rivers, DLo the distance 

to the locality, MC the presence of mining concession, PD the population density and 

PA the presence of protected area.  

The linear weighted overlay of the 8 factors that contribute to land degradation 

vulnerability was done to establish zoning of the adaptability component of 

vulnerability. The classification of the obtained adaptability index per pixel through an 

equal interval mode was used to define the very low, low, moderate, high, and very 

high vulnerability zones. The findings are presented in Figure 4.53.  

 

Figure 4.53: Status of the socio-economic vulnerability in Kalehe territory.  

The results indicated presented in Table 4.59 that 42.64% of the territory has a very low 

to low vulnerability to land degradation due to anthropogenic factors while 27.52% 
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have a moderate vulnerability and 29.84 % presents a very high to high vulnerability to 

land degradation. As can be seen from the map, the lowest vulnerability is located in 

the western part of the territory where the density of the population is very low and 

there are not many road networks. In contrast, there is a high vulnerability in the astern, 

southern, and central parts of the territory, mostly associated with the proximity to road 

networks, a high population density, and the abundance of artisanal mining sites. 

 

Table 4.59: Level of socio-economic vulnerability associated with adaptability 

Level of vulnerability Very low Low Moderate High Very high 

Area (km2) 1003.91 765.11 1141.96 1035.40 202.59 

Area (%) 24.20 18.44 27.52 24.96 4.88 

C. Integrated land degradation vulnerability  

The integrated land degradation vulnerability of the study area was determined by 

performing a sum of the exposure, sensitivity, and adaptability index. The three sub-

components of vulnerability were considered equally important and were given the 

same weight of 1/3 through the APH pairwise comparison. Thus, the final model of 

land degradation vulnerability for the study area was defined as: 

𝐿𝐷𝑉𝐼 = 𝑆𝐸 ∗ 1/3 + [0.163 ∗ 𝑅 + 0.101 ∗ 𝐷𝑁 + 0.076 ∗ 𝐹𝐴 + 0.266 ∗ 𝑆𝐺 +
0.118 ∗ 𝐴𝐺 + 0.023 ∗ 𝑇𝑊𝐼 + 0.253 ∗ 𝑆𝑇] ∗ 1/3 + [0.162 ∗ 𝐴𝑀 + 0.112 ∗ 𝑅𝑜𝐷 +
0.085 ∗ 𝐷𝐴𝑐 + 0.031 ∗ 𝐷𝑅𝑖 + 0.162 ∗ 𝐷𝐿𝑜 + 0.173 ∗ 𝑀𝐶 + 0.191 ∗ 𝑃𝐷 + 0.085 ∗

𝑃𝐴] ∗ 1/3  (Equation 4.13) 

With LDVI the land degradation vulnerability index, SE the soil erosion risk, R the 

rainfall, DN the distance to the drainage network, FA the flow accumulation, SG the 

slope gradient, AG the altitude gradient, TWI the topographic wetness index, ST the 

soil type, AM the distance to artisanal mining sites, DRo the road distance, DAc the 

distance to the administrative center, DRi the distance to rivers, DLo the distance to the 

locality, MC the occurrence of mining concession, PD the population density and PA 

the occurrence of the protected area.  
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This model was applied to assess the land degradation vulnerability of the study area. 

The resulting map (Figure 4.54) was classified into four vulnerability zones based on 

an equal interval classification of the vulnerability index. Interestingly there is a 

zonation of land degradation vulnerability around the forest land. The level of land 

degradation vulnerability increases with the increase of the distance to forest edges. The 

no-degraded land with a very low vulnerability is located in the western part of the 

territory under the forest cover. At the health zones level, it can be seen that the Minova 

and Kalehe zones are the most vulnerable to land degradation whereas the Bunyakiri is 

the least vulnerable (Figure 4.54). 

 

Figure 4.54: Integrated land degradation vulnerability maps of Kalehe territory.  

The results reveal that the study area is dominated by areas characterized by very low 

to low vulnerability of degradation which represents 47.63% of the total surface (Table 
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4.60). The zone of medium vulnerability covers 20.41% of the territory. The zone 

characterized by high to very high vulnerability represents 32.01% of the territory.  

Table 4.60: Level of land degradation vulnerability in Kalehe territory 

Level of vulnerability Very low Low Moderate High Very high 

Area (km2) 1209.39 758.10 843.03 1104.23 218.05 

Area (%) 29.28 18.35 20.41 26.73 5.28 

4.4.1.3. Validation of the land degradation vulnerability model  

The frequency ratio (FR) of land degradation features in each land degradation 

vulnerability zone (very low, low, moderate, high, and very high vulnerability) was 

calculated to determine their probability of occurrence, and the findings are presented 

in Table 4.61.  

Table 4.61: Frequency ratio of erosion features occurrence and land degradation 

vulnerability classes 

Vulnerability level 

 Vulnerability zone Land degradation features Frequency ratio 

Area (km2) A (%) Number B (%) B/A 

Very low to low 1967.49 47.63 48.00 4.80 0.23 

Moderate 843.03 20.41 174.00 17.38 0.85 

High to very high 1322.28 32.01 779.00 77.82 3.91 

The results demonstrate that there is a correlation between the occurrence of land 

degradation features and the level of land vulnerability defined based on the 

multicriteria decision analysis. The frequency ratio is lower than 1 in the very low to 

low vulnerability zone (FR=0.23), and the moderate vulnerability zones (FR=0.85) 

indicating that the probability of occurrence of land degradation features in this zone is 

very low. In contrast, the frequency ratio is higher than 1 in both the high and very high 

vulnerability zones (FR=3.91) indicating a high probability of occurrence of land 

degradation features. This increase in the frequency ratio following the land 

degradation vulnerability level denotes the agreement between the occurrence of land 
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degradation features and the land degradation vulnerability level defined by the 

developed model. Overall, the percentage of correct prediction of the occurrence of 

land degradation features in the high and very high vulnerability zones is 77.82% 

indicating that the model is reliable for the identification of land degradation 

vulnerability zones in the study area. The Figure 4.55 shows the distribution of the land 

degradation features (erosion and landslides) compared to the vulnerability zones 

within the study area. 

 

Figure 4.55: Distribution of the land degradation features compared to the 

vulnerability zones in Kalehe territory.  

4.4.2. Land use potential modelling for alternative land use planning  

In the Kalehe territory, there is a competition between the use of land for agricultural 

production and forest conservation purposes. Therefore, a land suitability analysis (land 

capability or land potential modeling) is necessary to determine which portion of land 
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should be used for agricultural purposes and which should be prioritized for forest 

landscape restoration. The analysis presented in this section is based on the multicriteria 

decision approach to undertake the land capability classification for an adaptative land 

use planning to cope with the problem of land degradation in the Kalehe territory. The 

aims it to assess if the current land use is done according to its land capability, determine 

the priority area for implementation of forest landscape restoration initiatives, and then 

proceed to the adjustment of the land use allocation in areas where the land is misused 

to reduce the land degradation.  

4.4.2.1. Analysis of Land Capability 

The land capability was assessed based on three factors: soil texture, soil depth, and 

slope gradient (Figure 4.56).   

 

Figure 4.56: Ranking and classification of land capability factors.  



275 
 

The aerial extent and the ranking values of the different classes of factors for land 

capability classification are presented in Table 4.62. 

Table 4.62: Selected factors for Characterizing the Land Capability 

Factor Rank Sub factor Capability class Area (km2) Area  

(%) 

Slope gradient (%) 1 Flat <3 I 159.9 3.79 

 2 Gentle 3-9 II 409.41 9.7 

 3 Moderate 9-15 III 606.41 14.37 

 4 Steep 15-30 IV 1522.85 36.09 

 5 Very steep >30 V 1520.74 36.04 

Soil texture 4 Clayey-sandy IV 1202.57 28.95 

 5 Clayey V 2950.99 71.05 

Soil depth (Cm) 1 Very deep >150 I 3532.81 85.10 

 2 Deep 150-100 II 618.38 14.89 

Findings from the classification and ranking of land capability factors presented in 

Figure 4.56 and Table 4.62 revealed that the soil depth varies between 124 cm and 175 

cm with a mean value of 165.65 cm. The territory is characterised by a predominance 

of deep soil with a thickness ranging frm 150 to 100 cm, representing 14.89% 

(618.38km2) of the surface area. Additionally, the presence of very deep soils, with a 

depth exceeding 150 cm, is notable and account for 85.10% of the territory 

(3532.81km2).  

The texture of the soil in Kalehe has two distinct types: clayey-sandy soil and clay soil. 

The clayey soil is the most predominant, representing 71.05% (2950.99km2). In 

contrast, the sandy clay soil constitutes a comparatively smaller proportion of 28.95% 

(1202.57km2). The clayey soil was classified in the capability class V while the sandy 

clay was assigned to the class IV.  

Considering the region’s topography, the area under study is characterised by a 

predominance of very steep slopes and steep slopes, accounting for 36.09% 
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(1522.85km2) and 36.04% (1520.74km2), respectively. This finding indicates that the 

land capability classes IV and V are the most prevalent. The moderate slope 

corresponding to the capability class III encompasses an area of 14.37% (606.41km2). 

In contrast, the gentle slope which classified as the land capability class II represents 

9.7% (409.41km2). The flat slope, which corresponds to the land capability class I, is 

the least represented class. It covers only 3.79% (159.9km2) of the territory.  

The three factors for land capability assessment were compared using the AHP 

approach to assign weight to each factor (Table 4.63).  

Table 4.63: Pairwise comparison of the land capability factors 

Factors SG ST SD AHP weight 

Slope gradient (SG) 1 2 2 0.50 

Soil texture (ST) 0.5 1 1 0.25 

Soil depth (SD) 0.5 1 1 0.25 

The two soil characteristics were assigned the same weight of 25% while the slope was 

assigned a weight of 50% as it constitutes the main constraint for land use in the study 

area.  Thus the equation of the land capability index was defined as 

𝐿𝐶𝐼 = 0.25 ∗ 𝑆𝐷 + 0.25 ∗ 𝑆𝑇 + 0.50 ∗ 𝑆𝐺 (Equation 4.14) 

With LCI the land capability index, SD the soil depth, ST the soil texture, and SG the 

slope gradient.  

The land capability map, presented in Figure 4.57, was obtained through a weighted 

overlay of the three factors and classified into 5 capability classes based on an equal 

interval.  
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Figure 4.57: Land capability class of the Kalehe territory.  

Table 4.64 provides a comprehensive overview of the land capability classification, the 

suitable land use, and the corresponding soil and water conservation treatments that can 

be implemented in the study area to avoid the problem of land degradation.  

Table 4.64: Land capability class and area coverage in Kalehe territory 

Land 

Capabilit

y 

Area  

(km2) 

Area 

(%) 

Appropriate  

land use 

Soil and water conservation treatments  

Class I 138.19 3.34 Agriculture  Unrestricted agricultural use 

Class II 376.54 9.1 Agriculture  Moderate soil and water treatment 

Class III 747 18.06 Agriculture  Intensive soil and water treatment 

Class IV 1764.1

7 

42.64 Agriculture 

and pasture 

Minimum tillage, agroforestry, 

implementation of erosion control 

measures 

Class V 1111.2

1 

26.86 Forestry 

(conservation 

purpose) 

Natural forests should be maintained, or 

reforested, implementation of erosion 

control measures and special conservation 

measures 
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The land capability classes I to IV which are suitable for agriculture represent 73.14% 

of the study area. The land capability Class I which is suitable for unrestricted 

agricultural uses represents 3.14% of the territory. In this zone, the soil is deep and the 

slope is flat, thus there is no limitation for crop productivity. The land capability class 

II is found in 9.10% of the territory. In this zone, the soil is deep but the slope is gentle. 

Thus it requires moderate soil and water conservation practices. The land capability 

class III covers about 18.06% of the territory. In these zones the slope is moderate and 

there is a requirement for some special conservation practices to avoid land degradation. 

The land capability class IV is the most dominant and accounts for 42.64% of the 

territory. This class is however limited due to the steep slope and any agricultural 

activity in this area should require the application of soil and water conservation 

measures. Class V which is not suitable for agriculture but suitable for pasture land, 

grazing, forest, and urbanization represents 26.86% of the territory. This class is limited 

for agricultural production due to the very steep slopes which are exposed to land 

degradation processes and require a strict application of soil and water conservation 

measures, forest conservation, and afforestation.  

4.4.2.2. Integration of the land capability in the land use planning to reduce 

land degradation vulnerability  

Since the territory of Kalehe is already affected by the problem of land degradation, it 

is essential to assess if the current land use is sustainable and to suggest appropriate 

land use that aligns with the land capability. Therefore, the correlation between the 

occurrence of land degradation and land use potential (land capability classes) was 

assessed to identify the most vulnerable capability classes where conservation action 

should be prioritized. Furthermore, the land capability map (land use potential map) 

was intersected with the current land use to identify the area where the land is not used 
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according to its capability and to suggest appropriates land use adjustments for future 

land use planning to avoid further degradation.   

A. Frequency ratio of land degradation and land capability classes 

The analysis of the relation between the land capability classes and the occurrence of 

the land degradation features shows that the degradation is more likely to occur in the 

capability classes IV and V compared to other classes (Figure 4.58). 

 

 

Figure 4.58: Distribution of the land degradation features (erosion and landslides) 

compared to the land capability classes in Kalehe territory.  

The Table 4.65 present the results of the frequency ratio analysis between the land 

capability classes and the occurrence of land degradation features in the study area. 
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Table 4.65: Frequency ratio of land degradation features occurrence and land 

capability classes 

Land capability 

classes 

Land capability Zone Land degradation 

features 

Frequency 

ratio 

 Area (km2) A (%) Number B (%) B/A 

Class I 138.19 3.34 1 0.10 0.03 

Class II 376.54 9.10 18 1.80 0.20 

Class III 747 18.06 102 10.19 0.56 

Class IV 1764.17 42.64 576 57.54 1.35 

Class V 1111.21 26.86 304 30.37 1.13 

From the above Table 4.65, it can be observed that 87.91% of land degradation features 

observed in the Kalehe territory occurred in the zone with land capabilities IV and V. 

In addition to that, the frequency ratio is less than 1 in the land capability classes I, II, 

and III indicating that the probability of occurrence of land degradation features in those 

areas is low. In contrast, the frequency ratio is higher than 1 in the land capability 

classes IV and V, indicating a high probability of occurrence of land degradation 

features. It should be also noted that the frequency ratio of land degradation features 

increases with the land capability classes, this implies that the high capability classes 

are the more vulnerable to land degradation processes.   
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B. Distribution of the current land uses in the capability’s classes  

Since there is a degradation of natural resources in the Kalehe territory, it is important 

to identify the area where the land is not used according to its capability and suggest 

appropriate intervention measures. Table 4.66 presents the distribution of LULC in the 

different land use capabilities.  

 

Table 4.66: Current LULC types and their distribution in the land capability class 

 

I  

(High) 

II  

(Moderate) 

III  

(Low) 

IV 

(Very low) 

V  

(Non-arable) Total 

LULC 

Area 

(km2) 

Area  

(km2) 

Area  

(km2) 

Area  

(km2) 

Area  

(km2) 

Area  

(km2) 

Bare land 0.43 0.27 0.18 0.52 1.21 2.61 

Built up 10.62 32.72 73.42 185.27 88.85 390.88 

Cropland 6.34 17.44 48.06 163.55 80.13 315.52 

Forest 75.31 212.34 356.83 819.46 618.21 2082.15 

Grassland 3.79 11.5 40.83 82.05 18.16 156.33 

Shrub land 41.75 110.86 247.08 624.2 319.33 1343.22 

Wetland 1.51 1.36 3.29 16.98 13.55 36.69 

Total 139.75 386.49 769.69 1892.03 1139.44 4327.4 

The land use capability classes I to IV are the most productive and represent the arable 

land that should be allocated to agricultural activity for food production. Class V is the 

least productive land which should be allocated to other activities such as forest 

conservation or reforestation and not for agricultural productivity.  

The Table 4.67 present the distribution of the current LULC classes in the productive 

and no productive land capability classes. Based on this classification, 76.67% 

(3187.96km2) of the study area is constituted by productive land.  Under the current 

situation, 74.60% of agricultural activities are found on suitable land. It should be noted 

that 51.83% of agricultural activities are done within class IV which requires special 

conservation measures before any agricultural activity. However, other land uses are 

found in the productive land capability class (Class I-IV). It is noted that the baren land 
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(53.64%), the built-up area (77.26%), the forest land (70.31%), grassland (88.38%), 

shrubland (63.69%), and wetland (63.07%) are found in the area with a high potential 

for agricultural activities. This indicates that the land is not managed according to its 

capability. 

Table 4.67: Distribution of LULC classes in the productive and non-productive 

land capability classes 

LULC type Area of LULC Productive (Class I-IV) Non-productive (Class V) 

 Area (km2) Area 

(%) 

Area (km2) Area (%) Area (km2) Area (%) 

Bare land 2.61 0.06 1.40 53.64 1.21 46.36 

Built up 390.88 9.03 302.03 77.27 88.85 22.73 

Cropland 315.52 7.29 235.39 74.60 80.13 25.40 

Forest 2082.15 48.12 1463.94 70.31 618.21 29.69 

Grassland 156.33 3.61 138.17 88.38 18.16 11.62 

Shrub land 1343.22 31.04 1023.89 76.23 319.33 23.77 

Wetland 36.69 0.85 23.14 63.07 13.55 36.93 

Total 4327.40 100.0 3187.96 73.67 1139.44 26.33 

The distribution of the actual land use that is not following the land capability (overused 

and underused) is presented in Figure 4.59 and Table 4.68. The comparison of the 

current LULC (2020) and the land capability maps indicates that 15.88% of the actual 

land use is not used according to its capability as it is presented in Figure 4.59.  
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Figure 4.59: Status of land utilization in Kalehe territory.  

Under the current situation, 84.88% of land is used within its capability, 10.57% under 

used, and 4.55% over used. Hence there is a need to plan the land use according to the 

identified capability classes for the sustainable use and effective conservation of natural 

resources in the territory.  

Table 4.68: Land suitability per LULC type 

 Land suitability Under-used  

potential 

Used within  

capability 

Over-used  

potential 
Total 

 LULC Area  

(km2) 

Area 

 (%) 

Area  

(km2) 

Area  

(%) 

Area  

(km2) 

Area  

(%) 

 Area  

(km2) 

Bare land 1.40 53.64 1.21 46.36 0.00 0.00 2.61 

Built up 0.00 0.00 274.12 70.13 116.76 29.87 390.88 

Cropland 0.00 0.00 235.39 74.60 80.13 25.40 315.52 

Forest 0.00 0.00 2082.15 100.00 0.00 0.00 2082.15 

Grassland 56.12 35.90 100.21 64.10 0.00 0.00 156.33 

Shrub land 399.69 29.76 943.53 70.24 0.00 0.00 1343.22 

Wetland 0.00 0.00 36.69 100.00 0.00 0.00 36.69 

Total 457.21 10.57 3673.30 84.88 196.89 4.55 4327.40 



284 
 

C. Land use adjustment based on land capability and suggested conservation 

measures 

The intersection of the land use capability map and the actual LULC serves also as the 

basis to orient a new land use plan. The land use adjustment was done only in the area 

where the land is underused and overused to suggest a new land use according to the 

land capability.  In the new land use scenario, the land that was managed within their 

capability under the current situation was maintained. However, following the 

recommendations of the USDA, the land capability classes I, II, and III which are more 

productive were allocated for agriculture to enhance food production when these classes 

were covered by unproductive land (bare land), shrub, and grassland. The agricultural 

land over land capabilities III and IV requires the application of soil and water 

conservation actions to avoid land degradation while the agricultural lands under class 

I and II don't necessarily require the application of these conservation measures as they 

are found on flat to gentle slopes.  The existing forest and wetland cover were 

maintained under their current situation regarding the land capability. Class IV was 

considered to support the built-up expansion and the expansion of natural habitats 

(forest, grassland, and shrub). In this class, grazing can be done, however, class V which 

is located on a very steep slope was allocated for afforestation only to support 

biodiversity conservation, carbon storage, natural water recharge, and other ecosystem 

services. The spatial patterns of LULC transformation according to this scenario are 

visually depicted in Figure 4.60. 
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Figure 4.60: Adjustment of the actual land use according to the land capability. 

The suggested land use obtained by considering the land capability and the present land 

use has 7 classes as is shown in Table 4.69.   
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Table 4.69: Land use adjustments and suggested conservation measures  

Land use and land cover Area  

(km2) 

Area 

 (%) 

Suggested conservation measures 

Forest conservation 1943.90 47.02 Forest gape filling, naturally 

assisted regeneration 

Suitable for cropland but needs 

conservation treatment 

474.27 11.47 Terracing, strip cropping, 

agroforestry, gully plugging  

Suitable for cropland without 

conservation treatment 

319.93 7.74 Mulching, contouring  

Wetland conservation 36.37 0.88 Avoid wetland encroachment for 

anthropogenic activities and 

drainage  

Built-up area 269.63 6.52 Increase green space, trenching and 

drainage ditches, gully plugging, 

land leveling 

Afforestation  412.38 9.97 Tree planting (indigenous and 

multipurpose trees) 

Afforestation or pastureland or 

built-up 

677.74 16.39 Tree planting (indigenous and 

multipurpose trees), avoid 

overgrazing 

 

(1) Forest conservation zone which represents 47% of the territory. This class contains 

the actual area covered by forest. In this zone, the conservation action that should be 

done is the forest gap filling where the forest has been fragmented. This forest gap 

filling can be done through reforestation with indigenous tree planting or forest 

protection to allow natural regeneration to occur (natural assisted regeneration). 

Furthermore, protective measures against forest fire must be considered.  

(2) Suitable area for cropland but needs conservation treatments: this zone covers 

11.47 % of the study area. It contains the area which area suitable for cropland but 

is located on moderate and steep slopes. This area requires the application of soil 

conservation measures such as terracing or land leveling, strip cropping, contouring, 

agroforestry, farmer assisted natural regeneration etc. to reduce soil erosion. 

(3) Suitable area for cropping without conservation treatments: this zone covers 

7.74% of the study area and contains the area that is suitable for agricultural purposes 

but located on a flat to gentle slope. The cropland on the flat area doesn’t require 
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particular soil and water conservation measures. However minor soil conservation 

such as contour bunding and mulching can be applied in these zones 

(4) Wetland conservation: this includes marshland and areas which are regularly 

flooded throughout the year which should be avoided for any anthropogenic activity. 

The encroachment and drainage of the wetland should be avoided. This area covers 

0.88% of the study area.  

(5) Built-up area: this zone includes all the human settlements that are not under the 

most productive land capability classes I to III. Actual built-up land under the land 

capability class IV and V are embedded in this category. Built-up areas over the land 

capability class IV and V are susceptible to erosion due to the steep slopes. Thus it 

is important to increase the green spaces in those areas to reduce the surface water 

runoff, control the gully erosion through the application of gully plugging measures, 

control the surface water runoff through the implementation of trenching, drainage 

ditches, and land leveling. This area covers about 6.52% of the study area. 

(6) Afforestation zone: this zone covers about 9.97% of the study area. It represents the 

unproductive land capability class V which is located on very steep slopes. This area 

is more vulnerable to erosion and landslides. To reduce this problem, it is necessary 

to cover the soil with vegetation and one way to do that is through afforestation. An 

emphasis should be placed on the indigenous tree species for the preservation of 

local biodiversity and multi-purpose trees to meet the needs of people in wood 

energy, food, medicine, and wood for construction, for instance. Other conservation 

measures such as trenching can be applied in this zone to control the surface water 

runoff.  

(7) Afforestation or pastureland or built-up expansion: this zone covers about 

16.39% of the study area. It includes the area which is covered by grassland and 
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shrub land but located in the least productive land capability class IV. Since this 

zone is least productive, agricultural activities should be minimized. In this zone, 

afforestation can be done through the plantation of fruit trees to allow both the 

protection of soil and carbon storage and contribute to food security. Pastureland can 

also be extended in this area for grazing. The expansion of the built-up area can also 

be done in this zone. However, the area around the rivers in a buffer zone of 50 m 

should be avoided as this zone is prone to erosion.  

 

4.5. Perception On Land Degradation And Adoption Of Conservation 

Measures 

During the conservation planning process, it is important to assess the spatio-temporal 

dynamics of environmental changes, the causes of these dynamics, the pressure put on 

the environment through human activities, consequences, and the response to 

environmental changes in a given community. In the previous section, the GIS and 

remote sensing approaches were used to assess these factors for conservation planning 

purposes. However, it is important to take into account the local knowledge of the 

community during the assessment of the drivers, pressure, state, impact, and response 

(DPSIR) to the land degradation dynamics resulting from diverse land utilization in the 

study area. Therefore, this section presents the perception of the local community on 

forest degradation, farmland degradation, and soil water erosion with an emphasizes on 

the state, the cause, the consequence, and the adopted strategy to cope with these 

environmental problems in their community. Furthermore, the socio-economic 

determinants of adoption of conservation measures to cope with the problem of land 

degradation are assessed.    



289 
 

4.5.1. Socio-economic and structural characteristics of respondents   

The people's perception of land degradation and the adoption of conservation depends 

on their socio-economic characteristics, structural characteristics of their farmlands, 

and institutional factors such as access to extension services. The socio-economic 

characteristics of the respondents are presented in Table 4.70.  
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Table 4.70: Socio-economic characteristics of respondents and structural 

characteristics of farmland in Kalehe territory. N=384 

Variables N (%) Chi-Square test Variables N (%) Chi-Square test 

χ2  df p-value χ2  df p-value 

Age  59.2 2 <0.001 Farmland size  85.7 2 <0.001 

20-30 years 36.7     <1 ha 53.1     

30-50 years 47.4     1-2 ha 32.3     

> 50 years 15.9     >2 ha 14.6     

Sex 3.4 1 0.0662 Distance to farmland 28.2 2 <0.001 

Male 45.3     < 30 min. 26.6     

Female 54.7     30-60 min. 27.3     

Marital status 312.5 2 <0.001 > 60 min. 46.1     

Single 14.3     Farming seniority 21.0 3 <0.001 

Married 75.8     0-10 years 21.9     

Separated 9.9     10-20 years 34.4     

Size of the household 12.7 2 0.0017 20-30 years 25.0     

<5 26.0     > 30 years 18.8     

 5-10 40.9     Slope of the farmland  68.1 2 <0.001 

> 10 33.1     Flat 15.9     

Source of livelihood 650.0 3 <0.001 Gentle 33.9     

Cropping 81.2     Steep 50.3     

State agent 5.5     Farmland productivity 219.8 2 <0.001 

Small business 9.1     Decreased 68.8     

Others∗ 4.2     Increased 12.0     

Level of education 192.3 4 <0.001 No change 19.3     

None 27.3     Erosion occurrence 42.7 1 <0.001 

Primary 34.1     No 38.8     

Secondary 32.6     Yes 61.2     

Tertiary 5.5     Extension service∗∗  126.0 1 <0.001 

Others  0.5     No 78.6     

Stayed period 15.8 2 <0.001 Yes 21.4     

 10-20 35.4     Land ownership 6.9 2 0.032 

20-30 40.4     Inherited 33.3     

>30 24.2     Bought 27.9     

     Rented 38.8     

∗Artisanal miners, carpenters, motorcyclists, sawyers, charcoal maker 

∗∗Participation in training or campaigns on soil and water conservation 

Table 4.70 shows that most of the respondents involved in this study were women 

(54.7%). It was also found that the sampled household heads are an adult as 47.4% of 

respondents have an age between 30 years and 50 years old. In terms of the level of 
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education, it was found that only 27.3% of them did not attend school, thus most of the 

respondents are literate. However, most of them only attended primary school (34.1%) 

or secondary school (32.6%). The majority of the respondents were married (75.8%) 

and 74 % of households had more than 5 people. This is explained by the fact that 

people get married at a very young age (less than 30 years old) and according to their 

customs, children are seen as a richness. Table 4.70 further shows that most of the 

respondents have lived in the area for more than 20 years (64.6%), thus they have a 

good knowledge of the environmental change that occurred in their locality. In addition, 

81.2% of the land users depend on subsistence agriculture and livestock keeping for 

their livelihood. Only 27.8% are engaged in off-farm activities. It was found that only 

61.2% of the respondents own the land (inherited or bought). Therefore, land use tenure 

constitutes an issue in the area because 38.8% depend on rented land to exercise their 

farming activities. 

The respondents have a farming experience of more than 10 years (78.1%). This implies 

that they have a long experience, have used the land for a long period and there is a 

potential that they have adapted their land management to the changes that occurred in 

their environment. However, access to extension services in the area is very low as only 

21.4% have participated in a training or campaign related to conservation practices. 

This implies that the knowledge about conservation practices is low in these areas. It 

was also found as can be seen in Table 4.70 that smallholder farmers are predominant 

with farmland size less than 1 ha (53.1%). This farmland is far from the house as 73.4% 

of the respondent reported that they walk more than 30 minutes from their homeland to 

the farmland. Fifty-point-three percent (50.3%) of respondents reported that their 

farmland is located on a steep slope and 33.9% reported that the status of their farmland 

is a gentle or moderate slope. This shows that the farmland is located in inadequate or 
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marginal land where erosion is prominent as 66.7% of the respondent reported that they 

are currently experiencing the problem of erosion in their farmland. This influences 

crop productivity which has decreased over the last 10 years as reported by 68.5% of 

respondents. 

4.5.2. Respondent’s perception of farmland degradation 

4.5.2.1. Farmland degradation status 

Answering the question about the productivity of the land over the last 10 years, the 

land users perceived farmland degradation as a problem in their localities as 68.8% of 

farmers observed that the productivity of their land has decreased over the last 10 years 

in their locality as can be seen in Figure 4.61.  

 

Figure 4.61: Barplot showing the land user perception of farmland productivity 

per health zone in Kalehe territory.  

It was found that the land user perception of farmland degradation in the study area 

varies spatially from one health zone to another as can be seen in Figure 4.61. The chi-
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square test (X-squared = 28.328, df = 6, p-value = 8.15e-05) shows that there is a 

dependence or association between the perception of farmland productivity and the 

health zone. The highest perception of farmland degradation is perceived in Kalonge, 

Kalehe, and Minova where 78.2%, 76.8%, and 73.5%, respectively, of land users have 

observed a decrease in cropland production. However, the lowest perception of land 

users on farmland degradation is observed in Bunyakiri where only 49.5% of people 

have observed a decrease in cropland productivity and it is where the highest 

productivity was observed (Figure 4.61). 

4.5.2.2. Respondent’s perception of the cause of farmland degradation  

The farmers perceived various causes of farmland degradation in their locality. Table 

4.71 presents the perceived reasons for the decrease in farmland productivity in their 

entity.  

Table 4.71: The main reason for decreased crop production in Kalehe territory. 

Perceived cause of decreased 

crop production 

Health zones Territor

y 

Kalehe 

(N=82) 

Minova 

(N=121

) 

Bunyakir

i (N=103) 

Kalonge 

(N=78) 

Total 

(N=384) 

Soil erosion 12.2% 11.6% 14.6% 10.3% 12.2% 

Loss of firtility 26.8% 45.5% 21.4% 52.6% 36.5% 

Unreliable rainfall 12.2% 4.1% 12.6% 3.8% 8.1% 

Crop diseases 6.1% 4.1% 4.9% 5.1% 4.9% 

Limited or inadequate land 3.7% 5.0% 10.7% 1.3% 5.5% 

Lack of agricultural input/High 

cost of agricultural input 

3.7% 1.7% 1.0% 5.1% 2.6% 

Inadequate labour 3.7% 0.8% 1.9% 1.3% 1.8% 

Poor access to subdiary 

program 

0.0% 2.5% 2.9% 0.0% 1.6% 

Continuous cultivation without 

fallowing 

30.5% 24.0% 27.2% 19.2% 25.3% 

Not aware 1.2% 0.8% 2.9% 1.3% 1.6% 

Chi-square test X-squared = 48.839, df = 27, p-value = 

0.006 
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From Table 4.71, it can be seen that the majority of respondents (36.5%) perceived loss 

of soil fertility due to continuous cultivation without fallow (25.3%) as the main cause 

of farmland degradation. About 12.2% of respondents associated the cause of farmland 

degradation with soil erosion which affects their land. Other main causes of degradation 

of farmland that have been perceived by the land users are unreliable rainfall (8.1%) 

which is not consistent along all the cultural seasons, crop diseases (4.9%), and 

cultivation on limited or inadequate land (5.5%) such as hill slopes where the problem 

of erosion is more recurrent. The perception of the cause of farmland degradation 

depends on the health zone (X-squared = 48.839, df = 27, p-value = 0.006178).  

4.5.2.3. Adopted option due to decrease in crop production 

The respondents had adopted different strategies to cope with this problem of farmland 

degradation as is shown in Table 4.72.  

Table 4.72: Adopted option due to decrease of crop production in Kalehe territory. 

Adopted option due to 

decrease of crop production 

Health zones Territory 

Kaleh

e 

(N=82

) 

Minova 

(N=121

) 

Bunyakiri 

(N=103) 

Kalonge 

(N=78) 

Total 

(N=384) 

Looked for additional land 36.6% 33.1% 25.2% 23.1% 29.7% 

Improve the fertility of the 

land 

7.3% 2.5% 2.9% 5.1% 4.2% 

Fallow 39.0% 21.5% 29.1% 35.9% 30.2% 

Crop succession rotation 11.0% 27.3% 19.4% 17.9% 19.8% 

Intercroping 4.9% 14.0% 13.6% 9.0% 10.9% 

Agroforestry 1.2% 1.7% 1.0% 1.3% 1.3% 

None 0.0% 0.0% 8.7% 7.7% 3.9% 

Chi-square test X-squared = 41.683, df = 18, p-value = 

0.001 

 

Due to scarcity of land, only 30.2% of respondents do the fallows to improve the 

fertility of the land. Other adopted strategies are crop succession or rotation (19.8%) 

and intercropping (10.9%). The improvement of soil fertility through manure or 

household waste application is done by only 4.2% of land users.  
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Due to farmland degradation, about 29.7% of respondents reported that they looked for 

additional land when productivity decreased (Table 4.72). Respondents as can be seen 

in Table 4.73 noted that their preference for additional land was old fallow land or shrub 

land (40.6%) and forest (35.7%). They justify their choice by the fact that old fallow 

(shrubland) is considered to recover soil fertility after a few years (2 to 4 years) and 

require less labor compared to forest land.  

Table 4.73: Land user’s preference for additional land in Kalehe territory. 

LULC type preference 

for additional land  

Health zones Territor

y 

Kalehe 

(N=82) 

Minova 

(N=121) 

Bunyakiri 

(N=103) 

Kalonge 

(N=78) 

Total 

(N=384) 

Forest land 13.4% 35.5% 46.6% 44.9% 35.7% 

Fallow 43.9% 38.0% 35.0% 48.7% 40.6% 

Grassland 4.9% 8.3% 16.5% 3.8% 8.9% 

Others (wetlamd, barren 

land) 

0.0% 1.7% 1.9% 2.6% 0.8% 

No preference 37.8% 16.5% 0.0% 0.0% 13.3% 

Chi-square test X-squared = 93.724, df = 12, p-value< 0.0001  

As can be seen in Table 4.73, the adopted strategy when the farmland productivity 

decrease depends on the health zone (X-squared = 41.683, df = 18, p-value = 0.001224).  

4.5.3. Respondent’s perception on forest degradation 

4.5.3.1. Forest degradation status 

The people of the Kalehe territory associate forest degradation with the loss or scarcity 

of timber and no forest timber products, the scarcity of wildlife animals, and the 

reduction of amenities (beauty) of the forest landscape in their environment. Based on 

these indicators, they rated the level of forest degradation as high and this was explained 

using estimates of forest products that were said to have become scarce or non-existent; 

moderate if they obtained forest products but in diminished quantities and hence must 

walk longer distance to access them, and low when the availability of forest resource 

has not changed significantly over the last decade. The respondents have varied views 
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on forest land degradation status in Kalehe territory. Most of them (58.1%) perceived 

that forest degradation is high and constitutes a serious problem in their territory (Figure 

4.62). Only 18.2% of respondents declared that forest degradation is low while 23.7% 

of them consider that it is moderate. It was further established that respondent’s 

perception of forest degradation depended on their location in the health zone (X-

squared = 30.871, df = 6, p-value = 2.683e-05) of the Kalehe territory as can be seen in 

Figure 4.62.  

 

Figure 4.62: Barplot showing the perception of the status of forest degradation 

during the last decay in the Kalehe territory.  

For instance, the high level of forest degradation is perceived by 66.9% of respondents 

in Minova, 64.6% in Kalehe, 50.5% in Bunyakiri, and 47.4% in Kalonge as is evident 

in Figure 4.62. The moderate level of forest degradation is perceived by 30.5% of 

respondents in Kalehe, 21.4% in Bunyakiri, 22.3% in Minova, and 21.8% in Kalonge. 

The low level of forest degradation is perceived by 30.8% of respondents in Kalonge, 

28.2% in Bunyakiri, 10.7% in Minova, and 4.9% in Kalehe health zones (Figure 4.62). 
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4.5.3.2. Respondent’s perception of the causes of forest degradation  

Findings showed that people perceived different causes of forest degradation in their 

territory. As can be seen in Table 4.74, the main direct causes of forest degradation in 

this territory are charcoal and firewood production (72.4%) which constitute the main 

source of energy and high demand to supply the major towns (Bukavu and Goma) 

around the territory, agriculture expansion through shifting cultivation on slash and 

burn (65.1%) which constitute the main source of livelihood in this territory, and timber 

harvesting or forest logging (54.9%), overgrazing and expansion of pastureland 

(52.9%).  

Table 4.74: Land user’s perception of the direct causes of forest degradation. 

Perceived direct causes of forest 

degradation 

Percentage of 

repondents 

Chi-Square test 

No 

(N%) 

Yes 

(N%) 

χ2 df p-value 

Charcoal and firewood production  27.60% 72.40% 77.04 1 <0.001 

Agriculture expansion/shifting cultivation  34.90% 65.10% 35.04 1 <0.001 

Settlements expansion  68.80% 31.20% 54 1 <0.001 

Expansion of mining activities in forest 

land  

91.10% 8.90% 260.04 1 <0.001 

Bush and forest fire in forest land  79.70% 20.30% 135.38 1 <0.001 

Overgrazing and expansion of pastureland  47.10% 52.90% 1.26 1 0.262 

Land colonization by refugees since 1994 73.70% 26.30% 86.26 1 <0.001 

Timber harvesting /Forest logging  45.10% 54.90% 3.76 1 0.052 

Hunting due to the need for bushmeat  91.40% 8.60% 263.34 1 <0.001 

Development of infrastructures (roads)  91.10% 8.90% 260.04 1 <0.001 

As is evident in the results above, the number of people who identified settlement 

expansion, expansion of mining activities in forest land, unplanned bush and forest fire 

in forest land, land colonization by refugees since 1994, hunting due to the need for 

bush meat, and development of infrastructures (roads) as the direct cause of forest 

degradation were low compared to those who did not. These are perceived as the lowest 

drivers of forest degradation in this area. Figure 4.63 shows images of direct drivers of 

forest degradation observed during fieldwork.  
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Figure 4.63: Direct drivers of forest degradation in Kalehe territory.  

A. Pasture land expansion B. Timber logging C. Mining activities D. Fuel wood E. 

Slush and burn agriculture F. Charcoal production.  

Field findings from the study area as shown in Table 4.75 indicated that population 

growth (64.3%) due to immigrants, followed by poverty (57.8%), the increased demand 

for wood for charcoal production and firewood which constitute the main source of 

energy in Kalehe (55.7%), the lack of off-farm activities (53.6%) which led to the 

expansion of agricultural land through the slash and burning practices are perceived as 

the main indirect drivers of forest degradation. Table 4.75 shows the indirect causes of 

forest degradation as established from the field. 
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Table 4.75: Land user’s perception of the indirect cause of forest degradation. 

Perceived indirect causes of forest 

degradation 

Percentage of 

repondents 

Chi-Square test 

No (N%) Yes 

(N%) 

χ2 d

f 

p-

value 

Lack of off-farm activity  53.60% 46.40% 2.04 1 0.153 

Poverty  42.20% 57.80% 9.38 1 0.002 

Population growth  35.70% 64.30% 31.51 1 <0.00

1 

Poor access to alternative sources of 

energy  

76.30% 23.70% 106.26 1 <0.00

1 

Increased demand for wood  44.30% 55.70% 5.04 1 0.025 

Conflict, Rebellion, and political 

instability  

87.50% 12.50% 216.00 1 <0.00

1 

4.5.3.3. Consequences or indicators of forest degradation 

Respondents identified some consequences that occur in their territory and which 

constitute the indicators of forest degradation as can be seen in Table 4.76. Among them 

is the lack of firewood which has become far from the settlement (46.9%), the scarcity 

of non-timber products (16.7%) such as bush meat, mushrooms, honey, wild fruits, and 

wild vegetables, the lack of wood for construction, the loss of soil fertility (9.6%) 

leading to the decline in crop yield and the problem of erosion and landslide. It was 

determined that the indicators of forest degradation vary according to health zones (X-

squared = 45.296, df = 30, p-value = 0.03622) as illustrated in Table 4.76. 
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Table 4.76: Indicators of forest degradation in Kalehe territory. 

Indicators of forest 

degradation 

Health zones Territor

y 

Kalehe 

(N=82) 

Minova 

(N=121) 

Bunyakiri 

(N=103) 

Kalonge 

(N=78) 

Total 

(N=384) 

Scarcity of no forest timber 

prodduct 

26.8% 12.4% 12.6% 17.9% 16.7% 

Lack of firewood 36.6% 50.4% 50.5% 47.4% 46.9% 

Lack of wood for 

construction 

2.4% 12.4% 4.9% 7.7% 7.3% 

Floods 2.4% 3.3% 2.9% 2.6% 2.9% 

Depletion of water resources 1.2% 0.8% 1.9% 3.8% 1.8% 

Soil erosion and landslide 3.7% 6.6% 9.7% 3.8% 6.2% 

Change in rainfall pattern 6.1% 0.8% 1.0% 0.0% 1.8% 

Loss of soil fertility 13.4% 9.1% 9.7% 6.4% 9.6% 

Wild animals have been 

scarce 

3.7% 1.7% 4.9% 5.1% 3.6% 

Siltation of rivers 1.2% 2.5% 1.9% 3.8% 2.3% 

Deterioration of air quality 2.4% 0.0% 0.0% 1.3% 0.8% 

Chi-square test X-squared = 45.29, df = 30, p-value = 0.03622  

 

4.5.3.4. Perceived solution to reduce forest degradation 

To cope with the problem of forest degradation in Kalehe territory, the respondents 

proposed that priority should be focused on the improvement of agriculture productivity 

to limit the expansion of the slash and burn agriculture into forest land (24.0%), the 

promotion of tree planting through environmental education service (19.8%), the 

promotion and capacity building on alternative sources of livelihood to limit the 

expansion of agricultural activities into farmlands and to limit the pressure on forest 

ecosystem (14.6%), the sustainable use of forest resource through collaboration with 

local communities (14.1%), poverty eradication through the enabling access to financial 

resources to develop off farm activities (6.5%), law enforcement through their strict 

application to reduce corruption in forestry sector (6.2%), improvement of land 

ownership to avoid the land grabbing by immigrant and “man with power”, promote 

the accessibility to alternative source of energy and utilization of energy saving stove to 
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reduce the use of charcoal and firewood (2.9%),  control the unwanted forest fire due 

to slush and burn agriculture (2.6%) and protection of wildlife habitat (1.3%). This is 

properly illustrated by Table 4.77 which shows that the priority action for reduction of 

forest degradation depends on health zones (X-squared = 72.790, df = 30, p-

value<0.0001). For instance, in Kalehe zones, the most recommended actions are the 

tree planting and improvement of agricultural productivity while in Minova zone it is 

the tree planting, sustainable use of forest resource and improvement of sustainable use 

of forest resource. In Bunyakiri, the most recommended actions are the improvement 

of agricultural activities, the sustainable use of forest resource and the promotion of 

alternatives livelihoods activities. In Kalonge zones the improvement of agricultural 

activities and promotion of alternatives livelihoods activities are the most prominents 

options to reduce the forest degradation.  

Table 4.77: Perceived solution to reduce forest degradation in Kalehe territory. 

Prefered actions to reduce 

forest degradation 

Health zones Territory 

Kalehe 

(N=82) 

Minova 

(N=121) 

Bunyakiri 

(N=103) 

Kalonge 

(N=78) 

Total 

(N=384) 

Improve agriculture 

productivity 

19.5% 18.2% 22.3% 39.7% 24.0% 

Law enforcement 1.2% 5.8% 12.6% 3.8% 6.2% 

Promote tree planting 35.4% 25.6% 10.7% 6.4% 19.8% 

Sustainable use of forest 

ressource 

8.5% 19.0% 18.4% 6.4% 14.1% 

Use alternative source of 

energy 

3.7% 3.3% 3.9% 0.0% 2.9% 

Control forest fire 0.0% 3.3% 2.9% 3.8% 2.6% 

Improve ownership of the 

land 

2.4% 2.5% 4.9% 5.1% 3.6% 

Promote alternative 

livelibhood activities 

14.6% 10.7% 17.5% 16.7% 14.6% 

Poverty eradication 11.0% 6.6% 1.9% 7.7% 6.5% 

Protect the wildlife habitat 1.2% 0.8% 1.0% 2.6% 1.3% 

No response 2.4% 4.1% 3.9% 7.7% 4.4% 

Chi-square test X-squared = 72.790, df = 30, p-value<0.0001  
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4.5.4. Respondent's perception of soil erosion  

4.5.4.1. Perceived trend of soil erosion 

Erosion is perceived as a problem in Kalehe territory by 61.2% of respondent who has 

observed that the problem of erosion has increased compared to the last 10 years while 

it is not considered a problem by 38.8% of respondent who states that there is no change 

in the trend of erosion (13.0%) or the problem has decreased (25.8%) over the last 10 

years. These results are presented in Figure 4.64. The result of the chi-square test of 

independence as can be seen in Figure 4.64 shows that the perception of the trend of 

erosion over the last decade depends on the considered health zone in the Kalehe 

territory (X-squared = 30.448, df = 6, p-value = 3.23e-05).  

 

Figure 4.64: Barplot showing the respondent’s perception of the trend of erosion 

per health zone in Kalehe territory.  

The high perception of soil erosion is observed in Minova, Kalehe, and Kalonge where 

71.9%, 64.6 %, and 55.1% of respondents reported that the erosion problem has 

increased in their territory over the last decades while the lower perception of soil 
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erosion is observed in Bunyakiri where only 42.9 % perceived that the problem of 

erosion had increased (Figure 4.64).   

4.5.4.2. Indicators of erosion 

Different features of erosion were observed by the local communities and these findings 

are presented in Table 4.78.  

Table 4.78: Indicators of soil erosion in Kalehe territory. 

Indicators of soil erosion Health zones Territor

y 

Kalehe 

(N=82) 

Minova 

(N=121) 

Bunyakir

i (N=103) 

Kalonge 

(N=78) 

Total 

(N=384) 

Rills features 19.5% 28.9% 34.0% 16.7% 25.8% 

Gullies features 22.0% 28.9% 28.2% 30.8% 27.6% 

Landslide features 20.7% 23.1% 2.9% 9.0% 14.3% 

Deposits of soil in rivers 

banks 

4.9% 5.0% 7.8% 6.4% 6.0% 

Surficial soil loss 11.0% 3.3% 3.9% 2.6% 4.9% 

Change of soil coloration 8.5% 7.4% 11.7% 17.9% 10.9% 

Stones lines 1.2% 0.0% 2.9% 1.3% 1.3% 

Roots pedestral (exposition 

of roots due to erosion) 

1.2% 1.7% 3.9% 2.6% 2.3% 

Not aware 11.0% 1.7% 4.9% 12.8% 6.8% 

Chi-square test X-squared = 59.153, df = 24, p-value = 

8.405e-05 

 

As can be seen from the Table 4.78, the gullies (27.6%), rills (25.8%), landslides 

(14.3%), and changes in soil coloration due to the loss of topsoil (10.9%) are perceived 

as the predominant indicators of soil erosion in Kalehe territory. Furthermore, 6.0% of 

the respondent noted that the deposition of soil in river banks which leads to the change 

of coloration and siltation of rivers constitutes an indicator of soil erosion in their 

locality. 4.9%% of respondents noted that the slow but continuous surficial soil loss 

due to erosion which can be referred to as sheet erosion constitutes a slow but serious 

problem that leads to the degradation of their farmland. In addition, 2.3% of 

respondents noted that they can identify the erosion in their land when the roots of trees 

become exposed due to continuous soil loss while 1.3% indicated that the soil becomes 
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stony and the presence of stone lines in their plots is an indicator of soil erosion. Only 

6.8% of the respondent was not aware of the sign of erosion. This shows that the 

community has a good knowledge of the indicators of erosion in their locality and can 

monitor its trend over time. It was further established that there existed a dependency 

between the health zone and the observed erosion feature in the Kalehe territory (X-

squared = 59.153, df = 24, p-value = 8.405e-05) as can be seen in Table 4.78. Figure 

4.65 shows the erosion features observed from the field.  

 

Figure 4.65: Erosion features in Kalehe territory.  

A. Rills features B. Gullies C. Landslide in built-up area D. Landslide in pasture land.  

Sourceː Field observation 

4.5.4.3. LULC vulnerability to erosion 

It is evident from Table 4.79 that land cover types were perceived as not having the 

same vulnerability to soil erosion.  
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Table 4.79: Perception on land cover vulnerability to soil erosion. 

Most vulnerable LULC 

type to erosion 

Health zones Territory 

Kalehe 

(N=82) 

Minova 

(N=121) 

Bunyakiri 

(N=103) 

Kalong

e 

(N=78) 

Total 

(N=384) 

Grazing/Pasture land 3.7% 4.1% 4.9% 2.6% 3.9% 

Built up area 22.0% 26.4% 31.1% 32.1% 27.9% 

Cropland 45.1% 42.1% 49.5% 52.6% 46.9% 

Forest land 0.0% 0.0% 1.9% 1.3% 0.8% 

All type of land 29.3% 27.3% 12.6% 11.5% 20.6% 

Chi-square test X-squared = 19.46, df = 12, p-value = 0.07803  

It can be noted from the findings that cropland (46.9%) and built-up area (27.9%) are 

the most vulnerable while the forestland (0.8%) and grassland and shrub land (3.9%) 

are least vulnerable to erosion (Table 4.79). However, this perception of the 

vulnerability of LULC to erosion is independent of the health zone (X-squared = 19.46, 

df = 12, p-value = 0.07803). 

4.5.4.4. Perceived cause of erosion 

Soil erosion can be induced by natural factor and anthropogenic factors. Field findings 

presented in Table 4.80 shows 57% of respondents perceived the natural factors as the 

main drivers of erosion in the study area. 
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Table 4.80: Perceived cause of soil erosion in Kalehe territory.  

Main cause of erosion Health zones Territor

y 

Kalehe 

(N=82) 

Minova 

(N=121) 

Bunyakiri 

(N=103) 

Kalonge 

(N=78) 

Total 

(N=384) 

Nature of soil 8.5% 19.8% 12.6% 10.3% 13.5% 

Deforestation 18.3% 21.5% 6.8% 26.9% 18.0% 

Heavy rainfall 26.8% 19.0% 19.4% 19.2% 20.8% 

Steep slope 20.7% 18.2% 20.4% 15.4% 18.8% 

Runoff 0.0% 5.0% 6.8% 2.6% 3.9% 

Improper tillage 2.4% 2.5% 2.9% 10.3% 4.2% 

Livestock pressure and 

overgrasing 

0.0% 0.8% 7.8% 2.6% 2.9% 

Lack of conservation 

structures 

8.5% 7.4% 5.8% 12.8% 8.3% 

Improper farming 

(overcultivation) 

1.2% 2.5% 4.9% 0.0% 2.3% 

Not aware 1.2% 3.3% 12.6% 0.0% 4.7% 

Urbanisation 12.2% 0.0% 0.0% 0.0% 2.6% 

Chi-square test X-squared = 112.2, df = 30, p-value = 2.007e-11  

The finding further shows that physical factors such as heavy rainfall (20.8%), steep 

slopes (18.8%), and anthropogenic factors such as deforestation (18.0%) are the main 

causes of soil erosion as perceived by local communities. People are also aware that the 

lack of conservation infrastructure and improper tillage are factors that exacerbate the 

problem of erosion in the locality. Only 4.7% of respondents are not aware of the cause 

of erosion in the Kalehe territory. It was additionally determined that there is a 

dependence between the perception of the cause of erosion and the health zone in the 

Kalehe territory (X-squared = 112.2, df = 30, p-value = 2.007e-11) as can be seen in 

Table 4.80.  

4.5.4.5. Main consequences/Effect of erosion 

Soil erosion has many consequences which affect the community and the environment. 

The result of this survey as has been presented in Table 4.81 indicates that respondents 

perceived erosion as having an adverse impact on farmland. Some of the effects of this 

as reported include: that soil erosion affects their farmland by decreasing the land 
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productivity (33.3%), contributing to the loss of soil fertility (20.1%), contributing to 

the soil loss from farmland (14,1%), reduces size of farmland plot (8.3%) and the depth 

of arable soil (7.3%). All these consequences are interrelated as the loss of topsoil due 

to erosion lead to a decrease in soil fertility and loss of nutrient in the soil. In 

consequence, the nutrient is not available to the crop, leading to a decrease in land 

productivity. The land user perceived that the erosion contributes to the degradation of 

stream water quality as the sediment load in the river increases, thus contributing to the 

siltation of the river and change of water color or increasing the turbidity of water in 

the stream. This has a direct impact on the livelihood of people who use the water river 

for bathing and livestock consumption. The consequences of erosion are also felt in the 

settlements where soil erosion contributes to the destruction of infrastructure such as 

houses. People perceived that the flooding was also a consequence of water erosion in 

their locality.  Findings presented in Table 4.81 further revealed that the perception of 

consequences in the Kalehe territory depends on the health zone (X-squared = 60.931, 

df = 27, p-value = 0.0001989).   
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Table 4.81: Perceived consequences of soil erosion in Kalehe territory. 

Main consequences/Effect of 

erosion 

Health zones Territo

ry 

Kalehe 

(N=82) 

Minova 

(N=121) 

Bunyakir

i (N=103) 

Kalong

e 

(N=78) 

Total 

(N=384

) 

Soil loss from farmland 15.9% 18.2% 9.7% 11.5% 14.1% 

loss of fertility 8.5% 17.4% 16.5% 41.0% 20.1% 

Decrease in productivity of the 

land 

36.6% 29.8% 41.7% 24.4% 33.3% 

Reduction of soil depth (shallow 

soil depth) 

11.0% 9.9% 4.9% 2.6% 7.3% 

Decrease quality of stream water 

(waterlogging, siltation of rivers) 

3.7% 6.6% 9.7% 7.7% 6.2% 

Soil become coarser and stony 3.7% 4.1% 1.9% 0.0% 2.6% 

Reduction of farm plots size 12.2% 7.4% 9.7% 3.8% 8.3% 

flooding 2.4% 3.3% 2.9% 0.0% 2.3% 

Destruction of infrastructure and 

habitation 

6.1% 2.5% 1.0% 3.8% 3.9% 

Not aware 0.0% 0.8% 1.9% 5.1% 1.8% 

Chi-square test X-squared = 60.931, df = 27, p-value = 

0.00019 

 

 

4.5.5. Respondent's perception of the adoption of conservation measures   

4.5.5.1. Status of adoption of soil and water conservation measures 

The adoption of soil and water conservation practices to cope with the problem of 

erosion in the Kalehe territory is low. Findings presented in Figure 4.66 show that only 

43.0% of the respondents have adopted at least one conservation measure to cope with 

the problem of erosion.  
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Figure 4.66: Barplot showing the respondent’s adoption of soil and water 

conservation measures to cope with the problem of erosion in Kalehe territory.  

At the health zone level, the percentage of adoption of conservation measures is 60.3% 

in Minova, 59.2% in Bunyakiri, 58.5% in Kalehe, and 47.4% in Kalonge (Figure 4.66), 

However, the Pearson's Chi-squared test of independence shows that the adoption of 

conservation practices does not depend on the health zone (X-squared = 3.7458, df = 3, 

p-value = 0.2902). To cope with the problem of erosion, physical and agronomic 

conservation practices can be adopted. In the Kalehe territory, only the trenches and 

drainage ditches are physical conservation measures adopted by 17.2% of the 

respondents, and other physical measures such as terracing were not adopted as can be 

seen in Table 4.82.  
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Table 4.82: Adopted soil and water conservation measures in Kalehe territory. 

Conservation measures Percentage of repondents Chi-Square test 

No (N%) Yes (N%) χ2 df p-value 

Agroforestry and tree planting 79.90% 20.10% 137.76 1 <0.001 

Vegetative cover/mulching 70.30% 29.70% 63.38 1 <0.001 

Grassed bounds/ Brushwood fence  89.30% 10.70% 237.51 1 <0.001 

Trenches and drainage ditches  82.80% 17.20% 165.38 1 <0.001 

Weeding/fallow  65.90% 34.10% 38.76 1 <0.001 

Intercropping/Multiple cropping  73.20% 26.80% 82.51 1 <0.001 

Crop rotation  87.80% 12.20% 219.01 1 <0.001 

At least one conservation 57.00% 43.00% 7.59 1 0.006 

In Kalehe territory, people implement drainage ditches at the border of their plots to 

delineate the limit of their plots and to prevent the livestock from accessing the crop. 

However, these trenches are also important as they prevent the runoff from reaching 

the farmland and constitute conservation measures. It is also found that the main 

agronomic practices that are applied are fallow (34.10% of adoption), mulching (29.70% 

of adoption), and intercropping (26.80% of adoption). The fallow is mainly applied to 

recover the soil fertility but people indicated that the fallow land is less vulnerable to 

soil erosion compared to active cropland. The mulching is mostly applied to conserve 

the humidity of the soil during the dry season. That is the primary motivation indicated 

by the community. Intercropping and crop rotation are also used to improve the 

productivity of the land. Agroforestry and tree planting are implemented by only 20.1% 

of the respondents. They indicated that their motivation for tree planting is to delineate 

their land, have a supplement source of fuel wood, and contribute to the reduction of 

erosion in marginal land. People did not recognize the importance of agroforestry in the 

improvement of soil fertility rather they planted trees mostly to have firewood or to 

mark the limit of their farmland plots. The grassland bund is applied by only 10.7% of 

respondents who consider it as an option to reduce the runoff in their farmland and 

prevent erosion. Other people noted that their main motivation to implement the grass-
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bound fence at the border of their plot is to demarcate the limit of their land and to 

prevent the livestock from consuming their crops. The Figure 4.67 presents the soil and 

water conservation practices observed from the field.  

 

Figure 4.67: Adopted soil and water conservation measures in Kalehe territory.  

Key: A and D. Trench and drainage ditches B. Brushwood fence C. Grassed bounds E. 

Agroforestry.  

4.5.5.2. Determinant of adoption of conservation measures 

In order to identify the factors that influence the decision of farmers to adopt the soil 

and water conservation practices, the logistic regression model was used. In this model, 

the adoption of soil and water conservation was used as the dependent variable 

(adoption=1, non-adoption=0), and the socio-economic characteristics as independent 

variables. The result of a logistic regression model, including the regression coefficient 

(B), the Wald test, the standard error (SE), and the significance levels (p-value) are 

presented in Table 4.83.  
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Table 4.83: Logistic regression model estimates for adoption conservation 

measures to cope with land degradation in Kalehe territory. 

Variables β S.E. Wald Sig. Exp(β) 

Age (AGE) -0.515 0.225 5.247 0.022* 0.598 

Sex (SEX) 0.263 0.255 1.059 0.303 1.300 

Marital status (MAR) -0.151 0.270 0.314 0.575 0.860 

Household size (HSIZE) 0.377 0.179 4.429 0.035* 1.457 

Main activity (ACTIVITY) -0.159 0.151 1.107 0.293 .853 

Education (EDUC) 0.343 0.143 5.778 0.016* 1.410 

Stayed period (RESIDENCY) -0.419 0.193 4.705 0.030* 0.658 

Farmland size (FSIZE) -0.047 0.172 0.075 0.785 0.954 

Distance to farmland (FDIST) -0.294 0.148 3.938 0.047* 0.746 

Land ownership (TENURE) -0.179 0.143 1.556 0.212 0.836 

Farming seniority (FEXPER) 0.475 0.148 10.235 0.001** 1.608 

Slope of farmland (SLOPE) 0.432 0.165 6.851 0.009** 1.540 

Farmland productivity (FPROD) -0.014 0.150 0.009 0.926 0.986 

Participation in training (TRAINING) 2.307 0.425 29.540 0.000** 10.049 

Constant -0.648 0.529 1.501 0.221 0.523 

Model chi-square (χ2) 97.031     

Model Nagelkerke R2 0.30     

Model correct prediction 70.6%     

β: Estimated coefficient; SE: Standard error; R2: Coefficient of determination; Exp(B): odds 

ratio, R2: Coefficient of determination.  *, ** significant at 5% and 1% level of significance, 

respectively.  

Regarding the performance of the developed model, the outputs of the Omnibus 

likelihood ratio test statistic indicated that the chi-square (χ2) exceeds the critical value 

(97.031) at p-value < 0.001 with 15 degrees of freedom, suggesting a good fitness of the 

model. The success of the overall prediction indicated that the nine determinant 

variables have sufficiently explained the land user adoption of conservation practices 

with a correct prediction value of 70.6%.  Correctly predicted adopters and no adopters 

of the model are 72.1% and 64.8%, respectively. The model explained 30.6% 

(Nagelkerke R2=0.306) of the variation in the adoption of conservation practices.  
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The results from the above Table 4.83 reveal that the size of the household (p=0.035), 

the education level (p=0.016), participation in training in soil and water conservation 

(p=0.017), farming seniority (0.001), the slope of farmland (p=0.009) are the factors 

that positively influence the adoption of conservation measures while the age 

(p=0.022), stayed period in the territory (p=0.030), distance to farmland (p=0.047), are 

the factors that negatively affect the adoption of soil and water conservation in the 

Kalehe territory. These factors and their influence on the decision of farmers to adopt 

conservation practices are presented in Figure 4.68. 

 

Figure 4.68: Barplot showing the determinant factors of adoption of soils and 

water conservation (SWC) practices in Kalehe territory.  
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Age and residency period negatively influence the adoption of conservation practices 

but the farming seniority positively influences the adoption of conservation practices 

(Table 4.83). Indeed, field data demonstrated that 59.6%, 57.7%, and 49.2% of people 

with ages ranging from 20 to 30 years, 30 to 30 years, and more than 30 years adopted 

the soil and water conservation measures (Figure 4.68). Furthermore, it was found that 

58.1% of people who have a residency period between 10 and 20 years, 59.4% of those 

with a residency period between 20 and 30 years adopted the conservation measures 

while only 51.6% of those who stayed in the area for more than 30 years adopted the 

conservation measures (Figure 4.68). However, people with farming seniority of 20 to 

30 years (64.6%) and those with more than 30 years (58.3%) of farming experience 

were the highest adopters of conservation measures while people with farming seniority 

of less than 10 years (50.0%) were not among the least adopters of conservation 

measures (Figure 4.68). Then for the same group age, the adoption of conservation 

practices depends on the years of experience in farming. A senior farmer is more likely 

to adopt conservation practices by 1.6 times more than junior farmers (Table 4.85). 

Furthermore, the finding of this study reveals that the adoption of conservation practices 

increases with the size of the household as 66.1% of households with more than 10 

people adopted the conservation measures while only 49.7% of those with 5 to 10 

people adopted these measures (Figure 4.68). The value of the odds ratio shows that, if 

other factors remain constant, the likelihood of the land user adopting the conservation 

practices increases by 1.5 times when the size of the household increases from less than 

5 individuals to more than 10 individuals (Table 4.83). The education level of the 

household head also increases the likelihood of the adoption of conservation measures. 

According to the value of the odds ratio, if other factors remain constant, the likelihood 

of adoption of conservation practices is 1.4 times higher for the literate than the illiterate 
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(Table 4.83). This is illustrated by the fact that 85.7% of people who have a tertiary 

level of education, and 75.2% of those with a secondary level of education adopted the 

conservation measures in their farmlands while only 47.3% and 46.7% of those with a 

primary level of education and illiterate, respectively adopted the conservation 

measures (Figure 4.68). Similarly, land user participation in training on conservation 

practices has a positive impact on the adoption of soil and water conservation practices. 

Being trained in conservation practice increases the likelihood of adoption of 

conservation measures by 10 times (Table 4.83). As illustrated in the Figure 4.68 above, 

90.2% of people who participated in training about the implementation of conservation 

measures have adopted them whereas 48.0% of those who did not have access to 

extension services implemented the soil and water conservation measures in their 

farmland (Figure 4.68). Moreover, the slope of the land also positively influences this 

adoption. People with farmland on steep slopes (64.2%) are more likely to adopt the 

conservation practices compared to those with farmland on gentle slopes (56.9%) and 

flat areas (34.4%) as illustrated in Figure 4.68. Other factors such as the distance to 

farmland negatively influence the adoption of conservation measures. People who have 

a travel time of less than 30 minutes (59.8%) and those with a travel time between 30 

and 60 minutes (64.8%) between the home and the farmland were among the highest 

adopters of conservation measures while those with a travel time of more than 60 

minutes (50.8%) were among the least adopters of conservations measures.    

4.5.5.3. Challenges for the adoption of soil and water conservation 

It was established that different factors can explain the low adoption of conservation 

practices in the Kalehe territory. Among them, the lack of training (34.4%) and lack of 

technical support (17.7%) are the most dominant as illustrated in Table 4.84.  
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Table 4.84: Challenges for the adoption of soil and water conservation. 

Challenges for adoption of 

soil and water conservation 

Health zones Territory 

Kalehe 

(N=82) 

Minova 

(N=121

) 

Bunyakiri 

(N=103) 

Kalonge 

(N=78) 

Total 

(N=384) 

Requires investment (money, 

equipment) 

11.0% 24.0% 10.7% 6.4% 14.1% 

Requires more labour (work) 12.2% 8.3% 10.7% 25.6% 13.3% 

Lack of technical support 18.3% 9.9% 25.2% 19.2% 17.7% 

Reduced cropland (Small 

land size) 

12.2% 9.9% 5.8% 3.8% 8.1% 

Lack of training (Not familiar 

with the technique) 

31.7% 31.4% 36.9% 38.5% 34.4% 

Technique not allowed in 

rented plot 

11.0% 11.6% 8.7% 5.1% 9.4% 

Large distance from the 

house to the plot 

3.7% 5.0% 1.9% 1.3% 3.1% 

Chi-square test X-squared = 43.245, df = 18, p-value = 

0.000739 

 

Another constraint is financial as 14.1% indicated that they are aware of the techniques 

but they lack financial support to implement the conservation practices. Another 

constraint is related to land tenure issues in the area. Some techniques like tree planting 

and the grass-bound fence were not allowed in the rented plot as reported by 9.4% of 

respondents. Field findings further (Table 4.84) showed that there existed a dependency 

between the challenges for the adoption of conservation practices and the health zone 

in the Kalehe territory (X-squared = 43.245, df = 18, p-value = 0.0007388).  
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CHAPTER FIVE                                                                                             

DISCUSSION 

5.1. Introduction  

The chapter discusses the results of the study about both the specific objectives and 

theoretical background of the study. Thus, it presents the discussion of the findings on 

the LULC dynamics, the land productivity dynamics, the ecosystem service dynamics, 

and the soil erosion dynamics as a proxy of land degradation in the study area. It further 

discusses the application of the GIS-based AHP for land degradation vulnerability 

modeling, the adaptative land use planning to the land capability in response to land 

degradation, the determinants of community perception and adoption of conservation 

practices. Finally, the findings resulting from field observation, remote sensing, spatial 

modeling, and community perception are integrated into the DPSIR framework to 

suggest relevant strategies for mitigating land degradation in Eastern DR Congo.  

5.2. LULC change dynamic and its implication on land degradation  

5.2.1. Uncertainty of the LULC classification 

The LULC maps were derived from the classification of annual Landsat image 

composites which are appropriate for areas characterized by high cloud coverages in 

Central Africa (Basnet & Vodace, 2015). The overall classification accuracy of 

classified images which was attained is 82.41%, 83.67%, and 85.71% for the years 

1987, 2002, and 2020 respectively. The land use map of the year 2020, exceeds the 

standard overall classification accuracy level of 85% which is generally used 

(Anderson, 1976; Foody, 2012). However, the overall accuracy of the LULC maps of 

the year 1987 and 2002 fall below this threshold. The low overall accuracy of the 

classified images of 1987 is associated with the low user accuracy of cropland 

(68.42%,) and grassland (64.21%,) as well as its producer accuracy of 62.89%. The 
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uncertainty in the classification of cropland can be associated with the fact that the study 

area is dominated by smallholder farmer who practices their activities on less than 1ha 

of land. Considering the coarse spatial resolution of the Landsat data (30 by 30 meters), 

a misclassification of some land use classes that are smaller than the pixel size may 

occur. Furthermore, the grassland and some croplands within the  Eastern DR Congo 

region may have similar reflectance characteristics, which could potentially result in 

the misclassification of these two classes. The remaining LULC classes, including 

forestland, built-up land and shrubland have individual user and producer accuracy 

which exceeds the threshold of 70% (Thomlinson et al., 1999; Foody, 2012). These 

findings signify a good agreement with field observation, thereby substantiating the 

reliability of the classification system.  Despite the uncertainty in the classification, the 

value of overall accuracy of the LULC maps which exceeds 80% is generally 

considered acceptable. Furthermore, all the classified Landsat images have a Kappa 

index values ranging from 0.80 to 0.83. In reference to the classification proposed by 

Monserud (1990), a Kappa value ranging between 0.70 and 0.85 indicates a very good 

agreement between the field observation and the classified images. In order to improve 

the accuracy of classification, future studies on LULC dynamics in Eastern DR Congo 

should take into consideration the utilisation of high-resolution satellite images such as 

Sentinel, QuickBird, IKONOS, or SPOT.   

5.2.2. Historic trends in LULC changes 

The LULC trend analysis shows spatial and temporal changes through the period of 

analysis.  The study reveals that in the 1987-2020 period, forest land, grassland, and 

wetland have declined in area coverage, while agricultural land and built-up land have 

been increasing. These observations are consistent with other LULC dynamics studies 

which was carried out in other parts of the DR Congo which show that deforestation, 
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expansion of smallholder agriculture, and built-up expansion are among the main 

proximate drivers of land use changes in this country (Bamba, 2010; Ciza et al., 2015, 

Molinario et al., 2020, Shapiro et al., 2021). It was also found that the forest land has 

the largest surface cover over the 1987-2020 period. However, this land cover shows a 

declining trend, from 56.25% in 1987 to 47.02% in 2020. This corresponds to an annual 

rate of deforestation of 0.50% per year which is higher than the national estimated rate 

ranging from 0.2% to 0.3% per year (Kengoum et al., 2020). Furthermore, deforestation 

increased from 0.15% per year (7.95km2/year) during the 1987-2002 period to 0.36% 

(14.66km2/year) per year between 2002-2020, indicating that the pressure on the forest 

ecosystem has been increasing over time. The decreasing of forest land is associated 

with the expansion of shrubland, cropland, and built-up land.  

Shrubland constitutes the second most prevalent land use category in the study area. Its 

surfaces increased from 24.56% in 1987 to 28.41% in 2002 and 31.43% in 2020. The 

increment of shrubland was concomitant to the expansion of forest land, cropland, and 

wetland. In this region, people practice slash and burning agriculture and when the 

farmland becomes unproductive, local farmers tend to abandon in favor of other area, 

especially forest land and old fallows. These lands are perceived as fertile by local 

farmers and are often choosen as agricultural endeavors. The majority of the shrubland 

observed in this territory is composed by old fallows that were abandoned by the farmer 

and where natural regeneration took place. On the other hand, agriculture constitutes 

the main economic activity that contributes to the livelihoods of local communities in 

Eastern DR Congo but it is recognized as one of the main drivers of deforestation in 

DR Congo (Molinario et al., 2020, Shapiro et al., 2021).  
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During the 1987-2020 period, the agricultural area underwent significant expansion, 

increasing from 3.2% to 7.54%. This growth exhibited with an annual increasing rate 

of 5.68km2/year or 4.53%/year. The expansion of agriculture led to the encroachment 

of forestland, shrubland (old fallows), grassland, and wetland which were subsequently 

drained for cash crop production purposes.  In addition, the settlements presents an 

upward, increasing from 1.89% to 9.36% with an annual growth rate of 11.96%/year or 

9.40km2/year. This consistent increase in both cropland areas and settlement areas is 

related to the fact that LULC changes are associated with population growth. This 

region has been subjected to demographic changes with an increase in population since 

1994 with the arrival of Rwandan refugees in search of land for agriculture and pasture 

for livestock. Consequently, there was encroachment of forest land to the benefit of 

anthropogenic activities. Furthermore, with the boom of artisanal activities in this 

territory, the mineral wealth and the reputed fertile soil of this territory have attracted 

people. In addition to that, the high plateau of this region contains pastureland which 

attracts pastoralists for livestock keeping. This region has an annual population growth 

rate of 3.3%, characterised by a high population density reaching 300 inhabitants/km2. 

In contrast, the western part of the country exhibits a density of around 30 

inhabitants/km2 (Ngeleza, 2012). This ever-increasing population implies that there is 

an increasing demand for products and services to meet the needs of this population. 

Furthermore, there is a correlation between deforestation and population growth in DR 

Congo (Tyukavina et al. 2018).  

5.2.3. Future trend of LULC changes 

The LULC changes projections under the business-as-usual (BAU) scenario portrayed 

how the future LULC will occur if the past trend continues. Under this scenario, the 

projected land use pattern indicates that forest land would continue to dominate the land 
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cover with 41.31% in 2030 but it will decrease to 41.20% in 2050 and 38.16% in 2070. 

These results show that DR Congo will not achieve its REDD+ commitment to 

stabilizing its forest cover to 63.5% at the national level by 2030 (Kengoum et al., 

2020). Overall, the LULC projection suggests that the expansion of development 

activities (cropland and built-up) would continue at the expanses of forest land even in 

the protected area. Thus, land use conflicts are likely to occur in the future due to an 

incompatible interest among the land user’s stakeholders in this region. Furthermore, 

the decreasing forest cover will result in the fragmentation of species' habitats, this 

situation can lead to human-wildlife conflicts and constitutes a threat to the biodiversity 

of this region. In addition to that, there is a correlation between deforestation and the 

rate of erosion in the Kivu region (Karamage et al., 2016). The Deforestation combined 

with the expansion of cropland which is the greatest contributor to soil loss by erosion 

in this area could result in the recrudescence of erosion problems, siltation of rivers, 

and sediment loads into the aquatic ecosystem. The projected LULC maps show the 

areas where deforestation, urban expansion, and cropland expansion are likely to occur.   

5.2.4. Spatial pattern of underlying drivers of LULC change 

The understanding of LULC changes dynamics and theirs underlying drivers is 

important to design sustainable land management strategies (Opiyo et al., 2022). The 

analysis of the spatial relation between the underling drivers and the majors LULC 

changes observed in the study area demonstrated that the slope, altitude, soil type, 

population density, proximity to the road, proximity to artisanal mining, proximity to 

the locality, and conservation zoning are the major underlying drivers of LULC changes 

in the Kalehe territory.  However, the drivers of LULC changes varied across specific 

LULC changes. For instance, the susceptibility to deforestation is mainly determined 

by factors such as the conservation zoning, the proximity to roads, the proximity to 
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artisanal mining, the population density, and soil type. In contrast, the expansion of 

cropland is contingent upon the slope gradient, the slope aspect, the distance to 

localities, the distance to artisanal mining and conservation zoning, while the built-up 

land expansion is determined by the altitude gradient, the soil type, the population 

density, the proximity to road networks, and the conservation zoning.  

The implementation of conservation zoning measures through the implementation of 

the National Park of Kahuzi-Biega and the Forest Reserve of Sud-Masisi) has a negative 

influence on deforestation occurrence. However, the increased accessibility to the 

major’s infrastructures and communities’ agglomerations (villages) has been found to 

increase the level of deforestation. Furthermore, the proximity to artisanal mining sites 

increases the risk of deforestation whereas the zoning of mining concession has no 

significant effect on deforestation. This observation is in line with the assumption 

posited by Geist & Lambin (2001) that socio-economics factors are the prominent 

underlying drivers of tropical deforestation. The deforestation pattern is also influenced 

by the soil type. For instance, deforestation is high on happlic acrisols compared to 

humic cambisols and the humic ferrasols. Conversely, the topographic variables such 

as altitude, slope gradient, and aspect have been observed to be positively associated 

with deforestation but this relation is not statisticaly significant.  

The expansion of built-up areas expands more in areas that are characterized by high 

altitudes. Although the slope does not significantly influence this expansion, it has a 

negative effect on the expansion of the built-up area. The soil type has also a positive 

effect on this expansion. It is the most important factor affecting the expansion of the 

built-up area with an odd ratio of 2.3 indicating that the expansion of the settlements is 

likely to occur 2.3 times on happy acrisols compared to humic cambisols and the humic 
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ferrasols. The population density also influences positively the expansion of 

settlements. This situation can be illustred the observation that the built-up area has 

increased at a greater rate in regions characterized by high population density. The 

proliferation of artisanal mining sites in the territory have favored the expansion of 

settlement around the mining sites. This pattern is also evident in the context of road 

network, where the settlement expansion is more likely to occur in areas close to road 

networks compared to areas that are distant from them. However, the presence of 

conservation zoning has a negative affects on the occurrence of built-up area expansion 

in the study area.    

The expansion of cropland during the 1987-2020 period was found to be positively 

influenced by the slope gradient. During this period, the cropland underwent an 

expansion to areas characterized by a high slope gradient. Indeed, due to the scarcity of 

land and the competition for land resources in the study area, there is an expansion of 

cropland activities in marginal areas which are subject to erosion and landslides. The 

insolation has also an influence on cropland expansion as evidenced by the slope aspect 

which significantly influences the expansion of cropland in this area. With regards to 

the proximity factors, it has been established that the expansion of cropland is 

influenced by the proximity to the market which can be considered as a proxy for 

transportation costs (Serneels & Lambin, 2001). The present study found that the 

distance to localities is a determining factor of cropland expansion. The results show 

that cropland has a high probability of expansion in the vicinity of a locality or village. 

The distance to artisanal mining sites exhibits the same pattern. These results are in 

adequation with the assumption that the cropland is likely to expand further from the 

market center into rural areas (Kipkulei et al., 2022). However, conservation zoning 
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has a negative influence on the expansion of cropland in the study area due to the 

restriction on practices of agricultural activities in these areas.  

The expansion of shrubland depends on topographic factors such as altitude and slope 

aspects. The altitude has a negative influence on this expansion whereas the slope 

aspect influences it positively. The probability of occurrence of shrub land expansion 

is high at low altitudes compared to high altitudes in the study area. Soil type constitutes 

an additional biophysical factor that influences this expansion. The expansion of 

shrubland is more probale on haplic acrisol than in humic cambisols and ferasols. The 

distance to roads has been demonstrated to positively influences this occurrence. The 

probability of expansion is directly proportional to the distance from rivers. However, 

a divergent pattern emerges for proximate drivers, such as the distance to road networks 

and distances to artisanal mining sites. The presence of shrub land expansion is 

particularly notable in close proximity to road networks and artisanal mining sites. 

A thorough evaluation of the performance of the best fitted models indicated that the 

AUC has an overall value of 0.746 for the deforestation model, 0.82 for the built-up 

area expansion model, 0.813 for the cropland expansion model, and 0.685 for the 

shrubland expansion model. All the developed models have AUC values that are 

significantly different from 0.5 (p-value<0.001), thereby indicating that the model 

performs better than the chance (Hossein, 2019) in discriminating the area where there 

is LULC change from those characterized by no change. In addition to that, the 

percentage of accurate predictions of the best-fitted model which indicates the 

percentage of corrected predicted points from the total of points considered in the 

sample was 87.9% for the deforestation model, 86.2% for the built-up expansion model, 

95.1% for the cropland expansion model and 80.1% for the shrubland expansion model. 
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All the developed models exhibit a percentage of correct prediction that exceeds 50% 

indicating the outcomes predicted by the model are accurate.   

The pseudo-R-square (measured with the Nagelkerke R²) indicated that the 

deforestation model explained betweem 17.5% and 18.3% of the variability of forest 

conversion. In contraste, the built-up expansion model accounted for 28.2% and 29.0% 

of the variability. On the other hand, the cropland expansion model explained between 

19.3% and 21.9% of the observed variability while only 16.7% to 18.2% of variability 

was explained in the shrubland expansion model. Thus, the variability of LULC 

changes vary between 16.7% for the weakest model and 29.0% for the best-performing 

model. The low explanatory power of the developed models can be associated with the 

fact that many drivers that can explain the LULC changes were not incorporated into 

the model due to a lack of spatial data. For instance, the cultural drivers (public 

attitudes, values, and beliefs), institutional drivers (change in land use tenure, policy 

change), technological factors (technological level of farmers, Agro-technological 

changes, net agricultural trade per capita, percentage of agricultural production 

exported, agro-technological changes, use of bioenergy), demographic drivers 

(population growth or density, urban population growth, rural population growth, 

migration), economic drivers (GDP per capita, annual income or GDP growth, market 

growth, poverty, accessibility to markets, distance to roads, distance to urban centers, 

distance to rivers, travel time center) and biophysical drivers (elevation, aspect, 

curvature, soil type, soil quality, soil pH, soil CEC, average humidity, rainfall), 

temperature, geological units, degree of erosion, topographic wetness index)  may 

explain the variability of LULC conversion. However, some drivers were not 

incorporated into the models due to the absence of spatial data. In particular, there is an 

interaction between the cultural, political, and economic drivers that influence each 
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other, and is difficult to capture this interaction in the models (Geist & Lambin, 2001). 

Furthermore, the influence of underlying drivers of LULC change is scale-dependent 

(Birhanu et al., 2021). However, the assessment of the effect of spatial scale on the 

relationship between LULC changes and their drivers goes beyond the scope of this 

study. Further study should assess the impact of the scale on the performance of the 

model and include the LULC change models by including the potential drivers that 

were not included in this analysis.  

5.2.5. Implications of LULC changes on land cover degradation 

LULC change is recognized as an indicator of land cover degradation arising from 

anthropogenic activities (Bär et al., 2023). In the Kalehe territory, there are substantive 

LULC changes that contributed to the loss of green covers such as forest land and 

grassland as well as the encroachment of wetland at the expanse of anthropogenic land 

use such as built-up land expansion and cropland expansion. Indeed, during the 1987-

2020 period, the highest net area which increased in Kalehe territory were built-up area 

(349.82km2), shrubland (285.27km2), and cropland (187.56km2) while the highest net 

losers were forestland (383.17km2), grassland (315.29km2) and wetland (75.18km2). 

Using the LULC change as an indicator of land degradation, it was found that, between 

1987 and 2020, about 34.17% (1424.79km2) of the study area was subjected to land 

cover degradation and compared to the baseline situation of 2020, it is projected that 

28.28% of the land would be degraded in 2030, 27.28% in 2050, and 33.65% in 2050 

if the past trend of land use change continues in the future. This land cover degradation 

depicts the areas that are vulnerable to adverse processes such as erosion, loss of 

biodiversity, and other ecological disasters due to the loss of green cover. In particular, 

the degradation of forest ecosystems can have adverse impacts on the livelihood of the 

population, biodiversity, and climate (Shapiro et al. 2021).  when there is a 
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transformation of undisturbed land such as natural forest into more intensive land use 

such as farming, grazing and timber harvesting, a loss of biodiversity is likely to occurs 

(Semenchuk et al., 2022). Furthermore, the expansion of cropland associated with the 

increase in food demands contributes to the overexploitation of fragile ecosystems 

leading to the propagation of land degradation and loss of natural diversity (Kipkulei et 

al., 2022). In the study area, the adverse impact of land cover degradation is already 

felt by local communities. Such impacts include the scarcity of basic forestry products 

such as fuel wood, charcoal, and timber, and no forest timber products such as 

mushrooms, fruits, and medicinal plants. The disturbance of the natural ecosystem due 

to LULC change have also the potential to reduce carbon sinks; accelerate surface water 

runoff and soil erosion; to contribute to the disruption of the water cycle, essentially the 

groundwater recharge and discharge. This demonstrates that there is a need to 

implement sustainable land use management planning. In this perspective, planning for 

land degradation neutrality (LDN) implies avoiding, reducing, and reversing land 

degradation (Cowie et al., 2018). In this context, to achieve the LDN target, the 

implementation of sustainable management practices is important to reduce ongoing 

degradation and reverse past degradation through restoration and rehabilitation 

practices in the land already degraded. Currently, this degraded land which needs the 

rehabilitation of green cover represents 34.17% (1424.79km2) of the territory. In 

addition, it is necessary to avoid degradation in the land which are not degrading (stable 

land) which represents 58.72% (2448.25km2) of the territory. Therefore, it is necessary 

to determine the parts of the territory which have a high likelihood of occurrence of 

land cover degradation. The model of land degradation susceptibility can help to 

identify the areas that have a high probability of degradation and where the intervention 

should be priories to prevent the degradation. In this study, a logistic regression model 
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was developed to map the area with high susceptibility to land cover degradation by 

considering a set of biophysical and socio-economic factors as independent variables. 

Considering the occurrence of land cover degradation between 1987 and 2020, the 

model reveals that the odds of land cover degradation increased at high altitudes, in 

mining concessions, in areas close to locality, rivers, roads, and artisanal mining sites, 

and in areas characterized by high-density of population but the probability of land 

cover degradation diminishes in conservation zones. These variables significatively 

influence the susceptibility of land cover degradation and explain 41.50% of the 

variability.  Considering the underlying drivers of land cover degradation identified in 

the context of this study, conservation efforts should be focused on the high-altitude 

zones, the area close to artisanal mining sites, rivers, and roads which are more 

vulnerable to land cover degradation. Furthermore, the highest susceptibility to land 

cover degradation was found in the mining concession indicating the necessity for the 

restoration of degraded land in those areas. These results are consistent with the fact 

that, land cover degradation is caused by a synergy of natural and anthropogenic factors 

(Vu et al., 2014).   

The results of this study indicate that the LULC changes in Kalehe territory are a 

complex and dynamic process that is driven by multiple factors including the 

biophysical, conservation, population, and accessibility factors that vary spatially and 

temporally. The quantification of this dynamic and its causes can help to inform 

relevant land use policy. Therefore, policy interventions need to target both the indirect 

and direct drivers of LULC, their spatial and temporal variations, and consider the 

interactions and feedback among these factors and their impacts on the environment 

and society. The results also show that the prominent LULC changes are deforestation, 

built-up area expansion, cropland expansion, and shrubland expansion. These changes 
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have potential impacts on the ecosystem services, biodiversity, carbon stocks, erosion, 

and greenhouse gas emissions in this region. Therefore, policymakers should design 

and implement land use management policies that take into account the drivers and 

patterns of LULC changes at the territorial level in Eastern DR Congo. These policies 

should aim to promote sustainable land use practices that balance the socio-economic 

needs of the local communities and the environmental conservation objectives. One of 

the possible policy options is to implement REDD+ (Reducing Emissions from 

Deforestation and Forest Degradation) programs. REDD+ is a global mechanism that 

provides financial incentives for developing countries to reduce greenhouse gas 

emissions from deforestation and forest degradation, and to enhance forest carbon 

stocks. REDD+ can help to conserve the forest resources, biodiversity, and ecosystem 

services in Kalehe territory, as well as to improve the livelihoods of forest-dependent 

communities through benefit-sharing arrangements. REDD+ can also contribute to 

achieving the SDGs (Sustainable Development Goals) related to poverty reduction, 

food security, climate action, and environmental protection. However, the 

implementation of REDD+ faces several challenges in this region, such as weak 

governance, land tenure insecurity, lack of data and monitoring systems, and competing 

land use demands. Therefore, policymakers should address these challenges by 

strengthening the institutional and legal frameworks, clarifying the land rights and 

responsibilities, improving the data availability and quality, and engaging the 

stakeholders in participatory planning and decision-making processes, It is in this 

context that the spatial modeling results obtained as part of this study can be used to 

prioritize locations for the implementation of REDD+ policies by determining forest 

locations likely to be deforested in the future and by developing strategies or action 

plans to reduce pressure on forest ecosystems in this region. Nevertheless, there is a 
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necessity to improve the LULC prediction by integrating the community perspectives 

and local knowledge about the land use changes in the spatial analysis through the 

application of Public Participation GIS (PPGIS) techniques. Policymakers should also 

consider the spatial variability of the drivers and patterns of LULC changes in this 

region, and tailor the REDD+ interventions to the specific contexts and needs of 

different health zones and land use categories. Policymakers should also integrate 

REDD+ with other land use management policies, such as spatial planning, agricultural 

intensification, urban development, and mining regulation, to ensure coherence and 

synergy among different policy objectives. By doing so, policymakers can help to cope 

with the LULC change problem in Kalehe territory and improve the sustainability of 

land resources and rural livelihoods in this region.  

5.2.6. Extent and drivers of land productivity degradation 

This study attempted to quantify the dynamics of land productivity and identify the 

hotspot of vegetation degradation and its underlying drivers based on the trend of 

Landsat-derived NDVI during the 1987-2020 period in Eastern DR Congo. Similar 

approaches have been applied in other African countries. Indeed, an understanding of 

the trends of land productivity and the driving forces behind these trends is essential to 

provide informed decision-making about potential interventions and prioritizing efforts 

to cope with the land degradation problems (Vu et al., 2014, Muhoyi et al., 2023). The 

results of this study demonstrated that about 31.25% of the territory presents a decline 

in land productivity. This proportion is higher compared to the proportion of 15% at 

the global level and 22% in Africa of land characterized by a decrease in land 

productivity between 1999 and 2013 (de la Fuente et al. 2020). Nevertheless, the land 

productivity dynamics vary according to the LULC types in the study area as it was 

found also in Tanzania, Kenya, Ethiopia, and Malawi (Kirui et al., 2021). For instance, 
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40.01% of shrubland, 36.27% of wetland, 31.58% of cropland, 30.36% of grassland, 

and 20.89% of forestland are characterized by a decrease in productivity. This decrease 

of land productivity is negatively correlated with the extent of forest cover but 

positively associated with the extent of bare land, built-up land, shrub and grassland. 

This result seems to be similar with the results of Lestariningsih et al. (2018) in 

Indonesia who find that the forest cover has a high correlation and regression towards 

critical and very critical land. Indeed, the forest cover provides a good cover on steeps 

slopes, resulting in the small land degradation. This supports the finding from Gao and 

Liu (2010), who states that the deforestation associated with the built-up expansion, 

overcultivation on steeps slopes, overgrazing, and excessive reclamation of grasslands 

for farming purposes are among the factors that contributes to land degradation. 

The underlying drivers beyond the decrease in land productivity can be ascribed to both 

biophysical and anthropogenic factors (Muhoyi et al., 2023). Understanding these 

causatives drivers is important to find solution and to design cause-targeted strategies 

to cope with land degradation (Vu et al., 2014). To quantitatively assess the impacts of 

these factors, the results of the model of land productivity degradation as a function of 

biophysical and socio-economic factors indicated that the altitude gradient, the 

proximity to the administrative center, proximity to artisanal mining, proximity to the 

river, and occurrence of mining concession are the significant factors that contribute to 

the decrease of land productivity in this area.  It was found that the altitude presents a 

positive relationship with the occurrence of degradation of land productivity. The area 

located at high altitudes is likely to be affected by land degradation compared to the 

area located at low altitudes. This result is in accordance with the observation from 

Lestariningsih et al. (2018) who noticed that the high elevation and high slopes gradient 

often resulted in lightly degradation. The results show that the probability of 
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degradation is high in areas close to the major’s administrative center, artisanal mining 

sites, and rivers. This accessibility factors reflects the effects of anthropogenic factors 

on the occurrence of land degradation which is recognized to be accelerated by human 

activities.  The high susceptibility associated with the proximity to rivers can be 

explained by the fact that riparian vegetation is more vulnerable to anthropogenic 

pressures. On the other hand, the anthropogenic activity exerted by the artisanal miners 

before doing the mineral extraction such as the clearing of vegetation, and the demand 

for other land resources such as timbers for camp constructions, firewood energy, or 

wood to support the mining tunnels contributes to pressures on natural resources in the 

surrounding of artisanal mining sites (Bucekuderhwa et al. 2012; Macháček 2019). 

Thus, exacerbating the decrease in land productivity. In addition, the administrative 

center constitutes the economic pools in the study area. It is in this center where the 

market is localized and these centers are among the highly densely populated. People 

come from the locality (village) to the center for access to the market. This implies that 

there is a high demand for natural resources in the surrounding environment of the 

administrative centers to meet the needs of the population concentrated on their 

economic activities.  

5.2.6. Perceived ecosystem service value variation over LULC changes  

While many studies use the biophysical and economic approaches during the valuation 

of ecosystem services in ecosystem services to identify the priority hotspot for 

conservation (Raymond et al., 2009), this study incorporated local knowledge in the 

assessment of ecosystem services to provide a perceived ecosystem service value. 

Considering the advantage of the land use-based decision approach which include the 

rapidity, simplicity, cost-effectiveness as well as the possibility to assess the effect of 

land use change on ecosystem service supply (Tasser et al. 2020), the LULC maps were 
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considered as the basic spatial information to define the boundary of the ecosystem 

service to be valued. Thus, the ecosystem service matrix approach was used to map the 

potential supply of ecosystem service across the Kalehe territory, by using the average 

potential value perceived by the local community per ecosystem service rather than 

using the value proposed in the literature considering the data transferability is limited 

as the ecosystem service assessments are context specific (Luederitz et al. 2015). This 

approach is essential to understanding how humans value the ecosystem and this 

information can be used for the management of the ecosystem. Although the approach 

adopted in this study used household survey data to provide an assessment matrix that 

links local knowledge about the ecosystem service value and LULC, the study has some 

limitations as it has not taken into account other landscape factors such as 

geomorphological characteristics and pedoclimatic variables to assess the capacity to 

supply the ecosystem services. The consideration of these biophysical characteristics in 

the analysis was beyond the scope of this study. These factors can be integrated into the 

evaluation by using empirical models like the InVEST model. In addition to that, the 

valuation of ecosystem services can be perceived differently by stakeholder groups 

(Koko et al., 2020) and it is important to understand the changes in ecosystem services 

preference by all stakeholders who are engaged in the co-management of natural 

resources (Kilonzi & Ota, 2019). For instance, Githiora-Murimi et al. (2022), found 

that the score provided by environmental conservation experts in the evaluation of 

ecosystem services of different LULC types in Yala swamp (Kenya) was significantly 

higher than the one provided by local resource users such as farmers and fishermen. 

Thus, it should be necessary to examine to which extent the valuation of ecosystem 

service differed from different stakeholder perspectives and assess the agreement of the 

results from the ecosystem service valuation matrix from the results of the empirical 
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modeling. However, local knowledge of indigenous people and local expert opinion is 

recognized as important in the assessment of ecosystem service management (Esmail 

et al., 2023). Indeed, the incorporation of local knowledge about people's dependency 

on land cover type in decision-making can help to identify the tradeoffs in land use 

allocation such as forest versus agriculture land or settlements, and reduce the burden 

on a particular land cover type (Chaudhary et al. 2017). Another limitation of the 

assessment made in this study concerns the spatial resolution of the images used to 

obtain the LULC maps. It is important to use images of high spatial resolution such as 

sentinel and spot to have more details about the spatial pattern of the ecosystem. 

Notwithstanding these limitations, the ecosystem service matrix-based approach is 

commonly used in the mapping and assessment of ecosystems in areas where local or 

regional data for assessment are scarcely available (Martınez-Harms and Balvanera 

2012), where data requirements limit the application of more refined methods. 

Furthermore, this study used the logistic regression model to understand the interaction 

between the landscape pattern (structure and composition) and the perceived ecosystem 

value. This approach is useful in establishing models to determine the optimal 

landscape structure and composition that should be adopted during land use planning 

to enhance the provision of ecosystem services. Furthermore, a trend analysis of the 

ecosystem service maps from the past period (1987-2020) and the present period 

allowed us to identify the areas that were characterized by a decreasing trend, 

decreasing and stability of ecosystem services supply.  This information is important to 

make informed decisions during future land use planning and to prioritize interventions 

for conservation. 

The analysis of the relationship between LULC categories and ecosystem services value 

is crucial to clarify the impacts of land use changes on ecosystems considering the 
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change rates of different LULC categories can cause large or small changes in 

ecosystem services value (Zhang et al., 2022). The results of the assessment matrix 

indicated that the forestland and wetland have the highest ecosystem service value 

compared to other LULC types, Similar results have been found in another context 

(Chaudhary et al. 2017, Tasser et al. 2020, Esmail et al. 2023).  However, the analysis 

of the LULC changes from 1987 to 2020 demonstrated that the aerial extent of these 

ecosystems decreased at the expense of cropland and built-up areas. This situation is 

expected to continue in the future (2030-2070 period). Our analysis of the impact of 

LULC change on the potential supply of ecosystem service revealed that the overall 

supply of ecosystem service has been decreasing over time. During the 1987-2002 

period, the overall potential supply decreased by 3.46% while in the 2002-2020 period, 

it decreased by 5.83%. Overall, during the 1987-2020 period, the supply potential of 

ecosystem services decreased by 9.09%. The results also revealed that the largest 

decrease was observed for provisioning service (-12.9%), followed by regulating 

service (-12.37%) and supporting services (-11.93%). This implies that the availability 

of natural resources has decreased sharply due to the LULC change occurring in the 

study area. Furthermore, due to a decrease in regulating and supporting services, hydro-

meteorological risks such as floods and erosion have become more recurrent in the 

study area.   Only the cultural service increased by 5.3%. This situation can be 

associated with the fact that the forestland and wetlands which are perceived to have a 

high value for different ecosystem services decrease drastically during the study period. 

Furthermore, people perceived that the supply of provisioning services and supporting 

services depends mostly on forest land and wetlands, while the supply of the regulating 

service depends mostly on the wetlands and grasslands. In contrast, a high dependency 

on built-up are is observed for the supply of cultural services. Although forestland, 
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wetland, and grassland are vital for regulating and supporting services, they decreased 

during the study period. The frequent flash floods, landslides, and erosions in recent 

years that occurred in this study area can be associated with the reduction of these 

services. In fact, the reduction of green cover contributes to the reduction of water 

infiltration and increases surface water runoff. Similar findings concerning the 

reduction of regulating and supporting services resulting from changes in LULC were 

found in other regions of Africa such as Kenya (Wangai et al., 2019) and Madagascar 

(Dave et al. 2017).  

Since the local knowledge of ecosystem services can be linked to the LULC maps, it is 

possible to analyze the trend in the supply of ecosystem services to support the decision-

making process and to monitor policy by ensuring that the changes implanted on the 

ground align with the objectives of stakeholders and decision-makers (Esmail et al., 

2023). The trend analysis of the ecosystem service potential maps shows that, from 

1987 to 2020, 28.44% (1177.62km2) of the territory presented a general decrease in the 

supply of ecosystem service, indicating that this area is undergone land degradation. It 

was observed that the area affected by the degradation of ecosystem service increased 

from 28.74 (1190.26km2) during the 1987-2002 period to 30.71% (1271.74km2) of the 

territory during the 2002-2020 period. Under the business-as-usual scenario, this 

situation is expected to continue in the future as the degradation of ecosystem service 

supply potential would increase from 28.44% for the Baseline situation (1987-2020), 

to 31.37% in the 2020-2030 period, 30.87% in the 2020- 2050 period and 48.79% in 

the 2020-2070 period indicating that the land degradation neutrality target (situation 

where the amount of the land degradation is low or equivalent to the baseline situation) 

will not be reached by the year 2030 and the situation will be worsened by the year 
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2070. Thus, there is a need for sustainable land use management to avoid this situation 

to occur.  

This study also attempted to assess the influence of the landscape pattern on the 

potential supply of ecosystem services to determine the optimal landscape structure and 

composition that should be adopted during the land use planning process to enhance 

the supply of ecosystem services. The results indicated that both the landscape 

composition and structure influence the perceived ecosystem service value in this 

territory. Indeed, the proportion of the forest in the landscape has the most influential 

positive power on the overall ecosystem service value, emphasizing the need for natural 

vegetation protection in ecologically fragile ecosystem during urbanization process as 

suggested by Fang et al. (2022). Concerning the landscape structure metrics, among the 

fragmentation index, both the patch density (PD) and the edge density (ED) are 

negatively correlated to the potential supply of ecosystem service. These landscape 

metrics reflect the intensity of human intervention in the landscape and the fragility of 

the ecosystem (Yushanjiang et al., 2018). A similar finding was observed by Chen et 

al. (2022) in China. However, the Aggregation index (AI), the cohesion index 

(COHESION), the Mean patch size, and the Large Patch Index which indicate the 

degree of consolidation of land are positively associated with the perceived ecosystem 

service value. In contrast, the landscape diversity index (Simpson diversity index and 

Shannon diversity index) is negatively correlated to the ecosystem service supply 

potential indicating that the increase of landscape heterogeneity and the diversification 

of anthropogenic activities such as built-up expansion and cropland expansion have 

negative effects on the ecosystem service supply potential. These results corroborate 

the finding from Yushanjiang et al. (2018) who found that the Patch Density and 

Shannon diversity index negatively affect the provision of ecosystem service. Within 
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this study, it was also found that the ecosystem service supply potential was positively 

influenced by the Perimeter-area fractal dimension (PAFRAC) and Shape index 

(SHAPE_MN) which are indicators of patch shape’s complexity, indicating that the 

more complex and irregular shape of patches, the more the ecosystem supply potential. 

In addition to that, it was found that the mean Euclidian distance between the landscape 

patches and the Interspersion and Juxtaposition index (IJI) is negatively correlated to 

the ecosystem service supply potential, indicating that the isolation of patches has a 

negative influence on the supply of ecosystem services. The finding of this research 

aligns with a previous study which indicated that the landscape metrics significantly 

influence the ecosystem service supply but these effects vary from one location to 

another. For instance, Liu et al. (2020) have found that the increase of the Shannon 

diversity index in the landscape could contribute to the improvement of the average 

ecosystem service value while in this study we find a negative influence of the Shannon 

diversity index on the potential supply of ecosystem services. Since landscape 

composition, fragmentation, and shape complexity are determinant factors of 

ecosystem service potential, these parameters should be integrated into landscape 

planning and land use allocation (Chen et al. 2022). 

The analysis of the interaction between the ecosystem service and landscape metrics 

allows us to understand the effect of landscape patterns on the ecosystem and this 

information can be used to guide land use planning toward the improvement of 

ecosystem protection policymaking (Liu et al. 2020, Ersoy Tonyaloğlu, 2025). More 

particularly, in the case of the study area, an emphasis should be placed on the 

conservation of blue (wetland) and green cover (forestland, shrubland, and grassland) 

which have a high potential to supply the ecosystem service.  Furthermore, during the 

land use planning process, it is necessary to increase the mean patch area through land 
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consolidation and the aggregation of patches to reduce land fragmentation and enhance 

the potential of the landscape to supply ecosystem services. At the same time, it is 

necessary to reduce the diversity or heterogeneity of the land use classes but maintain 

the shape’s complexity and connectivity of landscape patches in the study area. In 

addition, the developed models which show the relationship between the landscape 

metrics and the perceived ecosystem service value will allow policymakers to perform 

continuous tracking and monitoring towards the assessment of the impact of land use 

transformation on ecosystem services and to determine appropriate management’s 

strategy to reduce the negative impact of anthropogenic activities on ecosystems.  

5.3. Soil erosion dynamics  

5.3.1. Impact of LULC changes on soil erosion dynamics 

High variation in the amount of soil loss was observed in the territory of Kalehe. This 

variation is induced by the R, K, LS, C, and P factors included in the RUSLE model. 

The study area is more erosive with an R-factor value of 6025 MJ.mm/ha.h.yr which is 

greater than the global average of 2100 MJ.mm/ha.h.yr derived by Panagos et al. (2017) 

and 4623 MJ.mm/ha.h.yr in the Lake Kivu basin. This higher value of rainfall 

erodibility depicts the aggressivity of rainfall to induce erosion in this region. This 

erosivity increased with the elevation of altitude has the spatial distribution of rainfall 

in the study area is significantly dependent on the variation of altitude. Thus, the high 

rainfall erosivity is observed in the northern and southern parts of the territory which is 

dominated by a high plateau (altitude>2000m) while the lowest erosivity is observed in 

the lowland plateau observed in the western part of the territory. This territory is also 

vulnerable to erosion due to the dominance of steep slopes (15-30%) and very steep 

slopes (>30%) which represent 36.09% and 36.04% of the territory respectively. The 

value topographic factor LS has a mean value of 5.67 which is higher than the value of 
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4.79 found in the Lake Kivu basin by Karamage et al. (2016). The high value of LS 

factors is found in the area dominated by the high gradient of slope in the territory. The 

nature of the soil also constitutes a major factor that influences the dynamic of soil loss 

by erosion in the territory of Kalehe. The soil erodibility factor K which is related to 

soil properties has a mean value of 0.018 t.ha.h/ha.MJ.mm at territorial level but it 

varies according to the soil types in this area. The haplic acrisols which dominate in the 

northern part and southern part of the territory present the highest erodibility while the 

lowest erodibility is observed in the humic cambisols which dominate the western part. 

These natural factors contribute to the soil vulnerability to water erosion in this 

territory. In addition to these natural factors, anthropogenic factors associated with land 

use systems have influenced the dynamics of erosion during the 1987-2020 period. This 

includes the cover management factors (C) and the support practices (P) which depend 

on the LULC changes. The value of C factors has increased from 0.041 in 1987 to 0.046 

in 2002 and 0.058 in 2020, indicating that the land vulnerability to erosion processes 

has increased over the last 33 years. The increase in C value over time is related to the 

deforestation at the expanse of cropland and built-up land which are occurring in the 

study area. Under the business-as-usual scenario, this situation would continue in the 

future. The C factor would increase from 0.062 in 2030 to 0.063 in 2050 and 0.066 in 

2070. This increase in the value of C factors depicts the increase of the vulnerability to 

erosion as a lower value of C-factor is likely to generate low erosion compared to higher 

C-value which increases the rate of erosion. Considering the factor P, the 

implementation of soil and water conservation practices is not effective in the study 

area. Field observation indicated that the small holders’ farmers practice mulching and 

fallowing as soil and water conservation options but these measures are not effective in 

controlling erosion in this sector. Taking into account all these factors the average soil 
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loss estimated in the territory of Kalehe moved from 32.08 t/ha/year in 1987 to 44.35 

t/ha/year in 2020 and this pattern would continue in the future as a result of LULC 

change. This increasing pattern of soil erosion associated with the LULC change is in 

agreement with the observation at global scale (Borrelli et al., 2017, Borrelli et al., 

2020) and regional scale (Karamage et al., 2016, Eisenberg & Muvundja, 2020, Chuma 

et al., 2022b). The current rate of erosion in the Kalehe territory is comparable to the 

rate of 40.4t/ha/year found by Eisenberg & Muvundja (2020) in the Ruzizi basin but it 

is higher compared to the value of 30 t/ha/year found by Karamage et al. (2016) in the 

Lake Kivu basin and 24 t/ha/year in Chisheke watershed (Territory of Walungu) by 

Chuma et al. (2022b). These similitude and differences can be attributed to the variation 

of local topographic conditions, and the land use pattern. In the territory of Kalehe, the 

highest rate of erosion was observed in the barren land and cropland while the lowest 

level was observed in the forestland, shrubland, and grassland. Additionally, the 

cropland and shrubland were the highest contributors to soil loss by erosion in this 

territory. A similar observation was done in this region by previous studies (Kamarage 

et al., 2016, Eisenberg & Muvundja, 2020, Chuma et al., 2022b). Thus, there is a 

necessity to increase the green cover and to implement soil and water conservation 

measures in agricultural land to reduce the erosion problem in this area. Under the 

current situation, 50.33% of the territory has an annual soil loss higher than the tolerable 

limit of 10t/ha/year for the tropical region (Bamutaze, 2015) which should be prioritized 

for the implementation of soil and water conservation measures. The scenario analysis 

indicated that strip cropping, agroforestry and terracing are the most effective soil and 

water conservation practices that should be implemented in the cropland to decrease 

the rate of erosion in this territory. Since, the cropland and the shrubland are the most 

contributors to the overall soil loss in this territory, the implementation of agroforestry 
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in cropland, and the conversion of shrubland and bare land to forest plantation 

constitutes a practical solution to reduce the erosion. These measures have also a 

potential improve the livelihoods of people. More particularly, the implantation of 

agroforestry and forest plantation can improve the soil quality and enhance the food 

security (Lee et al., 2017). The vulgarization of these methods is then necessary. 

Furthermore, this study demonstrated how the LULC change has an impact on past, 

present, and future patterns of erosion. Even though the LULC changes contributed to 

the increase of erosion in the study area, it should be noted that the impact of LULC 

change can also be positive if there is a spatial and temporal increase in vegetation cover 

(Wijitkosum's, 2012, Kulimushi et al., 2021).    

5.3.2. Impacts of landscape pattern on soil erosion dynamics 

Understanding the interrelation between the landscape metrics and ecological process 

constitutes one of the core issues in landscape ecology. Indeed, the landscape pattern 

(structure and composition) is the result of the effects of human and natural factors. 

Thus, any change in the landscape pattern may impact the ecological process. The 

results of this study show that the rate of soil erosion within the study area is 

significantly influenced by the landscape characteristics. Both the fragmentation index 

(patch density and edge density) and diversity index (Simpson and Shannon diversity 

index), the interspersion and juxtaposition index are positively correlated with erosion 

rate. In contrast, there is a negative correlation between the mean patch area, the largest 

patch index, the cohesion index, and the aggregation index. These results suggest that 

the intensification of fragmentation of land, the increase of heterogeneity of patches, 

the increase of the isolation of patches, and the weak connectivity of patches increase 

the rate of erosion in the study area. Although we find a positive correlation between 

the diversity index and the rate of erosion, other studies have found a negative 
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correlation (Ouyang et al. 2010, Xu et al. 2017). Thus, the results are context-specific 

and highlight the complexity of the relationship between landscape metrics and erosion 

(Shi et al. 2013). In the case of this study, the positive impact of land diversification on 

erosion can be associated with human-dominated land use such in the landscape as 

cropland and built-up areas which are more vulnerable to erosion processes. 

Furthermore, it was found that the shape index is positively correlated to the annual rate 

of erosion while the mean perimeter area ratio and perimeter-area fractal dimension are 

negatively correlated to it, indicating that the increase in the complexity of landscape 

patches contributes to the decrease of erosion rate. These findings follow the 

assumption that the occurrence of many heterogeneous patches of different LULC 

categories is likely to accelerate soil erosion at the landscape scale (Shi et al. 2013). 

The positive relation between the land fragmentation indices and the rate of soil erosion 

indicated that fragile landscape is more prone to erosion. Similar results have been 

found by Shi et al. 2013 and Xu et al. (2017) in China. The implication of these findings 

from a land management perspective is that during the land use planning process, to 

prevent and control erosion in the future, it should be better to optimize the spatial 

structure of the landscape by reducing the land fragmentation and the heterogeneity of 

patches through land consolidation and by increasing the complexity of patches shapes. 

Considering that these metrics are sensitive to the change in landscape, the model of 

soil erosion modulus on landscape level index was obtained. The results from the step-

wise regression model indicated that the edge density, the mean patch size, the Shannon 

diversity index, and the mean perimeter-area ratio were the most influential variables 

in explaining the relationship between the landscape structure and the rate of erosion. 

These landscape metrics which can be derived from LULC maps can be used to predict 

and monitor the rate of erosion over time at the watershed level in this territory where 
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the gauging stations are not available. However, the coefficient of determination shows 

that the landscape structure metrics explained only 34.89% of the variability of erosion 

rate while the landscape composition has explained 60.9% of variability, indicating that 

the landscape composition metrics are most influential compared to landscape structure 

metrics. The remaining variability can be explained by the topographic, climatic, and 

edaphic factors which were not incorporated in the developed model despite that they 

influence the dynamics of erosion.  

This study demonstrated that the dynamics of erosion are significantly influenced by 

the landscape composition and structure. However, there are some limitations. First, the 

RUSLE model was primarily conceived to estimate the soil loss derived from rills and 

sheet erosion. Besides, the amount of soil erosion derived from the gullies and river 

bank erosion are not incorporated in this model. Secondly, this study has not assessed 

the effect of seasonality on the dynamics of erosion despite that the region has a bimodal 

climate. Thirdly, although we found that the LULC type has a significant influence on 

the soil erosion dynamics, the effect of landscape metrics on erosion rate has not been 

determined at the LULC class-scale level. Only landscape scale level metrics and patch 

scale level metrics were considered in this analysis. Thus, further research should be 

focused on the assessment of the impact of seasonality and class-level metrics on the 

dynamics of erosion in this territory.   

5.4. Land degradation vulnerability modeling for restoration planning  

5.4.1. Land degradation vulnerability assessment   

The assessment and modeling of land degradation are essential for the sustainable 

management of natural resources and conservation planning (Sandeep et al., 2021, Das 

et al. 2023). It requires the use of multilayers and multidisciplinary approaches to 

identify the factors that influence land degradation vulnerability. These factors can be 
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used to model and assess the land degradation vulnerability with good efficiency by 

using the GIS, remote sensing data, and the Analytical Hierarchy Process (Mzuri et al., 

2022). In this study, the potential use of the AHP approach in a GIS environment was 

used to assess the land degradation vulnerability at the territorial level in Eastern DR 

Congo. This region is severely affected by physical degradation processes such as gully 

erosions and shallow landslides which have major physical and economic impacts 

(Heri-Kazi, 2020, Maki et al. 2022). Therefore, there is a necessity to identify the 

hotspot of land degradation where conservation actions are needed.  

The land degradation is complex, and it is influenced by a synergy of causes including 

natural and anthropogenic driving factors (Mzuri et al., 2022). In this study, both 

biophysical and socio-economics factors of vulnerability were used. Thematic layers of 

these factors were given weight according to their importance using the AHP. For the 

biophysical factors, the slope gradient, soil type, and rainfall intensity were identified 

as the most influential factors of vulnerability. The slope gradient was ranked as the 

most influential factor of the physical degradation process considering that the 

susceptibility to soil erosion increases with the increase of slope gradient. The study 

area is dominated by steep slopes which make it vulnerable to erosion and landslides. 

A high rate was given to the soil type considering that the soil texture plays a significant 

role in the susceptibility to surface water erosion. The territory is dominated by clayey 

soil which is characterized by low permeability and is favorable to surface water runoff 

generation. The mean annual rainfall was selected as the third parameter as the erosion 

and shallow landslides are triggered by high rainfall intensity in this region. In addition 

to these natural factors, the primary socio-economic factors of vulnerability are 

population density, the occurrence of mining concession, the proximity to artisanal 
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mining sites, proximity to locality, and proximity to roads. On the one hand, the 

increase of population induces a high pressure on natural resources.      

The developed model of the land degradation vulnerability index as a function of 

biophysical and socio-economic factors presented a good accuracy in predicting the 

area with high vulnerability to physical land degradation processes such as shallow 

landslides and erosion. The land degradation vulnerability map obtained by using the 

AHP and the geospatial modeling approach was categorized into five: very low, low, 

moderate, high, and very high vulnerability zones covering 29.28%, 18.35%, 20.41%, 

26.73%, and 5.28% of the territory, respectively. This vulnerability zonation at the 

territorial level constitutes the basis for the identification of priority areas for the 

implementation of landscape restoration to cope with the problem of degradation. For 

restoration planning purposes, the area can be categorized into three priority zones: high 

priority (high and very high vulnerability), moderate priority (moderate vulnerability), 

and low priority (low vulnerability).    

The very low to low vulnerability zone represents 47.63% of the total surface, 

predominately covering the western part of the territory. These categories are mainly 

attributed to the high forest coverage, the low altitude gradient, the low rainfall 

intensity, and the dominance of cambisols which are least susceptible to soil erosion in 

this area. Similarly, other researchers have found that very low to low land degradation 

vulnerability occurs in areas characterized by high vegetation coverage, essentially the 

dominance of forestland, adequate rainfall, and well-drained soils (Sandeep et al., 2021, 

Yadav et al., 2022).   

About 20.41% of the territory is prone to a moderate level of vulnerability, essentially 

at the edge of forest land. This zone is essentially covered by less vegetation coverage 
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dominated by shrubland and grassland, moderate rainfall, and moderate altitude. This 

is consistent with previous studies on land degradation vulnerability which 

demonstrated that a moderate level of vulnerability is associated with sparse vegetation 

cover, little rainfall, and moderate temperature (Mzuri et al., 2022, Tolche et al. 2022, 

Yadav et al., 2022).  

The high and very high vulnerability zones covering about 32.01% of the territory are 

already affected by a high to very high vulnerability to land degradation. The major 

degradation occurs in the Eastern and Northern parts of the territory due to erosion 

accentuated by high rainfall intensity, and rugged terrain dominated by steep slopes and 

high plateau. In addition to that, this part of the territory is characterized by a high 

population density which implies a high pressure on natural resources. It was observed 

that a high level of degradation occurred in the highly populated area which deserves 

urgent attention for remediation actions. Furthermore, the presence of artisanal mining 

sites, the intensification of cropland activities on steep slopes, and deforestation have 

accentuated the land degradation vulnerability in this area. Within the study area, there 

is a zonation of vulnerability zone which increases with the increase of distance to forest 

edge and increase of population density suggesting that improper land use is one of the 

major causes of land degradation in this territory. Similar findings were obtained by 

Sandeep et al. (2021) and Mzuri et al. (2022) who reported that inadequate rainfall, less 

vegetation coverage, problematic soils, high slope gradients, and land of adequate 

conservation measures are among the primary causes of degradation. 

The results derived from the application of the developed land degradation vulnerability 

model can be used by policymakers to direct attention to the hotspots of land 

degradation in the study area. During the planning, knowledge about the spatial pattern 
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of land degradation vulnerability zones can be used to assign adequate resources to the 

more vulnerable areas (Kizito et al., 2018). The areas characterized by a high to very 

high vulnerability constitute the hotspots of degradation where soil and water 

conservation initiatives and sustainable land resources management should be 

prioritized (Yadav et al., 2022). To achieve land degradation neutrality by 2030, there 

is a necessity to implement restoration initiatives in the areas characterized by very high 

and high vulnerability degraded land avoid degradation in areas characterized by very 

low vulnerability, and improve the land use management to avoid further degradation 

in the moderate and low vulnerability zones. Considering that improper land use is one 

of the major causes of land degradation in the study area, there is a necessity to adapt 

the land use to its land capability to avoid further degradation. 

This study provides insight into the capability of MCDA based on the AHP and IPC 

vulnerability frameworks in predicting the land degradation vulnerability zones in the 

study area with good accuracy in Eastern DR Congo. However, the performance of the 

developed model compared to the machine learning model (Random Forest, 

Classification and Regression Tree, Support Vector Machine, Gradient boosting 

machine, etc), statistical model (Frequency ratio, logistic regression), or hybrid model 

combining the AHP and machine learning technics have not been assessed despite that 

Das et al. (2023) have proposed that the combination of the machine learning and AHP 

would improve the accuracy of the land degradation vulnerability models. Future 

research should focus on the verification of this assertion to determine the best model 

adapted to the context of the study area. 

5.4.2. Land capability assessment for sustainable land use planning   

The evaluation of the land suitability (land use potential) or land classification for 

specific utilization such as crop, livestock operations, and other purposes is imperative 
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for sustainable land management and land use planning (Beek et al., 1997, Taveira et 

al. 2021). Indeed, the understanding of the relation between land use and land capability 

classification provides some insights in terms of sustainable utilization of natural 

resources (Gülersoy et al., 2015). Thus, failure to use land within its capacity leads to 

adverse consequences such as land degradation (Gulersoy et al., 2017). In the Kalehe 

territory, the current land use is unsustainable since there is a mismatch between the 

land capability and their uses. For instance, the land capability classes I to IV which are 

suitable for farmland activities account for 76.67% of the territory. However, the 

agricultural land covers only 7.54% of the area as per the current situation of land use. 

Furthermore, it was observed that 25.40% of farmland is located in the land capability 

class V despite that this class is suitable for forest plantation as it is located on very 

steep slopes which are vulnerable to soil instability. It was also found that 77.27% of 

built-up land was allocated within the high and moderate land capability classes which 

should be allocated to agriculture. This weak allocation of agricultural land according 

to its land capability can result in a reduction in cropland productivity (Abou-Najem et 

al., 2019). Considering that most of the lands in Kalehe territory are suitable for 

agricultural productivity, it is preferable to relocate the built-up land and pasture land 

to no arable land and low-productive land to support agriculture for the upcoming years.  

Under the current situation of land use, about 9.97% of the territory that falls under the 

land capability V is allocated to other land use such as cropland activities, pasture 

(grassland and shrub), and built-up up despite that this area should be allocated to 

afforestation. This situation leads to an increase in degradation processes such as 

landslides and erosion which are reccurent.  

The understanding of the difference between the current land use and land capability is 

an important step in land degradation assessment (Bachri et al., 2021). Within the study 
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area, 15.88% of the land is not used within its land capability and has the potential to 

cause degradation. This mismanagement of land occurs mostly in the eastern part of the 

territory where there is an expansion of anthropogenic activities such as cropland 

expansion, pasture expansion, and built-up land expansion. The expansion of these 

anthropogenic land uses in steep slopes contributes to environmental degradation. This 

area is already subjected to an increase in shallow landslides, erosion, and flash 

flooding. The analysis of the frequency ratio of shallow landslides within the land 

capability classes shows that the landslides are likely to occur in the land capability 

classes V when they are not covered by forest cover and in land capability IV when soil 

and water conservation measures are not implemented. Steep slopes, rough soil texture, 

and low water holding capacity which characterize these classes contribute to the 

potential occurrence of landslides (Bachri et al., 2021). Therefore, there is a necessity 

to adapt the current land use to its capability in future land use plans and adopt 

appropriate conservation measures to reduce the problem of land degradation in the 

territory.  

The land capability maps could provide a good orientation about land use allocation 

and guide policymakers to develop crop management to increase land productivity and 

minimize environmental degradation (Abou-Najem et al., 2019, Nguyen et al., 2023). 

To achieve both the goal of environmental conservation and agricultural productivity 

within the study area, the current forestland and the wetland should be conserved. The 

most productive capability class (I to III) should be allocated to agriculture productivity 

while the least productive land (IV) can be allocated to pasture land and built-up 

expansion upon land suitability analysis. In contrast, the non-arable classes V should 

be afforested to increase the forest cover and to protect the steep slopes.  By doing so, 

the current forest cover which is 48.12% of the territory, could increase to 58.09% and 
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the current agriculture land which is 7.29% of the territory could increase to 19.21% 

with 11.47% of the land allocated to agricultural activities but requiring the 

implementation of conservation measures to control erosion and 7.11% which doesn’t 

necessary require the implementation of soil erosion control treatments.  

5.5. Conceptual model for land degradation management 

During the last three decades, the Eastern DR Congo has been subjected to different 

environmental changes which affect the livelihood of the local community. It is 

therefore necessary to formulate a policy that takes into account the interplay between 

environmental, social, and economic factors. The DPSIR framework constitutes a 

holistic approach to assessing environmental problems for sustainable land use 

management. It is used to formulate policy based on complex environmental 

information. Considering the complexity of land degradation in Eastern DR Congo that 

was depicted in this study through the use of a triangulated approach combining field 

observation, remote sensing, GIS modeling, and community perception, the DPSIR 

framework was adopted to develop a conceptual model for land degradation 

management in the study area. The findings of this research are organized into themes 

which are presented using the component of the DPSIR framework. Figure 5.1 

summarizes the results of the DPSIR framework in the study area with an emphasis on 

land cover degradation, soil erosion, the decrease in land productivity, and dynamics of 

perceived ecosystem services value as a proxy of the land degradation process for 

identifying the driving forces, the current states, the impact and the necessary policy 

responses to mitigate the land degradation in the study area . After that the different 

components of the DPSIR framework adapted to the reality of the study area discussed. 
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Figure 5.1: Conceptual model of land degradation management in Eastern DR 

Congo adapted from the DPSIR framework.  

5.5.1. Drivers of land degradation 

The driving forces of land degradation are the indirect drivers or underlying forces that 

contribute to activities with a direct impact on the environment. These underlying 

factors stimulate the proximate or direct causes of environmental change. The land 

degradation observed in the study area is the result of a combined association of 

demographic (population growth and immigration), socio-economic (poverty, 

increased demand for firewood and charcoal, unemployment and lack of off-farm 

activities, increased demand of agricultural land for food production, lack of financial 

resources), technological (poor access to alternatives sources of energy), socio-political 

(land tenure conflict, poor access to land and political instability), biophysical (climatic 
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and topographic conditions), institutional (poor access to subsidiary programs and 

extension services), educational (lack of information and training about the better 

conservation options), and cultural (change in traditional practices such as the reduction 

of fallowing) processes.  For instance, the results from the questionnaire survey have 

indicated that the indirect factors contributing to the forest degradation in the territory 

of Kalehe can be categorized in a hierarchical way as population growth and 

immigration, poverty, the increased demand for wood for charcoal production, and 

firewood which constitute the main source of energy, the lack of off-farm activities 

which lead to the expansion of agricultural land through the slash and burn practices, 

poor access to alternatives sources of energy, lack of financial resources, conflict, and 

political instability. These results resonate with similar study carried in sub-Saharan 

Africa which reported that population growth, poverty and high demand of natural 

resources are the main contributors to the LULC change and the associated degradation 

of ecosystem (Saguye 2017a, Saguye 2017b, Opiyo et al., 2022). These factors are 

intertwined and there is an interplay among them. Indeed, the population growth which 

is recognized as the main underlying driver of land degradation in this sector occurred 

with the arrival of immigrants in search of land for agricultural, pasture, and rush for 

artisanal mining activities following the political instability in this region. Furthermore, 

due to poverty and lack of off-farm activity, lack of agriculture input, and high cost of 

agriculture input, people continue to do unsustainable agricultural practices such as 

slash and burn agriculture which expand to forest land. The increase in population 

implies that there is an increase in demand for natural resources (Turner, 2009) such as 

wood energy and more land for agricultural productivity to feed people. In fact, during 

the flux of refugees in 1994, the population of Kalehe increased, and the pressure on 

the forest ecosystem due to the high demand for forest products especially firewood 
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and wood for construction as well as forest cutting to obtain land for cultivation, land 

for settlements implementation and pasture lands. Furthermore, this study shows that 

in Kalehe territory, 40.9% of households have a household size ranging from 5 to 10 

members and 33.1% of households have more than 10 members. This high size of 

households implies a high demand for natural resources. It was also found that more 

than 80% of respondents are farmers who depend only on selling their farming products 

to survive. They are not engaged in off-farm activities which could supplement them 

with supplement incomes. This situation leads to poverty and more pressure on forest 

resources which are overexploited. Charcoal production as well as slash-and-burn 

agriculture were also perceived as direct drivers of forest degradation in this area. 

People noticed that before the year 1994, charcoal production was not practiced at a 

large scale in this area. Therefore, forest degradation was low during this period. Only 

slash and burn activities were considered as a driver of deforestation but the fallow of 

more than four years was a norm, thus the pressure on the forest was low. However due 

to the population increase since the years 1994, land became scarce, and people tended 

to decrease the years of fallow to satisfy the high demand for crop production but this 

led to the degradation of soil fertility. Furthermore, the forest land which is perceived 

to have a high fertility came under pressure as people were looking for additional lands 

to exercise their slash-and-burn agriculture. It was in the year 2000s that charcoal 

production became prominent in the study area. People noticed that after the 1996 war 

“of liberation” and many rebellious movements that occurred after this period, people 

became poor and lost their livestock and other means of livelihood. So, in the 2000s, 

they found charcoal production as a rapid means to make money. It is in this period that 

the forest degradation becomes acute. In addition, people became engaged in timber 

harvesting which was artisanal during the period ranging from the 1990s to the 2000s. 
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However, in the period 2010s, the forest degradation became acute due to the release 

by the government of land tenure to “elites’’ who are reported by the respondents as 

“men with power” in the area. In fact, these “elites” people come with machinery and 

begun to do timber harvesting in a semi-artisanal way. Therefore, the remaining forest 

land becomes cleared. According to the respondent, after cutting the forest, the cleared 

forest was converted into pastureland. Respondent also noticed that “man with power” 

colonized their land by transforming it into pastureland. In addition to these factors, 

people indicated that the land tenure system constitutes a factor of land degradation in 

this study area. The limit and inadequate land are cited as the factors contributing to the 

decrease in farmland productivity as well as the increase in erosion. Indeed, the territory 

is characterized by rouged mountainous topography which constitutes a constraint for 

agricultural production. In consequence, there is pressure on the existing farmland. In 

addition, with the arrival of immigrants, the land has been scarce which make people 

exert their agricultural activities on marginal lands such as steep slopes which are prone 

to degradation process such as erosion and landslides. Furthermore, with population 

growth, there is land fragmentation because 53.1% of smallholder farmers do their 

agricultural activities on plots of less than 1ha. 

There is also land tenure issues that impede the implementation of conservation 

practices as some conservation practices such as tree planting and agroforestry are not 

allowed in renting plot despite that 38.8% of respondents reported that they exert their 

activities on rented plots. The poor access to subsidiary programs and extension 

services are among the institutional factors which have been reported by respondents 

as indirect drivers of land degradation in their entity. Indeed, there is a paucity of 

information about the better conservation options which can be implemented for 
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nutrient enrichment of soil other than the traditional tillage as well as the slush and burn 

agriculture which leads to a decrease in agricultural productivity.  

The biophysical factors are also considered as an indirect driver of land degradation in 

the study area. For instance, the unreliable rainfall or inconsistent rainfall along the 

agricultural seasons and cultivation on the steep slope contribute to the degradation of 

land within the Kalehe territory. This observation is consistent with the fact that there 

are longer dryer spills as a consequence of climate change in the Kivu region (Ahana 

et al., 2024). Furthermore, due to the scarcity of land, farmers practice their activities 

on inadequate lands such as hillslopes which are prone to erosion. The erosion leads to 

the loss of topsoil which is important for agricultural activities.  

There are also cultural factors like the change in traditional practices such as continued 

cultivation without fallowing or reduction of the period of fallowing which are 

contributing to farmland degradation and soil erosion. For instance, in the last time, the 

minimum duration of fallow was 4 years but due to the population growth and high 

demand of agricultural land for food production, the period of fallow has been reduced 

to 1 to 2 years. Other farmers noted that they do not continue to do fallow because of 

the land scarcity. This change of traditional practices without adequates alternatives 

leads to the depletion of nutrients in the soil and contributes to the reduction of farmland 

productivity.  

Conflicts and activities of rebellion movements are exemples of socio-political factors 

which contribute to the massive displacement of the population are also among the 

cause of land degradation, especially forest degradation in the territory of Kalehe. This 

aligns with the results of Shapiro et al. (2021) who demonstrated that the occurrence of 

armed conflicts results in higher deforestation and forest degradation in DR Congo.    
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5.5.2. Pressure of land degradation 

The pressure indicator of the DPSIR model indicates the directs effects of drivers or the 

direct causes of land degradation. They represent the actions or activities that result 

from the drivers and have a more immediate impact on the environment. They can be 

influenced by the internal dynamics and needs of the community or region (endogenic 

pressure) or they can results from external factors or interventions that impact the land 

and environment from outside (exogenic pressure). For instance, both the both illegal 

timber harvesting and illegal mining activities that occurs in protected area such as the 

National park of Kahuzi-Biega can be classified as exogenic pressures because they 

originate from external actors and forces that impose their activities on the land, leading 

to environmental degradation. Moreover, mining activities can be considered as 

exogenic pressure since they are typically initiated and conducted by external entities, 

such as mining companies, seeking to extract valuable minerals and resources from the 

land. These activities contributes to land disturbance, erosion, and pollution but the 

scale and impact of mining activities are often beyond the control of local communities.  

The increasing land use pressure that occurred within the study area during the last three 

decades constitutes the primary force for the degradation of the natural ecosystem. The 

direct pressure toward vegetation cover degradation in the study area which was 

highlighted by the local community includes charcoal and firewood production, 

agricultural expansion, timber harvesting, overgrazing and pastureland expansion, 

settlements expansion, and expansion of mining activity to natural habitat. These results 

follow the remote sensing observation which shows that during the 1987-2020 period 

due to anthropogenic pressure, there was an expansion of cropland, built-up land, and 

shrubland at the expanse of forestland, grassland, and wetland. This observation aligns 

with the finding from Shapiro et al. (2021) who found that the high level of forest 



358 
 

degradation in DR Congo is associated with the built-up area and demonstrated that the 

expansion of smallholder agricultural activities (Tyukavina et al., 2018) contributes to 

the most to deforestation in this country. Furthermore, the deforestation and destruction 

of natural habitats have been reported as the main drivers of change in the supply of 

ecosystem services. The forest land and wetlands are perceived to have the highest 

ecosystem service potential value. Thus, the destruction of these ecosystems due to 

expansion of anthropogenic activity leads to degradation. In addition, this land use 

change is perceived by land users as a direct driver of soil erosion in this area. People 

noted that the cropland and built-up land are the most vulnerable to erosion process in 

their entities while the grassland, shrubland, and forest land are the least vulnerable to 

erosion process. Other direct factors contributing to the exacerbation of soil erosion in 

the study area include improper tillage and missing or insufficient soil and water 

conservation measures.    

5.5.3. State of land degradation 

The state indicator of the DPSIR model indicates the current condition of the land. The 

LULC change, the land productivity dynamics, the dynamics of ecosystem service, and 

the dynamics of soil erosion were considered indicators of land degradation in this 

study. The observed change in LULC for the 1987-2020 period indicated that there is a 

decrease of forestland, grassland, and wetland at an annual rate of 0.5%/year or 

11.61km2/year, 2.04%/year or 9.55km2/year and 2.04%/year or 2.30km2/year. This 

decrease of green cover and encroachment of wetland is done at the expanse of 

anthropogenic LULC types such as cropland (4.53%/year or 5.68km2/year) and built-

up area (11.96%/year or 9.40km2/year). Overall, during the 1987-2020 period, about 

34.17% (1424.79km2) exhibited a green cover degradation. Considering the land 

productivity dynamics, it was found that 31.25% of the territory is characterized by a 
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decrease in land productivity, indicating that there is a degradation of the land 

productivity at a rate of 0.95%/year. The decrease in land productivity is variable 

according to the LULC category. For instance, throughout the analysis, 20.89% of 

forest land has been characterized by a decrease in land productivity while 31.58% of 

farmland shows a similar trend. This degradation of productive land is already felt by 

the local community which reported that there is a decrease in farmland yield 

productivity (68.8% of respondents) and scarcity of forestry products due to forest 

degradation (58.1%) which occurs in their entities. Using the trend of the perceived 

ecosystem service value, it was found that both the provisioning, regulating service, 

and supporting have decreased by 12.9%, 12.37%, and 11.93% respectively during the 

1987-2020 period as a consequence of LULC changes. Overall, 28.44% (1177.62km2) 

of the study area is characterized by a decreasing pattern of ecosystem service. 

Considering the soil erosion dynamics, it was found that the annual soil loss increased 

from 32.08t/ha/year in 1987 to 44.35t/ha/year in 2020, indicating that the soil is 

degrading. During this period, 39.10% (1617.33km2) of the territory was characterized 

by an increase in soil loss. These spatial observations were confirmed by 61.2% of 

respondents who noticed that the erosion problem has increased over time in their 

territory. Furthermore, under the current situation, 29.81% of the territory is 

characterized by a soil loss which is higher than the tolerable limit of 10t/ha/year. 

Although the cropland represents only 7.60% of the territory, it contributes to about 

37.56% of total soil loss by erosion in this sector due to a lack of appropriate soil and 

water conservation processes. 

5.5.4. Impact of land degradation 

The impact indicators of the DPSIR model present the effects of changes of state of the 

land. Land degradation has several consequences on the livelihood of the population in 
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the territory of Kalehe. The respondent noted that due to the degradation of forest land, 

there is a decrease in the availability of firewood, scarcity of no timber products, lack 

of wood for construction, a decrease in soil fertility leading to the decline in crop yield, 

the increasing problem of erosion, landslide, and flood, the siltation of river, loss of 

biodiversity, deterioration of air quality, change in rainfall pattern. On the other hand, 

the increase in erosion contributes to the decrease in land productivity as the soil erosion 

washes away the topsoil, reduces the soil depth, and contributes to the loss of soil 

fertility. This exacerbates the problem of food insecurity (hunger) and reduces the living 

standards in this region as the smallholder farmers become poorer due to the reduction 

of farmland productivity which constitutes the main livelihood activity in this area. In 

addition to that, it contributes to the alteration of water quality through the siltation of 

rivers and sediment loads into surface water. Another consequence is the destruction of 

infrastructure resulting from the gully erosion and landslides that occur in this area. The 

increase of surface water runoff and flooding in the study area can also be related to 

land use change and climate change. Another impact of land degradation is the 

emergence of land use conflict in the area. Indeed, due to the decrease in agricultural 

productivity, people look for additional land and they noted that their preference is for 

forest land, shrubland, and grassland which are perceived as fertile land. This creates 

conflicts among farmers, pastoralists, and conservationists due to the competition of the 

land. Although the exploitation of natural resources is prohibited in the national park 

(National Parc of Kahuzi-Biega), due to poverty and scarcity of forestry resources, there 

is also some illegal exploitation of mineral resources, production of charcoal, illegal 

timber harvesting, and illegal hunting to meet the bushmeat demand of people in the 

landscape of National Park of Kahuzi Biega. Furthermore, there is an expansion of 

pastureland and agricultural land in the ecological corridor of this park. These activities 
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contribute to the destruction of species habitat, and loss of biodiversity and exacerbate 

the resource usage conflicts in this territory.    

5.5.5. Response to land degradation   

The Response indicator refers to the efforts of the society to solve the land degradation 

problem. In reference to the Land Degradation Neutrality (LDN) principles, the 

responses to land degradation can be categorized into three main groups: avoiding, 

reducing, and reversing land degradation (UNCCD, 2018, Cowie et al., 2018). The 

Figure 5.1 presents the responses to land degradation identified in the study area based 

on these categories. Avoiding land degradation refers to practices aimed at preventing 

further degradation of land by addressing the drivers of land degradation through 

appropriate regulation, planning, and sustainable land management practices. The 

actions of reducing land degradation includes measures that mitigate ongoing 

degradation on land resources through the application of sustainable land management 

practices and by reducing the pressure on ecosystems. The actions of reversing land 

degradation aims to restore or rehabilitating degraded land to its former productivity 

and ecological function through corrective measures (UNCCD, 2018, Cowie et al., 

2018). In this perspective, to minimize the impact of land degradation in the study area, 

different recommendations have been formulated by local communities. Hierarchically, 

the respondent proposed a set of measures that should be implemented to reduce the 

problem of forest degradation. These measures include the improvement of agricultural 

productivity to reduce pressure on the forest ecosystem, the promotion of tree planting 

through an environmental education program, the promotion of alternative livelihood 

activities, the sustainable use of forest products, poverty eradication, law enforcement, 

improvement of land ownership, use of alternative source of energy and provision of 

energy saving stove, control of forest fire and protection of wildlife habitat. In addition 
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to these proposed measures, people have adopted different strategies to cope with the 

problem of erosion. The adopted soil and water conservation measures in the study area 

include fallowing, vegetative cover (mulching), agroforestry and tree planting, trenches 

and drainage ditches, crop rotation, and grass-bound or brushwood fences. However, 

the adoption of conservation measures is low in this territory. Only 57% of respondents 

reported that they adopted at least one soil and water conservation measure. Thus, it is 

important to address the challenges to the adoption of conservation measures such as 

the lack of training and technical support through extension services and environmental 

programs. This study demonstrated that strip cropping, agroforestry, and terracing are 

the most effective soil and water conservation options in the study area but they are not 

extensively applied in the territory due to a lack of training, and technical and financial 

support. Furthermore, some soil conservation techniques such as agroforestry and tree 

planting are not allowed in rented plots. This call for action to resolve the land tenure 

issue, facilitating training and experience sharing between farmers, subsidizing 

agricultural input, improving the availability of agricultural input (seeds, pesticides, 

fertilizers) to farmers, improving access to credits and loans for smallholders farmers, 

strengthening and advising farmers to works into cooperatives to facilitate capacity 

building and financial inclusion, recruit extension workers and implement extension 

center in the villages. Due to the degradation of farmland, the strategy adopted by 

farmers includes fallowing, abandonment of land, and search for additional land in the 

forest and old fallows which are perceived as the most fertile, crop rotation, 

intercropping, improvement of the fertility of land through manure application and 

agroforestry. Despite that the adoption of agroforestry is low (20.10%), this study 

demonstrated that the implementation of agroforestry in cropland and the afforestation 

of shrubland and bare land constitute effective solution to reduce the erosion by more 
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than 60 percent in the study area. It was observed that there is an encroachment of 

wetland in the territory although wetland is recognized to play a key role in the 

regulation of the water cycle, control of water quality, and regulating flood. Thus, it is 

necessary to restore the degraded river banks in this area. Since the land is not used 

sustainably, future land use plan should be participative, take into account the land 

capability, and considers the tradeoff between environmental protection and economic 

development to avoid further degradation and resource use conflicts. 

5.5.6. Determinants of adoption of conservation measures 

Although people are aware of the problem of land degradation in their entity, the 

adoption of conservation measures is low. About 57% of respondents did not adopt any 

conservation practices to cope with the problem of land degradation. This rate of 

adoption is low compared to what has been found in Ethiopia where 76% of farmers 

have adopted a different type of soil and water conservation technologies into their 

farms (Gedefaw et al., 2018). This low rate of adoption of conservation practices within 

the study area is related to a set of challenges such as lack of training and knowledge 

about the conservation techniques, lack of technical support to implement the 

conservation measures, lack of financial support, the small size of farmland, land tenure 

issues as some techniques like agroforestry are not allowed in rented land. To overcome 

these constraints there is a need for more awareness and training about the soil and 

water conservation measures. Respondents proposed a set of strategies to overcome the 

challenges that they face. Among the proposed strategies, there is a necessity to resolve 

the land tenure issue and increase farmland sizes, facilitate access to training and 

experience sharing among farmers, subsidize agricultural input, improve the 

availability of agricultural input (seeds, pesticides, fertilizers) to farmers, improve 

access to credits and loans for smallholders farmers, organizing farmers into 
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cooperatives to facilitate capacity building and financial inclusion, recruit extension 

workers and implement extension center in the villages. In addition to that, evidence 

from other countries like Kenya has shown that people are more willing to implement 

conservation options with income generating which tends to be more desirable as the 

income constitutes an insensitive for farmers to adapt the land management measures 

(Kizito et al., 2021). The implementation of soil and water conservation measures by 

farmers can increase cropland productivity, reduce soil loss by erosion, control flood, 

contribute to the improvement of soil fertility, and constitute the source of fuelwood for 

domestic energy and forage for livestock (Toromo et al. 2019, Yifru & Miheretu, 2022). 

These positive benefits associated with the conservation practices could constitute an 

incentive for farmers to adopt these measures. 

The adoption of soil and water conservation measures to cope with land degradation in 

the study area depends on the socio-economics characteristics of the respondents. The 

adoption of conservation measures is significantly influenced by the farming seniority, 

the size of the household, the education level, access to extension services, and the slope 

of farmland. However, the age, the stay period, and the distance to farmland have a 

negative influence on this adoption. 

The negative influence of age on the adoption of conservation practices can be 

explained by the fact that the respondent noted that one of the challenges of adoption is 

the supplement labor associated with the implementation of conservation activities. 

More energetic youth people are the ones who adopted the conservation action in their 

farmland compared to elders. These findings are in line with the results from Cherono 

et al. (2019) in Kenya and Asfew et al. (2023) in Ethiopia who reported that the 

probability of a farmer participating in soil management decreases when their age 
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increases considering that the elderly may not have enough force to maintain the 

conservation measures.  However, it is noted that the seniority in farmland influences 

positively the adoption while the stay period has a negative influence. Then for the same 

group age, the adoption of conservation practices depends on the years of experience 

in farming. A senior farmer is more likely to adopt conservation practices than a junior 

farmer. This may be explained by the fact that the experienced farmers have identified 

strategies to adapt to the environmental changes that occur in their entity. In addition, 

experienced farmers can detect land degradation problems and have a higher chance to 

participate in conservation measures than inexperienced ones (Nigussie et al., 2017, 

Wordofa et al., 2020). The stay period has a negative influence on the adoption of 

conservation due to the low access to training and extension services in the territory. 

The immigrants come with new knowledge about land management that they have 

previously acquired in their area of origin and are the ones who implement the 

conservation practices compared to the autochthone. Furthermore, the finding of this 

study reveals that the adoption of conservation practices increases with the size of the 

household. This is explained by the availability of people to carry out supplement labor 

work associated with the implementation of conservation practices. This result 

disagrees with the observations of Bekele & Drake (2002) in Eastern Ethiopia where 

large family size was negatively correlated to the conservation decision due to the 

competition between food production and investment in conservation. However, they 

corroborate with the results of Tadesse & Belay (2004) in southern Ethiopia where the 

adaption of conservation measures is positively influenced by the number of active 

people as the implementation of conservation measures was known to be labor 

intensive. These differences and similitudes are related to the fact that the study area 

has different agroecological and socio-economic conditions under which the farmers 
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operate. Therefore, it is difficult to generalize the determinants of the adoption of 

conservation measures (Bekele & Drake, 2002).   

The education level of the household head and access to extension services also increase 

the likelihood of the adoption of conservation measures. This finding corroborates a 

previous study by Yifru & Miheretu (2022) who stated that the level of education of 

farmers improves their decision to adopt conservation measures. This is because literate 

land users and people who have attended training provided by extension services have 

access to scientific knowledge about conservation and play the role of contact person 

between their community and extension agents during the dissemination of information 

about conservation practices. They have access to updated information about the 

consequences of land degradation and then tend to implement conservation strategies 

to avoid the adverse impact. This finding agrees with Wordofa et al. (2020) who 

reported that the access to extension services by farmers contributes to their willingness 

to adopt conservation measures as there is a development of awareness and 

understanding of soil erosion.    

The slope and distance to farmland are the physical factors that influence the adoption 

of conservation practices within the study area. The slope of the land is one of the 

physical factors that influence the occurrence of erosion (Tesfahunegn et al., 2021) and 

people who have their plots on the steep slopes are the ones who experience the 

problem. Then they adopt a strategy to reduce this problem more than people who have 

their plots on gentle slopes or flat areas. This is consistent with the fact that people who 

perceive that their land area is at risk of erosion are more likely to invest in the 

implementation of conservation measures (Tadesse & Belay, 2004, Yifru & Miheretu, 

2022). In contrast, the distance of the farmland from the homeland decreases the 
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adoption of conservation practices because farmers don’t frequently go to distant plots 

and they are tired when they arrive there as they notice that one of the challenges, they 

face in implementing the conservation practices is that it requires more labor. A similar 

finding was obtained by Asfew et al. (2023) who noted that access to remote plots 

requires more time and effort. Furthermore, distant plots receive less effort and care 

regarding the implementation of conservation measures (Saguye 2017b). Thus, it is 

difficult for farmers to monitor and maintain conservation structures when their 

farmland is far from their homes.     

Considering the above findings, some policy implications for conservation planning 

arise. The main implication is that any conservation intervention within the study area 

should be tailored to the socioeconomic characteristics of farmers and the structural 

characteristics of farmland. Indeed, the development of policies and programs to tackle 

the effect of land degradation needs to take into account the determinant factors of land 

farmers' decision to adopt conservation measures. Therefore, the identified factors must 

be integrated into the conservation plan (Tenge et al., 2004). For instance, the findings 

of this study demonstrated that there is a positive influence of the education level on 

the adoption of conservation measures. This implies that the stakeholders who want to 

implement the conservation measures within the study area should use the more 

educated people as focal points to demonstrate the importance and benefits associated 

with the implementation of conservation measures (reduction of erosion, increase of 

crop yield, improvement of soil fertility, production of forage for livestock, fuelwood, 

etc.) through demonstration plots. Since access to extension services increases the level 

of adoption, there is a necessity for institutional support to increase the number of 

extension workers in the village and to implement extension centers in each health 

center of the territory to reach more people. The findings of this research demonstrated 
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that young people were more likely to implement conservation measures compared to 

older although older people have more experience. This implies that conservation 

planners should favorite an experience sharing between older people and young people 

through the organization of the local community and the young people should be the 

first target during the training on conservation practices. This can be done through the 

organization of community forums and exchange visits. The results highlight that the 

size of households has a positive influence on the adoption of conservation measures. 

Thus proper management of labor through community actions should be promoted by 

extension services so that the conservation goals can be attained. Furthermore, it was 

also found that people are willing to adopt conservation measures when the farm plot 

is close to their home. This fact should be taken into account by planners to maximize 

the expected results. Finally, people who identify their farmland plot as at a high risk 

of degradation (farmland located on a steep slope) are adopting conservation measures. 

This implies that there is a need to increase awareness about the drivers of land 

degradation and demonstrate the benefits of adopting conservation measures to reduce 

the risk of degradation in the study area. 

5.5.7. Land degradation management plan 

The results of this study demonstrated that the land degradation is a significant and 

persistent issue in the highlands of eastern DR Congo. In order to alleviate the current 

degradation and prevent future degradation, it is essential to incorporate the causes and 

effects of the land degradation into the planning process by linking the driving forces, 

the pressure, states, and impacts of land degradation as depicted in the previous section 

on the DPSIR indicators of land degradation within the study area. This could be 

possible by using a multidisciplinary approach combining field observations, geospatial 

techniques and participative approach. This participative approach is essential to 
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include all the stakeholders implying in the management of natural resources in this 

territory in the land use planning process so that the plan can respond to people 

aspiration. In these perspectives, a comprehensive land degradation management plan 

has been developed based on the finding from both the spatial modeling approach and 

the stakeholder opinion (community perception) on land degradation and adoption of 

conservation measures.  

5.5.7.1. Situation analysis and identification of key issues 

The hifhlands of Eastern DR Congo face significant land degradation due to a 

combination of both natural factors (dominance of steeps slopes, high rainfall intensity, 

and clayey soils) and anthropogenic factors such as population growth, economic 

development, deforestation, overgrazing, and unsustainable agricultural practices. 

These drivers have led to severe soil erosion, loss of soil fertility, reduced vegetation 

cover, and land fragmentation wich resulted in loss of land productivity and negatively 

affect the community livelihood. The rapid expansion of agricultural land and urban 

areas in inadequate lands without the implementation of adequate conservation 

measures has exacerbated the issue, with forests being cleared and wetland drained for 

farming and development, leading to further environmental degradation. Moreover, due 

to population growth, there is an increase in land fragmentation and exacerbation of 

land tenure security which remains a critical issue in the region.  

The impacts of land degradation in Kalehe are profound, affecting food security and 

community livelihood, water quality, and the overall ecological balance of the region. 

Quantitative data reveals that the soil loss by erosion have increased from 32.08 

t/ha/year in 1987 to 44.35 t/ha/year in 2020 due to land use changes, and low adoption 

of soil and water conservation practices. Many local communities rely on traditional 

agricultural practices (slush and burn agriculture) and have limited access to resources 
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and training for sustainable land use. Tailoring conservation actions to the socio-

economic characteristics of farmers is essential to ensure higher adoption rates and 

long-term success. Over the same period (1987-2020), 34.17% of the land has been 

subjected to potential degradation due to unsustainable land use practices which are not 

in accordance with the land use potential. Additionally, about 32% of the territory is 

prone to high to very high vulnerability to physical land degradation processes such as 

erosion and landslides, and 31.25% of the territory has experienced a decrease in land 

productivity.  

To address these challenges, it is crucial to implement sustainable land management 

practices, promote reforestation, engage local communities in conservation efforts, and 

improve community livelihoods. However, these efforts require substantial 

coordination and collaboration among various stakeholders, including the territorial 

administratives authorities, the ministry of planning, the ministry of environment and 

sustainable development, the civil society, NGOs, and local development organisations, 

farmers, community leaders, extension workers, local community, and academic 

institutions as outlined in the Table 5.1 which summarizes the key issues, activities, and 

stakeholders involved in addressing land degradation in the highland region of Eastern 

DR Congo. 
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Table 5.1: Land degradation management plan 

Category Issues identified Activities Stakeholders 

Unsustainable 

land use  

Unsustainable 

agricultural 

practices and 

increasing human 

activities leading 

to habitat loss 

- Adjust land use 

according to land 

capability - Implement 

agroforestry - Forest 

landscape restoration 

initiatives - Forest, 

wetland, and river bank 

protection 

- Territorial 

Administrative 

Authorities - Ministry of 

Planning - Ministry of 

Environment and 

Sustainable 

Development - Farmers 

and Community Leaders 

Soil Erosion Natural factors 

(Steep slopes and 

high rainfall) and 

unsustainable 

land use 

contributing to 

soil erosion 

- Implement soil and 

water conservation 

measures - Increase 

vegetation cover - 

Promote sustainable 

farming on less steep 

areas - Establish 

demonstration centers 

- Civil Society, NGOs, 

and Local Development 

Community 

Organizations - Farmers 

and Community Leaders 

- Research Institutions 

and Universities 

Land 

fragmentation 

Unequitable land 

distribution or 

access due to 

population 

growth and 

leading to land  

fragmentation  

- Participatory land use 

planning - Address land 

conflicts through land 

consolidation tools and 

training- Strengthen land 

tenure systems 

- Territorial 

Administrative 

Authorities - Ministry of 

Planning - Civil Society, 

NGOs, and Local 

Development 

Community 

Organizations 

Limited 

adoption of 

conservation 

practices 

Lack of 

awareness and 

technical 

knowledge on 

soil and water 

conservation 

measures 

- Environmental 

education and awareness 

programs - Tailor 

conservation actions to 

the socioeconomic 

characteristics of farmers 

- Demonstration centers 

- Civil Society, NGOs, 

and Local Development 

Community 

Organizations - Farmers 

and Community Leaders 

- Research Institutions 

and Universities 

Deterioration 

of community 

livelihood 

standards 

Dependence on 

degrading 

practices and low 

agricultural 

productivity 

leading to 

poverty and food 

insecurity 

- Increase agricultural 

productivity - Promote 

alternative livelihood 

activities - Introduce 

renewable energy 

solutions - Improve 

accessibility to subsidiary 

programs 

- Farmers and 

Community Leaders - 

Civil Society, NGOs, 

and Local Development 

Community 

Organizations - Ministry 

of Environment and 

Sustainable 

Development 

Destruction of 

sensitive 

ecosystem  

Loss of sensitive 

ecosystems and 

wildlife habitats 

- Restore forests in 

critical areas - Implement 

soil and water 

conservation measures - 

Protect wetlands and 

riverbanks - Increase 

vegetation cover to 

protect sensitive 

ecosystems 

- Ministry of 

Environment and 

Sustainable 

Development - Civil 

Society, NGOs, and 

Local Development 

Community 

Organizations - 

Research Institutions 

and Universities 
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5.5.7.2. Objectives and activities of the management plan 

The overall objective of the developped land degradation management plan (Table 5.1) 

is to reduce land degradation and promote sustainable land use in the highlands of 

Eastern DR Congo. This plan is designed to address the root causes of land degradation 

through a combination of sustainable land use planning, conservation measures, 

restoration initiatives, and community engagement. This integrated approach is 

expected to contribute to long-term environmental sustainability, improved agricultural 

productivity, and poverty reduction. 

The primary objective of this land management plan is to reduce land degradation by 

optimizing land use according to land capability, engaging local communities in 

participatory land use planning, and addressing land conflicts through consolidation 

tools and training. Additionally, the plan's emphasis on strengthening land tenure 

systems and promoting equitable land distribution aims to mitigate land use conflicts 

and foster community participation in conservation efforts.  

The second objective of the plan is to increase the public awareness on land 

conservation practices. Indeed, raising awareness of local community about appropriate 

soil and water conservation options is crucial for controlling soil erosion and runoff. In 

the perspective of raising public awareness and increase the adoption of soil and water 

conservation practices among local communities, there is a necessity  to implement 

demonstration centers as well as the development of environmental education and 

awareness programs tailored to the local socioeconomic characteristics of farmers and 

structural characteristics of theirs farmlands. It is also important to involve the civil 

society organizations and extension workers in these activities as they are vital for 

disseminating information and best practices. 
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The third objective of the plan is to restore degraded lands and protect sensitive 

ecosystems such as forestland and wetland through the implementation of restoration 

initiatives, such as forest landscape restoration, soil and water conservation measures 

and protection of wetlands and riverbanks. These measures are designed to restore 

degraded lands, enhance biodiversity, and protect sensitive ecosystems. By promoting 

sustainable land use and restoration of degraded lands, the plan aims to enhance the 

resilience of local ecosystems and communities. However, the capacity building for 

local communities and territorial administrative authorities is essential for the 

successful implementation and monitoring of restoration initiatives.  

The fouth objective of the management plan is to improve the community livelihoods 

by increasing the agricultural productivity, promoting alternative livelihood activities, 

and introducing renewable energy solutions to reduce the community's dependence on 

degrading practices. This, in turn, can help alleviate poverty and reduce pressure on 

natural ecosystems. Thus, there is a necessity to provide training on improved farming 

techniques and resources to farmers to increase the agricultural productivity and ensure 

that they have access to support and subsidiary programs. The involvement of territorial 

administrative authorities and civil society organizations is crucial for implementing 

subsidiary programs and supporting farmers. 

5.5.7.3. Implementation of the management plan 

The action plan (Table 5.2) contains the strategies that can be implemented in the study 

area to guide the implementation of conservation measures to reduce the current land 

degradation and avoid future degradation. The identified key priority actions are the 

sustainable land management planning, public awareness through the vulgarization of 

conservation measures, restoration of degraded land and protection of ecological 

sensitive area, and improvement of community livelihood.  
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Table 5.2: Proposed action plan for reducing the land degradation vulnerability 

Action Objective and 

justification 

Specific actions Actors Corresponding 

actions 

Developing and 

implementing 

Sustainable Land 

Use Management 

Plans 

 

Implementing 

periodː Medium 

term 

-Reduce the land 

degradation  

-Find a tradeoff 

between 

conservation and 

development 

-Reduce land use 

conflicts 

-Increase the 

degree of 

participation of 

local 

communities in 

land use planning 

- Adjustment of the land 

use according to land 

capability 

- Participatory land use 

planning 

- Land consolidation 

-Reduction of land 

diversification 

-Increasing the patch 

shape size and 

complexity 

-Maintaining the patch 

connectivity 

-Improvement of the 

land tenure security 

-Territorial 

administrative 

authorities  

-Ministry of 

planning 

-Civil society, 

NGOs, and local 

development 

community 

organization 

- Research 

Institutions and 

Universities 

 

-Land use zoning 

-Participative rural 

appraisal  

-Participative 

mapping 

-Training of 

territorial level 

administrates 

authorities on 

participative 

planning  

-Training of leaders 

of community-based 

organization on 

participative 

mapping 

Public awareness 

through the 

vulgarization and 

implementation of 

soil and water 

conservation 

measures 

 

Implementing 

periodː Short 

term 

-Raise awareness 

about appropriate 

soil and water 

conservation 

(SWC) options to 

control soil 

erosion and 

runoff 

-Increase the 

adoption of SWC 

measures 

-Implementation of 

environmental education 

and awareness programs 

-Establishment of 

demonstration centers in 

each health zone or 

village 

-Tailor SWC actions to 

the socioeconomic 

characteristics of farmers 

-Territorial 

administrative 

authorities 

-Ministry of 

environment and 

sustainable 

development  

-Civil society, 

NGOs, and local 

development 

community 

organization 

-Farmers 

-Recruiting and 

training of extension 

workers 

-Production and 

dissemination of 

vulgarization guides 

for best land 

management 

practices  

-Training of civil 

society staff on best 

land management 

practices and land 

degradation 

monitoring 

Restoring 

degraded lands 

and protection of 

sensitive 

ecosystems 

 

Implementing 

periodː Short 

term 

-Reduce the 

vegetation cover 

loss 

-Reduce the 

runoff, and soil 

loss by erosion 

-Increase the 

infiltration rate 

of rainfall 

-Conserve 

sensitive 

ecosystems 

-Wildlife habitat 

protection 

-Implementation of 

forest landscape 

restoration initiatives  

-Forest, wetland and 

river bank protection 

- Implement soil and 

water conservation 

measures to reduce soil 

erosion and runoff 

-Increase vegetation 

cover and reduce 

farming activities on 

steep slope 

-Territorial 

administrative 

authorities 

-Ministry of 

environment and 

sustainable 

development  

-Civil society, 

NGOs, and local 

development 

community 

organization 

-Farmers 

-Capacity building 

of local communities 

on implementation 

of restoration 

initiatives 

-Capacity building 

of territorial 

administrates 

authorities and civil 

society staff on the 

monitoring, 

evaluation and 

reporting of 

restoration 

-Law enforcement 

programs 

Improvement of 

the community 

livelihood 

 

Implementing 

periodː Medium 

term 

-Poverty 

eradication 

-Reducing the 

pressure on 

natural 

ecosystem 

-Increasing agricultural 

productivity 

-Promoting alternatives 

livelihoods 

activities,alternatives 

sources of energy 

-Improving accessibility 

to subsidiary programs 

-Territorial 

administrative 

authorities 

- Civil society, 

NGOs, and local 

development 

community 

organization 

- Implementation of 

subsidiary programs 

to support farmers 
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CHAPTER SIX                                                                                                 

CONCLUSIONS AND RECOMMENDATIONS 

6.1. Introduction 

This study investigated the LULC dynamics and land degradation in Kalehe territory. 

This chapter presents the summary of the finding of this research, the policy 

recommendations that arise from these findings and propose an action plan that should 

be implemented in the study area to reduce the land degradation vulnerability and avoid 

futher degradation. Furthermore, the areas for further research to improve the 

sustainable land management in the study area are explored. 

6.2. Conclusion  

This study aims to assess the spatial pattern of land degradation in the Kalehe territory 

as a basis for designing sustainable land management and conservation planning. A 

mixed approach combining geospatial techniques, remote sensing, and stakeholder 

consultation was used. The geospatial data was used to assess the land use dynamics, 

its impact on ecosystem services, land productivity, and soil erosion. Furthermore, a 

Multicriteria Decision Model was developed to assess the land degradation 

vulnerability pattern. The results of these geospatial analyses was triangulated with 

community perception to identify the DPSIR (Drivers-Pressure-State-Impact-

Response) indicators toward the land degradation mitigation. 

The results indicated that during the last 33 years (1987-2020), the territory of Kalehe 

has been subjected to rapid environmental changes resulting from the expansion of 

cropland, built-up area, and shrubland at the expanse of forestland, wetland, and 

grassland. These changes are expected to continue in the future. For instance, the 

projected LULC demonstrated that the forest cover will further decreases from 47.02% 
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in 2020 to 41.30% in 2030, 41.20% in 2050, and 38.16% in 2070 while the cropland, 

built-up land and shrubland would be expanding. These LULC changes have 

significantly contributed to the land degradation with the prominent manifestation are 

the degradation of land cover (34.17% of land), decrease of land productivity (31.25% 

of land), decrease of ecosystem service value (28.44% of land), and increase of soil 

erosion (from 32.08 t/ha/year in 1987 to 44.35 t/ha/year in 2020) during the 1987-2020 

period. This calls for rethinking the land use management options to ensure that the 

land use transition is beneficial for human well-being and environmental sustainability.  

In order to reverse this ongoing degradation and reach the LDN by 2030, there is a 

necessity for implementation of sustainable land use management. The scenarios 

analysis of soil erosion under different conservation practices reveals that terracing, 

agroforestry and strip cropping are the most effective conservation options to reduce 

the erosion within the study area. However, these technics are not extensively adopted 

by land users due to challenges such as lack of knowledge, financial and technical 

constraints. As an illustration, the agroforestry and forest plantation have a potential to 

reduce the current rate of erosion by 62.28% but it is adopted by only 20.10% of 

respondents. Furthermore, the decision of land users to adopt the conservation measures 

and their perception on the severity of land degradation depend on their socio-

economics characteristics. Moreover, the local community is aware of the cause of land 

degradation which occurs in their locality and they are already experiencing its 

consequences. Thus, planners and policy makers should consider the determinant 

factors of perception on land degradation and adoption of conservation measures 

identified in this study as well as the land user’s perspectives on the DPSIR (Drivers-

Pressure-State-Impact-Response) indicators of land degradation to develop effectives 

conservation programs which take into accounts the aspirations of people. 
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The analysis of the impact landscape characteristics on the dynamics of erosion and 

ecosystem service supply potential reveals that the proportion of forest land in the 

landscape is positively correlated to the ecosystem supply potential but negatively 

correlated to the soil loss by erosion. In contrast, the patch density which is an indicator 

of land fragmentation is negatively correlated to the ecosystem supply potential but 

positively correlated to the erosion. Moreover, the most influential landscape structure 

metrics on both soil erosion and ecosystem supply potential are the Shannon diversity 

index and the Perimeter-area fractal dimension index which positively influence the 

erosion dynamics but negatively influence the ecosystem supply potential. This imply 

that, during land use planning, it is important to maintain a high forest cover, and reduce 

land fragmentation, and landscape heterogeneity but increase the size of landscape 

patches and the complexity of their shapes to enhance the ecosystem service supply 

potential and reduce the erosion risk.  

In order to determine the priority area for landscape restoration at territorial level in 

Eastern DR Congo, a model of land degradation vulnerability which take into account 

the natural and anthropogenic factors of degradation was developed based on the 

MCDA analysis approach. This model was tested in the Kalehe territory to identify the 

hotspot of land degradation vulnerability at territorial level and to prioritize watershed 

for implementation of landscape restoration initiatives. It was demonstrated that the 

developed model of land degradation has an overall accuracy of 77.82% for predicting 

the area with high susceptibility to occurrence of physical land degradation processes 

such as erosion and landslides which are more recurrent in the study area. The results 

of this model show that 32.01% of the territory is characterized by a high vulnerability 

and thus requires urgent measures for restoration. This vulnerability to land degradation 

is accentuated by the fact that the land is not used according to its capability. This imply 
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that there is a necessity to adapt the LULC to its capability to avoid further degradation. 

In this perspective, an adaptative land use scenario of the study area was developed to 

serve as a basis for discussion with local community during the participative land use 

planning.       

6.3. Policy recommendations   

This study reveals that the territory requires the implementation of measures and 

strategies to reduce the land degradation vulnerability. Based on the proposed action 

action plan, the policy recommendation to reduce the land degradation in Kalehe 

territory an beyond are presented below: 

6.3.1. Developing and implementing Sustainable Land Use Management Plans: As 

the current land use is not sustainable, there is a necessity to implement a new land use 

plan that is adapted to the land's capability to reduce land degradation vulnerability and 

improve existing land management practices. As there is competition between the use 

of land for agricultural production, pasture activities and settlements in one hand and 

the conservation of forest land and wetlands in other hand, a tradeoff between these 

land uses should be found through the consultation of land users by recognizing that 

people are integral agents of conservation outcomes. A zoning is then necessary to 

avoid land use conflict. The land capability maps provided in this study can serve as a 

basis for discussion during participatory land use planning through the application of 

participatory rural appraisals tools and GIS-based participatory tools. A prerequisite for 

that is the capacity building and training of administrates authorities on participative 

planning. Furthermore, in the study area, the landscape characteristics influence the 

dynamics of erosion and the supply of ecosystem services. To reduce the problem of 

erosion and enhance the provision of ecosystem services, it is important to reduce land 

fragmentation and land diversification while increasing the patch shape size and 
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complexity as well as maintaining the patch connectivity in the future land use plan. In 

doing so, the land use plan will improve the management of natural resources in the 

territory for both human and environmental sustainability.  

6.3.2. Vulgarization and implementation of soil and water conservation measures: 

There is a necessity for the vulgarization of proper cultivation techniques to control 

runoff and soil erosion in this territory. The scenario analysis of soil erosion under 

different soil and water conservation practices has demonstrated that terracing, 

agroforestry, and strip cropping are the most appropriate techniques to reduce soil loss 

by erosion in the study area. However, these techniques are not extensively applied by 

farmers due to a lack of knowledge about the techniques. Considering that effective 

education and awareness programs are the foundation for behavior change at 

community level, there is a necessity to produce and disseminates vulgarizations 

materials (guides, books, leaflets, flyers, videos) about the best land management 

practices, establish demonstration centers in each health zone or village of the study 

area to educate and mobilize farmers on the application of best soil and water 

conservation practices. Since the adoption of conservation technics depends on the 

socio-economics characteristics of people, any conservation intervention within the 

study area should be tailored to the socioeconomic characteristics of farmers and the 

structural characteristics of farmland. Additionally, training of extension officer and 

staff of the civil society organization about the application of land capability/land 

suitability maps as well as the land degradation vulnerability maps, the best land use 

management options and the monitoring and reporting of landscape restoration 

programs will be necessary for an effective implementation of conservation programs. 

Moreover, since certain conservation technics like the tree planting are not adopted in 
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rented land, there is a need to improve the land ownership (land tenure security) in this 

territory.  

6.3.3. Restoration of degraded lands and protection of sensitive ecosystems: The 

territory is dominated by an area with steep slopes in the eastern part of the region where 

deforestation is very high. These areas are more vulnerable to land degradation 

processes such as erosion and landslides due to both anthropogenic and natural factors. 

Other sensitive areas that should be considered for restoration purposes include the 

riparian area of the water body (rivers banks and lake shore) and wetland which plays 

a great role in flood regulation. The encroachment of these sensitives area should be 

discouraged through the enforcement of law. Furthermore, the study area is 

characterized by a decrease in green cover especially forest land and grassland which 

should be restored. There is a necessity for increasing the vegetation cover in the area 

characterized by the high vulnerability to reduce the runoff, and soil loss by erosion and 

increase the infiltration rate of rainfall. Thus, from a restoration perspective, the land 

degradation vulnerability map produced in this study can be used to identify the 

hotspots of land degradation where restoration measures such as forest landscape 

restoration initiatives could be prioritized. Furthermore, there is a need for law 

enforcement to improve the protection of natural resources.    

6.3.4. Improvement of the community livelihood: There is a high demands of forest 

resources especially the wood energy which is the most used energy in the study area. 

Furthermore, people practice slash and burn agriculture which contributes to forest 

cover loss. To reduce pressure on natural ecosystem, there is a necessity to enhance the 

agricultural productivity by improving the accessibility to agriculture impute and 
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subsidiary programs, promote alternative sources of energy, and promote alternative 

livelihood activities for poverty eradication. 

6.4. Research perspectives   

Although this study contributes to knowledge about the land degradation processes in 

Eastern D.R. Congo, it presents some limits that should be filled by feature research. 

Considering the scope of this study and the outcomes, there is a set of future research 

that should be done to enhance the sustainable management of natural resources in this 

region: 

6.3.1. Assessment of the impact of landscape dynamics on surface water runoff: 

The study used the dynamics of LULC change, soil erosion, land productivity, and 

ecosystem service as a proxy of land degradation. Although the study area is currently 

subjected to flooding, this study has not analyzed the impact of landscape dynamics 

and climate change on the surface water runoff dynamics. Thus, future research should 

evaluate this impact, determine the hotspots of surface water generation, and suggest 

effective soil and water conservation options to control the dynamics of surface water 

runoff in Eastern DR Congo.   

6.3.2. Assessment of the extent of chemical land degradation: This study focused on 

the physical land degradation process related to erosion and their interrelation with 

LULC changes in Eastern DR Congo. Other aspects of land degradation such as 

chemical degradation was not assessed in this study. For instance, the impact of soil 

erosion and LULC changes on the chemical properties of soil and water bodies has not 

been evaluated. Thus, it will be important to develop spatial models for predicting the 

soil and water quality vulnerability to land degradation processes at the territorial level, 
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assess the water quality index, soil quality index, and sediment contamination under 

different land uses. 

6.3.3. Development of a public participation GIS (PPGIS) to incorporate local 

knowledge perspective of land degradation and restoration in future land use 

decision-making process: The LULC changes detection analysis performed in this 

study provides insight into the past, present, and possible future land development in 

the study area. It demonstrated the trends of past land use development and how the 

land cover is likely to be degraded in the future. However, the information provided by 

the remote sensing images used in this study is constrained by the spatial resolution of 

Landsat images (30 m) which prevents the acquisition of more details. Furthermore, the 

remote sensing classification error can potentially propagate in the land use change 

projection. To improve the spatial analysis of LULC dynamics and to get more details 

about the past, current, and possible future land use in the study area, it can be necessary 

to use images with high spatial resolution such as Sentinel or Spot. Furthermore, there 

is a necessity to engage the stakeholders implied in the land use management for a better 

land use change and land degradation assessment. The PPGIS approach can be used in 

future studies to incorporate local knowledge perspective on land degradation and 

restoration in future land use decision-making process and to identify the land use 

conflict which can result in future land use allocation according to the variables interests 

of different stakeholders       

6.3.4. Comparison of the outcomes of different ecosystem services monitoring 

approaches for land degradation assessment: The assessment of the impact of LULC 

changes on ecosystem services was based on the land user’s valuation through the 

“matrix model”. In the future it will be necessary to evaluate the agreement of the 
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perceived ecosystem services value by land users with the monetary valuation of 

ecosystem service (economic valuation of ecosystem service) as suggested by Costanza 

et al. (1997) and the Economics of Ecosystems and Biodiversity (TEEB) database (Van 

der Ploeg & de Groot, 2010) and empirical valuation derived from the Integrated 

Valuation of Ecosystem Services and Tradeoffs (InVEST) tools. 

6.3.5. Assessment of the performance of data-driven model compared to 

knowledge-based models in the assessment of land degradation: This study 

demonstrated that the MCDA approach can be used to model the vulnerability to 

physical land degradation processes at a territorial level in Eastern DR Congo with a 

good performance in predicting the area which is susceptible to physical degradation 

processes such as erosion and landslides. However, the performance of this knowledge-

driven approach compared to the data-driven approach has not been assessed. 

Therefore, future studies should be focused on the evaluation of the performance of 

data-driven methods such as machine learning techniques (Random Forest, 

Classification and Regression Tree, and Support Vector Machine, etc.) and statistical 

methods (Frequency ratio, weight of evidence, regression, etc.) compared to knowledge 

driven approach related to MCDA in predicting the land degradation vulnerability at 

territorial level in Eastern DR Congo. This will help to determine the best approach for 

spatial modeling of land degradation vulnerability in this region. 
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APPENDICES 

 
APPENDIX I: HOUSEHOLD QUESTIONNAIRE 

 

The information provided will be used to analyze the community perception of the 

interrelation between land-use change and land degradation, their impacts on ecosystem 

services, and the conservation practices of natural resources in Kalehe territory, Sud-

Kivu province, Democratic Republic of Congo. The information obtained through this 

interview will be kept strictly confidential and used solely for this research. Your 

cooperation and contributions are highly appreciated.  

A. GENERAL INFORMATION 

Date……………………Name of interviewer……………………Questionnaire 

No………  

Collectivity/Chefferie: (1) Buhavu (2) Buloho 

Village/Groupement…………                        GPS location of village………… 

B. HOUSEHOLDS CHARACTERISTICS 

1. Age of the respondent ….. (0) 20-30 (1) 30-50  (2) > 50 

2. Sex of the respondent: (0) Male   (1) Female 

3. Marital status (0) Single (1) Married (2) Divorced/Widowed/Separated 

4. Size of the household…… (0) <5 (1) 5-10 (2) More than 10 

5. The main source of livelihood: (0) Cropping and livestock (1) State agent (2) Small 

business and trade (3) Others (specify)………………… 

6. Level of education: (0) none (1) Primary (2) Secondary (3) Tertiary (4) Others 

…………………………………………………………………………………….  

7. How long have you lived in this area? (0) 10-20 (1) 20-30 (2) More than 30 years 

C. FARMLAND CHARACTERISTICS AND PERCEPTION ON THE 

DEGRADATION OF AGRICULTURAL LAND 

8. Size of farmland........... (0) Less than 1 Ha (1)1-2 Ha (2) More than 2 Ha 

9. Distance to farmland (Time of walking in minutes) ........... (0) Less than 30 min (1) 

30-60 min (2) More than 60 Min 

10. Land ownership: (0) Inherited (1) Bought (2) Rented/Leased (3) Others (specify) 

11. For how many years have you exerted farming activities? ....  (0) 0-10 (1) 10-20 

(2) 20-30 (3) >30 years  
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12. What is the slope of your farmland? (0) flat (1) gentle/moderate (2) Steep 

13. What is the current crop productivity in your land compared to the last 10 years (1) 

Decreased (2) Increased (3) No change 

14. If the crop production decreased what is the main reason (0) Soil erosion (1) Loss 

of fertility (2) Unreliable rainfall (3) Crop diseases (4) Limited or inadequate land 

(5) Lack of agriculture input/High cost of agricultural input (6) Inadequate labor (7) 

Poor access to the subsidiary program (8) continuous cultivation without fallow 

(10) Others (specify)…………………………………………………… 

15. What have you done in the past when the crop production of your land decreased 

(0) Looked for additional land (1) Improve the fertility of the land (2) Fallow (3) 

Crop succession rotation (4) Intercropping/Multiple cropping (5) Agroforestry (6) 

others (specify)………………………………………………………………….… 

16. If you look for additional land for crop production, what kind of land do you look 

for (0) Forest land (1) Fallow land (2) Grassland (3) Others (specify)………  

 

D. PERCEPTION ON SOIL EROSION AND ADOPTION OF 

CONSERVATION PRACTICES 

17. Is soil erosion a problem on your land? (0) No (1) Yes  

18. What features lead you to believe that such a problem exists in your land, or what 

is the indicator of erosion in your land? (0) Rill’s formation (1) gullies formation 

(2) Landslides (3) deposits of soil in rivers banks (4) soil loss (5) Change of soil 

coloration (6) stone lines (7) roots pedestal (exposition of roots due to erosion) (8) 

others (specify) ……… 

19. Which category of land-use type is most affected by erosion in your locality? (0) 

Grazing land (1) homeland (settlements) (2) cropland (3) Forestland (4) All types 

of land others 

20. How the problem of erosion has evolved over the last 10 years in your area? (0) 

Increase (1) Decrease (2) No change 

21. What do you think is the main cause of erosion in your locality? (0) Nature of soil 

(1) Deforestation (2) Heavy rainfall and runoff (3) Steep slope (4) Runoff (5) 

Improper tillage (6) Livestock pressure and over-grazing (7) Lack of conservation 

structures (8) Improper farming (over-cultivation) (9) Not aware (10) Others 

(Specify)………… 
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22. What is the main effect (consequence) of soil erosion on your locality? (1) Soil loss 

from farmland (2) loss of fertility (3) Decrease in productivity of the land (4) 

reduction of soil depth (shallow soil depth) (5) Decrease quality of stream water 

(waterlogging, siltation of rivers) (6) Soil become coarser and stony (7) Reduction 

of farm plots size (8) flooding (9) Destruction of infrastructure and habitation (10) 

Not aware (11) Others (specify)……………   

23. Do you use one of these soil and water conservation measures to control or reduce 

soil erosion of your land?  

Soil and water conservation practices No Yes 

(0) Agroforestry   

(1) vegetative cover/mulching   

(2) Grassed bounds/ Brushwood fence   

(3) Tree planting     

(4) Trenches and drainage ditches   

(5) weeding/fallow   

(6) Intercropping/Multiple cropping   

(7) Crop rotation   

(8) others (specify)……..   

(9) I don’t use any of them (Go to question 24 and choose (0) No, 

otherwise if the respondent choose one or more of conservation 

practice select  (1) Yes for question 24) 

  

24. Adoption of conservation measure by the farmer (based on the response to the 

question above): (0) No (1) Yes 

25. What is the main challenge you experience that might hinder you to adopt soil and 

water conservation practices? (0) requires investment (money, equipment) (1) 

requires more labor (work) (2) Lack of technical support (3) reduced cropland 

(small farm size) (4) Lack of training (not familiar with the technique) (5) 

Technique not allowed in the rented plot (6) Large distance from the house to the 

plot (7) Others (specify)………. 

26. Have you received or participated in training related to soil and water 

conservation? (0) Non (1) Yes 
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27. If yes where, which of these institutions have visited your farm/trained you in 

SWC? (0) Religious institutions (1) NGO (3) Community-based organization (4) 

Government institution (5) Research institution (6) None (7) Others (Specify) 

E. PERCEPTION ON THE DEGRADATION OF FOREST LANDS 

28. How has the forest cover changed in your community over the last 10 years? (0) 

increased (1) Decreased (2) No change 

29. If the forest cover decreased, what is the major shift of forest cover change that 

occurred during the last 10 years in your locality  

(1) Natural forests have been converted to agricultural land (cropland) 

(2) Natural forests have been converted to grassland (pasture land) 

(3) Natural forests have been converted into human settlements  

(4) Mining activities have been expanded to natural forest 

30. How do you judge the evolution of the status of forest land in your community 

over the last 10 years? (1) The forest landscape is degraded (2) The forest 

landscape is intact (3) others 

Justification…………………………………………………………………………… 

31. If there is a degradation of the forest landscape, how do you rate the level of 

degradation? 

(1) Low (2) Moderate (3) High 

Justification…………………………………………………………………………… 

32. What would be the direct cause of LULC change and forest degradation 

(proximate causes)? (Cite the possible cause and select all the assertions for 

which the respondent says yes)  

Direct cause  No Yes 

(0) Charcoal production and firewood collection   

(1) Agriculture expansion and shifting cultivation on slash 

and burn  

  

(2) Settlements expansion   

(3) Mining activities   

(4) Bushfire/Forest fire   

(5) Migrant activities   

(6) Overgrazing   

(7) Colonization of land by immigrants   
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(8) Timber harvesting /Forest logging   

(9) Hunting activities   

(10) Development of infrastructures (roads)   

(11) others (specify)……..   

33. What could be the indirect cause (underlying causes) of LULC Change and forest 

degradation? (Cite the possible cause and select all the assertions for which the 

respondent says yes) 

Indirect cause  No Yes 

(0) Lack of off-farm activity   

(1) Poverty   

(2) population growth   

(3) urbanization   

(4) lack of law enforcement   

(5) Poor access to other alternative sources of energy   

(6) High demand for timber   

(7) political instability (rebellion, conflicts, war)   

(8) lack of financial resource   

(9) lack of agricultural input   

(10) others (Specify) ……………..   

34. What are the main consequences of forest degradation in your community? (0) 

Scarcity of no forest timber product (bushmeat, fruits, etc) (1) lack of firewood (2) 

lack of wood for construction (3) floods (4) depletion of water resources (5) soil 

erosion and landslides (6) Change in rainfall pattern (7) loss of soil fertility (8) 

Wild animal has been scarce (9) Siltation of rivers (10) others (Specify)……. 

35. What do you think should be done to reduce the rate of forest degradation in your 

community? (0) Improve agricultural productivity (1) Law enforcement (2) 

promote tree planting (3) Sustainable use of forest resources (4) use alternative 

sources of energy (5) Control the forest fire (6) improve ownership of land (7) 

promote alternative livelihood (8) Poverty eradication (9) Protect the wildlife 

habitat (10) Control mining activities (11) others (Specify) ………………… 
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F. COMMUNITY PERCEPTION ON THE DRIVERS OF ECOSYSTEM 

SERVICES CHANGES 

36.  A. What are the important products that you get from forest land (F), agricultural 

land (cropland) (A), settlements (Built-up area) (S), Waterbody (wetland) (W), 

grassland (shrub) (G), and bare land (B)? How do you judge the evolution of the 

availability of these products over the last 10 years? What could be the reason for 

the changes? 

Provisioning service LULC Trend (0=No change, 1= 

Increase, 2= decrease 

decrease,) 

Driver 

of 

change 

Bushmeat    

Firewood    

Timber    

Bamboo    

Grass for house 

construction 

   

Grass for livestock    

Fishes    

Edibles vegetables    

Mushroom    

Edibles fruits    

Medicinal plant    

Drinking water    

Water for bathing    

Water for livestock    

Honey    

B. Justification (reason for change or drivers of changes):  

(0) Deforestation (1) Illegal activities (3) Overexploitation (4) High demands (5) 

Climate change (6) Pollution and siltation of river (7) Burning of forest (8) Changes 

of traditional practices (9) Destruction of the natural habitat of wild species (11) 

overgrazing and expansion of pastureland (12) Others (specify)………………… 

  



434 
 

G. PERCEPTION ON THE IMPORTANCE (VALUE) OF ECOSYSTEM 

SERVICE PROVIDED BY EACH LULC TYPE 

Instruction: the stakeholder will be asked to use a scale of 0 to 3 and rate the 

importance or value of each LULC type in terms of availability and/or accessibility to 

each ecosystem service. 

Provisioning service  

 

37. How do you judge the importance (value) of each LULC in providing this 

provisioning ecosystem service? (0) Not important (1) least important (2) 

moderately important (3) Very important  

Provisioning 

service 

Forest 

land 

Cropland Grassland 

and 

Shrub 

Wetland Settlements 

(homeland) 

Barreland 

Bushmeat       

Firewood       

Timber       

Bamboo        

Grass for 

livestock 

      

Grass for 

house 

construction 

      

Fishes       

Edibles plants       

Mushroom       

Edibles fruits       

Medicinal 

plant 

      

Drinking 

water 

      

Water for 

bathing 
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Water for 

livestock 

      

Honey       

Comment if 

any  

 

 

Regulating service 

38. How do you judge the importance of each LULC in providing regulating services?  

Regulating 

service 

Forest 

land 

Agriculture 

land 

Grassland 

and shrub 

Wetland Settlements 

(homeland) 

Bare 

land 

Erosion control       

Flood control       

Fresh air (clean 

air) 

      

Water 

purification 

      

Disease control       

Pollination       

Comment if any  

Supporting services 

39. How do you judge the importance of each LULC in providing supporting 

services?  

Supporting 

service 

Forest 

land 

Agriculture 

land 

Grassland 

and shrub 

Wetland Settlements 

(homeland) 

Bare 

land 

Biodiversity 

conservation 

      

Conservation of 

water 

      

Conservation of 

soil fertility 

(Fertile soil) 

      

Comment if any  
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Cultural service 

40. How do you judge the importance of each LULC in providing cultural services?  

Cultural service Forest Agriculture 

land 

Grassland 

and 

Shrub 

Wetland Settlements 

(homeland) 

Bare 

land 

Spiritual belief        

Historical 

importance  

      

Aesthetic values       

Recreation       

Social relations       

Educational 

values 

      

Comment if any  

H. MISCELLANEOUS 

41. Do you have any comment, observation, or recommendation related to land 

management that will be helpful to address the problem of land degradation in 

your locality? 
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APPENDIX II: RESEARCH PERMIT 
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APPENDIX III: MAPS SHOWING THE POPULATION DENSITY, AND PROXIMITY FACTORS 
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APPENDIX IV: MAPS SHOWING THE SPATIAL AND TEMPORAL VARIATION OF C FACTOR 
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APPENDIX V: MAPS SHOWING THE EROSION DYNAMICS UNDER CONSERVATION SCENARIO 
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APPENDIX VI: MAPS OF ECOSYSTESM SERVICE SUPPLY POTENTIAL FOR 1987-2020 
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APPENDIXE VIIː MAPS SHOWING THE BIOPHYSICAL FACTORS OF LAND DEGRADATION VULNERABILITY 
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APPENDIXE VIII: MAPS SHOWING THE SOCIO-ECONOMICS FACTORS OF LAND DEGRADATION VULNERABILITY 
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APPENDIX IX: SIMILARITY REPORT 

 


