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ABSTRACT 

Spatio-temporal changes in ecosystem services and their linkage with landscape characteristics in the 

Beressa watershed, Blue Nile basin of Ethiopian Highlands 

Hamere Yohannes, PhD Degree, Addis Ababa University, 2021 

The increasing demand for goods and services by the increasing human population exerts immense 

pressure on ecosystem and leads to clearing of natural habitats and results in a decline of the capacity to 

provide ecosystem services (ESs). Understanding the change in ESs and their response to landscape pattern 

changes provides important insight for designing management interventions. This study was aimed at 

analyzing the spatio-temporal changes in ESs from 1972 to 2047 and their linkage with landscape 

characteristics in the Beressa watershed. The land use/land cover (LULC) layers of 1972, 1987, 2002, and 

2017 were mapped from Landsat images using the maximum likelihood classification (MLC) algorithm, and 

projected to 2032 and 2047 by Cellular Automata and Markov Chain (CA-Markov) model. Landscape 

structural change was then analyzed using FRAGSTATS tool.  The Integrated Valuation of Ecosystem 

Services and Tradeoffs (InVEST) model was employed to evaluate the state of the ESs indicators. Global 

Moran's I and Getis-ord Gi* spatial statistics were employed to identify the ESs spatial clustering and 

hotspots. The impact of individual landscape metrics and topographic variables was analyzed using Partial 

Least Squares Regression (PLSR) model. A post-classification comparison indicated that, natural 

vegetation, grassland, barren land and waterbody declined by 89.9%, 67.9%, 67.8 and 15.9%, respectively 

during 1972-2017. Conversely, plantation increased by 692.1% followed by human settlement (138%) and 

farmland (21.8%). A similar trend is likely to continue for 2032 and 2047, with a slight decline of 

plantation in 2047. Analysis of landscape metrics revealed that, number of patches (NP) for plantation, 

barren land, settlement and grassland increased by 171.4%, 69.7%, 65.8% and 28.6%, respectively. In 

contrast, natural vegetation, farmland and waterbody declined by 53.1%, 46.3% and 33.9%, respectively 

during 1972-2017. Future predictions showed a declining trend in the number of patches for all LULC 

types. An increasing trend in the largest patch index (LPI) and mean patch size (MPS) for farmland, 

plantation, and settlement categories was observed across all years, suggesting intensification of human 

activities in the landscape. Consequently, natural habitats have declined and become fragmented. These 

changes resulted in the significant loss of ESs provisions at varied rate. The mean carbon storage (CS), 

habitat quality (HQ) and crop production (CP) decreased by 23.3%, 20% and 14%, respectively, while the 

mean of sediment export (SE) and water yield (WY) increased by 45% and 27.4%, respectively during 

1972-2017. Analysis of the projections for the next three decades (2017-2047) suggested a decrease in CS 

and HQ by 30.8% and 6.3%, and an increase in SE, WY and CP by 69.2%, 13.3% and 2.3%, respectively. 

The result of spatial clustering indicated hotspot areas declined, while coldspot areas increased during the 
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study period. The spatio-temporal variations in ESs appeared to be determined by human activities, 

especially expansion of artificial plantation, human settlements, agricultural land. The most important 

landscape structure variables accounted for ESs change were percentage of landscape (PLAND), MPS and 

LPI of anthropogenic habitats, suggesting increased habitat modifications. Restoring degraded natural 

habitats is crucial to maintain ES supply in the study area. 

Keywords: Ecosystem services, Hotspots/coldspots, InVEST model, Landscape structural change, PLSR 

model, Spatio-temporal dynamics 
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CHAPTER ONE 

1. INTRODUCTION 

1.1 Background  

Ecosystem provides a range of life-sustaining benefits, which are essential for human well-being 

termed as ecosystem services or eco-services (ESs). The ES is defined as the benefit people 

obtain from nature directly or indirectly and supply humans with food, timber, fiber, water, clean 

air and climate regulation, disease control, pollution dissipation, and recreation are among others 

(MEA, 2005). Mankind depends on natural and managed ecosystems for multiple goods and 

services (Costanza et al., 1997; Power, 2010). The ability of ecosystem to provide these services 

is affected by increasing human activities (Mitchell et al., 2013; Steffen et al., 2015). Over the 

past five decades, increasing global population and economic growth resulted in the degradation 

of about 60% of the world's ecosystem, which was worse during the first half of this century 

(MEA, 2005). Humans influence ESs through changing habitat, modifying ecosystem structure, 

or altering the biogeochemical cycle (Li and Zhou, 2015). Habitat destruction and fragmentation 

are recognized as a major threat to biodiversity and subsequent ESs (Díaz et al., 2006; Bartlett et 

al., 2016).  

The rate of global land conversions has increased in recent decades; consequently, croplands, 

plantations, urban areas, and pastures have extended into new locations to meet the growing  

demand of humans (Foley et al., 2005). This change leads to undermining the ecosystem health, 

functioning, and resilience (Carpenter et al., 2009; Hein et al., 2016). The ES degradation often 

causes significant harm to human well-being with a greater burden on poor people (MEA, 2005; 

Shackleton et al., 2008) because their livelihood is more directly reliant on natural resources and 

subsequent services, derived from these resources (Shackleton and Shackleton, 2012; Robinson, 

2016). A consistent decline in biodiversity and ESs received increased research attention to 

understand their long-term changes and interactions (Yi et al., 2018), mainly in an agricultural-

dominated ecosystem where human pressure is high (Baral et al., 2014).  Assessment of multiple 

ESs is crucial for sustainability of the social and ecological systems (MEA, 2005). Integrating 

the concept of ES has become critical in science and policy to promote resource management, 

and is considered as the recent major paradigm shift (Daily et al., 2009; Ruoso et al., 2015).  
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Quantification and mapping of ESs is indispensable for developing strategies to ensure their 

current and future provisions (Martinez-Harms and Balvanera, 2012). Although ecological 

prediction is challenging, understanding the future consequences of past and current human 

actions on ESs is important (Peterson et al., 2003). Many ecological models have been developed 

to assess ESs and most of them used land use/land cover (LULC) as a proxy for the services 

provided because direct measurement of ES can be difficult (Nelson et al., 2009). The Integrated 

Valuation of ecosystem services and Tradeoffs (InVEST) model is designed as a policy support 

tool that prioritizes natural resource management, quantify and map the supply and value of 

multiple ESs concurrently (Sharp et al., 2018). Several studies have used InVEST model to 

analyze the spatial and/or temporal change in multiple ESs  (e.g., Bai et al., 2011; Leh et al., 

2013; Pedro et al., 2016; Han and  Dong, 2017) and predicting future changes in ES under 

different scenarios (e.g., Nelson et al., 2009; Fu et al., 2018; Li et al., 2020). Such studies were 

rarely attempted in tropical countries where the major world’s biodiversity resource is available 

(Leh et al., 2013), and substantial ESs degradation is observed (Davidson, 2017).  

The provisions of ESs explicitly depends on the number of factors, including soil, topography, 

climate, human-induced land use change (Li and Zhou, 2015), and the performance of landscape 

structures (patterns), processes, and functions (Daily et al., 2009; Müller et al., 2010). Many 

studies reported agreed that land use change has an important role in ES change (Polasky et al., 

2011;  Su and Fu, 2013; Li and Zhou, 2015; García-llamas et al., 2019). Landscape structural 

change also have a significant impact on the provision of multiple ESs (Lamy et al., 2016; Hao et 

al., 2017). Landscape dynamics is a complex part of land use, and landscape structural changes 

can be determined using LULC data (Vadjunec et al., 2018). Landscape structure refers to 

distinct landscape features of an ecosystem (composition) and their spatial arrangement 

(configuration) within the landscape (McGarigal et al., 2002).  

Change detection is an important tool to identify geographical dynamics of LULC and their 

association with human activities. However, it is often inadequate to provide detailed landscape 

structural properties such as composition and configuration (Dewan et al., 2012; Liu and Weng, 

2013). Nagendra et al. (2004) highlighted the issue of integrating landscape patterns and LULC. 

Many other researchers have used this concept in different geographic settings (Dewan et al., 

2012; Liu and Weng, 2013; Nurwanda et al., 2016).  In contrast, a handful of works integrated 
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landscape metrics and LULC prediction tools such as Markov Chain and Cellular Automata 

(CA-Markov) model to assess changes in the future landscape structure. Araya and Cabral 

(2010) modeled and analyzed urban land-use change using CA-Markov and landscape metrics in 

Portugal. Dezhkam et al. (2017) and Yang et al. (2014)  conducted similar studies in Iran and 

China, respectively. 

Assessment of long-term landscape structural dynamics along with LULC change is the basis to 

understand the condition of the ecosystem and ability of the landscape ecosystem to supply ESs, 

which helps landscape monitoring and management planning (Leitao and Ahern, 2002). 

Landscape structure is an indicator of the ecosystem's spatial patterns and connectedness 

between different landscape elements (Zhang et al., 2014). To understand landscape function and 

process, landscape structure and structural changes are a prerequisite (Matsushita et al., 2006). 

During the last few decades, the role of landscape composition and configuration in the provision 

of ESs has become an important focus of research in the ecological and environmental domains; 

subsequently, different scholars addressed the issue in theory, meta-analysis, and empirical 

studies (Mitchell et al., 2013; Eigenbrod, 2016). For instance, studies by Liu et al. (2012), Qiu 

and Turner (2015), Lamy et al. (2016), and Grafius et al. (2018) linked landscape structures with 

ES provisions. Verhagen et al. (2016) also emphasized the importance of analyzing the relative 

effect of landscape configuration and composition on a set of eco-services; however, such 

assessment is limited to certain geographic regions (Qiu and Turner, 2015; Eigenbrod, 2016; 

Lamy et al., 2016).  

These days ES is under increasing human pressure (Carpenter et al., 2009). Enhancing one 

service's production may lead to reduction of others, which leads to the tradeoffs among them 

(Bennett et al., 2009). Thus, identifying tradeoffs can help avoid unexpected loss of essential 

services while detecting synergies can simultaneously enhance multiple services (MEA, 2005; 

Yang et al., 2019). As a consequence of ES synergies and tradeoffs, ES bundles are usually 

formed by a cluster of ESs, which repeatedly appear together across space or time (Raudsepp-

Hearne et al., 2010; Mouchet et al., 2014). The ES bundles analysis is a useful tool for 

identifying hotspots of multiple ESs (Raudsepp-Hearne et al., 2010; Bai et al., 2021), though the 

temporal dynamics of ES bundles and hotspots/coldspots peculiarly have not received much 

attention in the scientific community (Blumstein and Thompson 2015; Renard et al., 2015; 
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Tomscha and Gergel, 2016). Such assessment is important because ESs can interact through the 

impact of shared or multiple drivers; thus, understanding the mechanism behind apparent 

relationship and long-term monitoring can help to capture complex ES interactions to improve 

management planning to enhance multiple ESs (Bennett et al., 2009; Tomscha and Gergel, 

2016). 

Simultaneous addressing of multiple ESs and their interaction is a pressing concern for 

sustainability research (Carpenter et al., 2009), and many empirical assessments were conducted 

in different settings (e.g., Qiu  and Turner, 2013; Turner et al., 2014;  Locatelli et al., 2014; Lin 

et al., 2018; Yang et al., 2019; Chen et al., 2021; Bai et al., 2021). Few of them focused on 

analyzing the change in multiple ESs, tradeoffs, synergies, bundles, and hotspots in time and 

space to prioritize conservation measures. Therefore, comprehensive assessment of ES 

interaction is still limited (Yang et al., 2018). Variation in the magnitude and direction of 

interaction among the services suggests extending such investigation into new regions, which is 

not researched well. This kind of assessment helps to target spatially efficient management 

measures to conserve ecosystem for obtaining multiple ESs. Besides, a practical difficulty in 

achieving the 'win-win solution' through the management of ES can be lessened using spatial 

planning. Planning management strategies using ES clustering and hotspots is considered the 

most comprehensive and cost-effective method (Li et al., 2017).  

1.2 Statement of the problem  

Ethiopia has been experiencing a range of environmental problems, including deforestation, soil 

erosion, land degradation and fragmentation, and loss of biodiversity (Daley, 2015). Particularly, 

Ethiopia's central highland, where this study was conducted, has been impacted by 

anthropogenic activities due to rapid population growth. Anthropogenic activities cause 

widespread resource loss, deforestation, and expansion in agricultural practices (Aklilu Amsalu 

et al., 2007; Mengistie Kindu et al., 2013; Tesfa Worku et al., 2016; Temesgen Gashaw et al., 

2017). Therefore, the central highland area is undertaking serious ecological degradation (Chilot 

Yirga, 2007). Unregulated change in LULC and poor land management practices seriously 

undermine the country's natural resource stock, including the potential of biodiversity and food 

production (Hamza and Iyela, 2012). Several studies have been undertaking to understand LULC 

changes in different parts of the Ethiopian highlands (Mengistie Kindu et al., 2013; Temesgen 
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Gashaw et al., 2017; Muluneh Minta et al., 2018), including within the Beressa watershed 

(Aklilu Amsalu et al., 2007; Tesfa Worku et al., 2016). Almost all of these studies have indicated 

extensive LULC changes and illustrated the complexity of the land conversion process.  

In general, studies on LULC change and landscape structure quantification in Ethiopia have not 

been well focused, considering high variability in the country's landscape. Few studies have 

looked at landscape structure and LULC change in Holeta-Berga watershed (Melakneh Gelet et 

al., 2010), South-West Ethiopia (Desalegn Desissa, 2012), Jibat Forest (Terefe Tolessa et al., 

2016), the urban area of Mekelle city (Ayele Almaw et al., 2017) and Guder watershed of the 

Blue Nile basin (Terefe Tolessa and Moges Kidane, 2019). These studies have not examined 

future landscape pattern changes, although these changes can have important implications in 

ecological functioning. There is currently a serious lack of detailed information and data 

regarding landscape structural change in Ethiopia.  

Despite broad scientific interest in ES abroad, the concept is not well recognized and researched 

in Ethiopia. There were recent attempts to address ecological issues related to ES valuation, 

provisions and temporal changes (e.g. Wolde Mekuria, 2013; Getachew Tadesse et al., 2014a; 

Getachew Tadesse et al., 2014b; Mengistie Kindu et al., 2016; Terefe Tolessa et al., 2017; 

Habtamu Temesgen et al., 2018; Markos Mathewos et al., 2018; Mesfin Sahle et al., 2019).  

These studies, however, were limited in scope and have not considered the spatio-temporal 

change in ESs and their interaction. Moreover, only a few studies have documented the impacts 

of landscape structural change on ESs, notably the study by Terefe Tolessa and Moges Kidane ( 

2019).  

In spite of the rampant anthropogenic pressure, a productive landscape is essential for conserving 

biodiversity and providing various ESs (Power, 2010; Baral et al., 2014). However, growing 

population pressure will likely lead to the conversion of native vegetation into agricultural 

cultivation, settlement, and artificial plantations. Such transformation and associated landscape 

structural changes seriously affect the supply of ESs. Unsustainable land-use practices threaten 

biodiversity, ESs, and local livelihoods (Egoh et al., 2012). Evidence suggests that the livelihood 

of the people threatened in Blue Nile basin due to ESs degradation (e.g. problem related to soil 

loss and nutrient regulation and crop productivity) as a result of unprecedented population 

growth rate and mismanagement of resources (Amare Haileslassie et al., 2008). Hydrological 
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problems related to erosion and sedimentation are severe in the basin and in transboundary 

countries with diverse impacts (Mason, 2003; Alemsha Bogale, 2020). Although data on the 

actual level of poverty is unavailable in the basin, there is a considerable poverty (Amare 

Haileslassie et al., 2008),  which calls to design and implement appropriate basin management 

strategies to sustain ecosystem (Alemsha Bogale, 2020). Beressa watershed, agricultural 

dominated landscape,  is one of the area in the basin with many ecological problems, including 

increased surface runoff, soil erosion, freshwater shortage, pollution, and land degradation; these 

issues have been aggravated by multiple factors, including vegetation clearance, inappropriate 

agricultural development, rapid human settlement expansion, and overgrazing (Aklilu Amsalu et 

al., 2007; Haymanot Awgchew et al., 2015; Tesfa Worku et al., 2017).  

The management of ecosystem is often based on assumptions that have not yet been supported 

by evidence (Carpenter et al., 2009). But management and policy require evidence base on the 

estimation of locally relevant ESs (Getachew Tadesse et al., 2014a); and how ecological systems 

respond to land use and management decisions (Fleskens and Hubacek, 2013). Therefore, this 

study evaluated historical, and future landscape structural change, spatio-temporal changes of 

multiple ES, assess the relationship between ES and landscape characteristics and analyze the 

interactions among the eco-services and sets of co-occurring ES (bundles) to locate ES hotspot 

and coldspot areas to support the current land management interventions and future land use 

decisions in this changing agricultural landscape.  

1.3 Objective of the study 

1.3.1 General objective 

The general objective of this study was to analyze the spatio-temporal change in the provision of 

ecosystem services and their relationship with landscape characteristics in the Beressa watershed, 

Blue Nile basin of Ethiopian highlands.  

1.3.2 Specific objectives 

➢ To evaluate the past trends of LULC and associated landscape structural changes during 

1972-2017 and predicting future changes for the years 2032 and 2047.  

➢ To quantify and map the spatio-temporal changes in ecosystem services for the period of 

1972-2017 and 2017-2047. 



7 
 

➢ To examine the response of ecosystem service indicators to landscape structural changes 

and topographic gradient.  

➢ To analyze the change in ecosystem service bundles and hotspots for the past four decades 

and predict the changes for the next three decades to imply landscape management 

measures. 

1.4 Significance of the study 

Nowadays, most natural ecosystems are degraded, and humans are increasingly depending on the 

highly modified landscape to obtain several services in many parts of Ethiopia.  An ongoing 

change in land use and degradation leads to continued ecosystem degradation due to natural, 

semi-natural, and human-driven habitat transitions followed by agricultural intensification, 

artificial plantation, and settlement development. Therefore, this study can provide useful 

insights to understand the spatial and temporal changes in relevant ESs provisions and their 

responses to landscape pattern change and topographic gradient. Moreover, to analyze the spatial 

and temporal relationships among ESs to identify their tradeoffs and synergies, ES clusters, 

hotspots and coldspots areas is imperative to integrate and promote the notion of ES in landscape 

conservation and rehabilitation management planning.  

The outcome of this study will serve as baseline data for further ES-based study in the area and 

initiates multiple ES assessments in different parts of Ethiopia. The benefit derived from the 

ecosystem can be consumed in the area where they are produced and/or elsewhere so as the 

influence ES degradation due to the interrelated spatial complexity of the system and ecosystems 

are interconnected entities; therefore, a study at Beressa watershed, which is the part of Blue Nile 

basin has substantial contribution to propose ecological management at large.  

1.5 Structure of the thesis 

This study consists of six main chapters. Chapter one, introduces the research using background 

information, the problems which initiate this study with main objectives and hypothesis included. 

Chapter two presents literature review on theoretical and logical perspectives. Chapter three 

covers methodological framework of the study. Results are presented in chapter four and 

followed by discussion in chapter five. Finally, the conclusion and recommendations are 

presented in chapter six. 



8 
 

CHAPTER TWO 

2. LITERATURE REVIEW 

2.1 Ecosystem Services 

2.1.1 The concept of ecosystem service 

The concept of human direct and indirect benefits from nature or the environment is dated back 

to several millennia (Lele et al., 2013). The modern-day history and concept of ESs emerged in 

the 1970s. It started in the agricultural ecosystem, with the assessment of farming functions 

benefit as service for biodiversity conservation (Gómez-Baggethun et al., 2010). The term 

‘environmental service’ was re-named as ‘ecosystem service’ in the mid-1980s (Ehrlich and 

Mooney, 1983). Daily (1997) defined ecosystem service (ES) as “the conditions and process 

through which natural ecosystems, and the species that make them up, sustain and fulfill human 

life.” Costanza et al. (1997) includes both natural and human-modified ecosystems as a source of 

ESs, stating as ecosystem goods and services represent the benefits human populations derive, 

directly or indirectly, from ecosystem functions. The economic valuation of world’s ESs brought 

momentum in the 1990s.  

 In the 2000s, the Millennium Ecosystem Assessment (MEA) conceptual framework provoked 

the ES on the policy agenda (MEA, 2003).  The most popular definition of ESs is “benefits 

humans obtain from the ecosystem,” derived from the above-introduced definitions by Daily and 

Costanza and his colleagues (MEA, 2003). ESs are produced as a result of cascade down 

interaction (ES cascade model) between ecosystem process and function such as soil formation, 

nutrient cycling, runoff regulation, and production, then the ES flow to people in the form of 

benefits or goods support human well-being (Haines-Young and Potschin-Young, 2010). 

However, this model criticized for assuming that linear linkage between ecosystem and people, 

underrepresentation of social feedback and human involvement (Costanza et al., 2017).   

 The MEA characterized ES as provisioning services, such as food, fiber, timber, and freshwater, 

regulating services, such as climate and soil regulation and air quality, cultural services, such as 

aesthetic and recreational benefits, and supporting services, essentially refer to ecosystem 

processes and functions including soil formation and nutrient cycling. However, many different 

classification systems have been proposed since the MEA, e.g., The Economics of Ecosystems 

and Biodiversity (TEEB) and Common International Classification of Ecosystem Goods and 
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Services (CICES) (TEEB, 2010; Haines-Young and Potschin, 2013). The MEA classification is 

the foundation and remains the comprehensive accord in the scientific community (Fisher et al., 

2009). The MEA serves as a basis for sustainable resource use and nature conservation (Daily 

and Matson, 2008).  

At present, there is a policy shift in economic decision making to promote the economic 

significance of ecosystems as the main element of the global green economy, such as payments 

for ecosystem services (PES) schemes (Bayon, 2004)  and the global initiative so-called TEEB 

(TEEB, 2010). The ecosystem function is increasingly characterized as services and valued in 

monetary terms for the last three decades (Gómez-Baggethun et al., 2010).  The emphasis on ESs 

shifts from the initial intention to conserve biodiversity to serve as commodities on the market. 

The intention potentially can change the understanding of the people about the value of nature 

and counterproductive the ecosystem conservation purpose (Peterson et al., 2010), though 

scientific evidence indicates that nature conservation is an important contributor to human well-

being, health, livelihood, and survival rather than tradeoffs  (MEA, 2005; Carpenter et al., 2009).  

Costanza et al. (2014) argue that ESs' valuation is not the same as commodification or 

privatization. Therefore, the concept of nature commodification is an ongoing debate. While 

valuing the monetary unit's of ES, benefits to whole communities and benefits to sustainability 

need to be included (Costanza, 2000).  

2.1.2 Ecosystem service degradation and human wellbeing 

For centuries, humankind have altered the natural environment to meet their demand for 

resources (Mulatu Liyew et al., 2019). Therefore, the global ecosystems are changing rapidly at a 

significant rate by different human activities (Costanza et al., 1997; MEA, 2005; Mitchell et al., 

2013). Over the past five decades, increasing global population and economic growth resulted in 

the degradation of about 60% (15 out of  24)  of the world's ecosystem, which was worse during 

the first half of this century (MEA, 2005). The increasing rate of ecosystem degradation may 

lead to a tipping point where damage is irreversible. The natural ecosystems have been converted 

into heavily modified ecosystems, such as croplands, urban areas, and pasture, and their ESs are 

used intensely to meet the increasing human needs including water, fuel wood, and space (Foley 

et al., 2005; Rodríguez et al., 2006; Barnard, 2006). Therefore, ecosystem degradation and the 

associated biodiversity loss undermine the ecosystem's functioning and resilience, leading to the 
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threat of the ecosystem's ability to supply ESs (Costanza et al., 1997; Carpenter et al., 2009; Hein 

et al., 2016). Loss of services due to land change alone could range from US$4.3 trillion to 

US$20.2 trillion per year (Costanza et al., 2014).  

Ecosystem degradation affects human well-being by altering the quality and quantity of the 

service's supply necessary for life. The relationship between ecosystems, ESs, and human well-

being is considered as a key agenda on environmental management, and the recent international 

commitment, primarily Convention on Biological Diversity (CBD), emphasized this relationship 

in the Aichi biodiversity strategic plan (CBD, 2010), triggers the actual policy demand to 

indicate the importance of ESs in maintaining human well-being. The Intergovernmental 

Platform on Biodiversity and Ecosystem Services (IPBES) also provided the conceptual 

framework that represent the complex interactions between the natural world and human 

societies (Díaz et al., 2015).  

The degradation of ESs often causes significant harm to human well-being with a greater burden 

on poor peoples (MEA, 2005; Shackleton et al., 2008; IPBES, 2018), since the livelihood of 

developing countries is directly reliant on natural resources, and subsequent ESs (Shackleton and 

Shackleton, 2012; Robinson, 2016). People in low income countries are mostly dependent on 

subsistence agriculture and forest environment (Vedeld et al., 2007; Rapsomanikis, 2015). 

According to IPBES (2018), a report about 500,000 square kilometers of African land is 

degraded by overexploitation of natural resources, erosion, salinization, and pollution, resulting 

in the decline of nature’s contribution to people, which will be worsen in the future since the 

African population is expected to be double by 2050. Poverty frequently linked with ecosystem 

deterioration (TEEB, 2010). Thus, enhancing the provision of ES contributes for poverty 

alleviation, though few empirical evidences exist that studies this link in detail beside relating 

provisioning services and limited poverty dimensions such as income and asset (Suich et al., 

2015). Balancing the assets of individual people, society, the built economy, and ecosystems is 

important for sustaining and enhancing human well-being (Costanza et al., 2014).  

2.1.3 Drivers of ecosystem changes 

Several direct and indirect drivers affect ESs direct drivers includes climate change, land 

conversion, plant nutrient use, biological invasions, evolution, volcanoes, soil and topography 
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and indirect drivers are demographic, economic, sociopolitical, scientific and technological, 

cultural and religious (MEA, 2005; Li and Zhou, 2015). These drivers affect ecosystem in the 

range from local to a global scale and from short-term to long-term (Nelson et al., 2006). 

Humans affect ESs in three ways: changing habitat, modifying ecosystem structure, or altering 

the biogeochemical cycle (Li and Zhou, 2015). The rate and intensity of land conversion are 

increasing worldwide in recent decades. Consequently, croplands, urban areas, and pastures have 

extended into new locations to meet the growing population's demands (Foley et al., 2005). 

Humans have intended to enhance a few services, mainly crop, livestock,  aquaculture, and 

carbon sequestration while degrading most services (MEA, 2005). About 40% of the Earth’s 

land managed crop production and pasture (Foley et al., 2005). Food production is a major driver 

of ecosystem degradation (MEA, 2005). The world’s net cultivated area has grown by 12%, 

mostly at the expense of forests, wetlands, and grasslands over the past five decades, and will 

increase by 70% in the world and 100% in developing countries in 2050 (FAO, 2011). A 

significant expansion of the production landscape for agricultural activity results in a decline of 

global natural systems (Deininger et al., 2011). Multi-functional landscapes continue to be 

converted into more homogenous human-dominated landscapes (de Groot, 2006). The 

conversion reduces diverse ecological processes and subsequent provision of a set of ESs (Kabba 

and Li, 2011).   

In the past 40 years, the global population is doubled and increased by 2 billion people in the last 

25 years, reached to 6 billion in 2000. The global population is expected to reach 9 billion by 

2050. Developing countries have accounted for most population growth in the past quarter-

century (MEA, 2005; Nelson et al., 2006). Over the next several decades, high population 

growth is expected in low-income urban communities in some developing countries (Nelson et 

al., 2006). Currently, tropical countries hold 40% of the world’s population and are expected to 

hold 50% by 2050 (Barlow et al., 2018). The world’s highest growth rates are expected in Africa 

between 2030 and 2050 (OCED, 2012). The increasing demand of this growing population 

changes the consumption pattern for foods, energy, and space, increasing pressure on the 

ecosystem and their services (MEA, 2005; Barlow et al., 2018). Moreover, the continued global 

economic growth result in growing demands for natural resources and energy, likely to increase 
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pressure on habitats in the region with high dependence on natural resources for their economic 

development (OCED, 2012).  

2.1.4 Approaches and tools for ecosystem service assessment 

The MEA (2005) is the landmark for measuring, modeling, and mapping ES. Several methods 

and tools have been developed for ESs assessment; these can be categorized as biophysical 

(characterizing ecosystem structures, functions and service provisions), socio-cultural 

(preference and social value of the service), and economic assessment (Harrison et al., 2018). 

The ES assessment tool's selection depends on the major criteria such as the reason for the 

assessment, required output, and practical considerations (Neugarten et al., 2018). Martinez-

Harms and Balvanera (2012) identified major methodological approaches used in scientific 

research to map ES, including land use-based, expert opinion, literature review, field survey, and 

modeling. 

 Despite rapidly growing scientific efforts regarding ESs assessment, the development of 

decision support tools is a recent phenomenon (Daily et al., 2009; Bagstad et al., 2013). The 

current tools range from simple spreadsheet-based to complex software packages such as 

Co$ting Nature, Ecosystem Service Toolkit (EST), Artificial Intelligence for ecosystem services 

(ARIES), Integrated Valuation of ecosystem services and Tradeoffs (InVEST), Ecosystem 

Service Review (ESR), and Toolkit for Ecosystem Service  Site-based Assessment (TESSA) 

(Bagstad et al., 2013; Neugarten et al., 2018). Most ES assessment tools used LULC as a proxy 

for the services provided because direct ES measurement can be challenging (Nelson et al., 

2009).  

Ecological models represent the complex interactions between an ecosystem's biophysical and 

socioeconomic components in a simplified way (Pereira et al., 2005; Pandeya et al., 2016).  

Ecological models can help to quantify the ES supply, demand, flows, and economic values 

using diverse types of input variables, including measurements of environmental parameters 

(e.g., tree heights, the river flows, and species count), survey responses, or scores given by 

scientists or stakeholders (e.g., questionnaire or interviews) or the outputs from another model 

(e.g., outputs from a climate model may provide precipitation inputs to a water flow model) 

(Bagstad et al., 2014; Dunford et al., 2017). Moreover, Maes et al. (2012) provide a 
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comprehensive rationale for mapping ESs, including analyzing the trend in ES, evaluation of 

spatial concordance of ES with biodiversity, analyzing synergies and tradeoffs among ESs, 

estimating costs and benefits, comparing ES supply and demand, monetary valuation, or area 

prioritization for spatial planning and management. ESs are distributed in space and time. 

Therefore, their provisions can be better understood by a spatially explicit method (Pandeya et 

al., 2016). Bagstad et al. (2013) reviewed 17 ES service tools that explicitly focused on multiple 

ESs, and InVEST model is one of the tools designed to quantify and map multiple ESs in marine, 

terrestrial, coastal, and freshwater ecosystems (Sharp et al., 2018). It comprises a set of  

modeling tools for quantifying about 18 ESs and provides the standard approach for application 

to varied contexts, scale, and geographical location (Dunford et al., 2017; Sharp et al., 2018). 

The comparison of InVEST model with other popular tools used to quantify multiple ESs with 

multiscale applicability and flexibility is presented in Table 1. 
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Table 1. Comparison of selected ecological models  

Model 

name and source 

Developed in 

(year) and the 

original target 

Main approach, objective, and 

ES number  

Application 

scale 

Types of ES 

included 

Data requirement Economic 

valuation 

Availability Output 

Integrated 

Valuation of ESs 

and Trade-offs 

(InVEST)  

(Sharp et al., 

2018) 

•USA (2008) 

 

•Global  

• Production function 

supply, demand  

• Emphasis on relationships 

among multiple services 

• 17 ES 

local to 

national  

Provisioning, 

regulating, 

cultural, and 

supporting 

Minimum (freely 

available and 

field data) 

 

Yes Open access  Maps and 

Quantitative 

data 

Artificial 

Intelligence 

For ESs (ARIES) 

(Bagstad et al. 

2013; Villa et al., 

2014) 

 

•USA (2007) 

 

•Global  

• Benefit transfer and 

probability approach, 

• Spatio-temporal dynamics 

of flows, 

• Distinguishes between 

possible and actual ES 

delivery 

• Has eight developed 

modules  

• 11 ES 

local to 

national  

Provisioning, 

regulating, and 

cultural 

Minimum 

(User data is not 

needed may be 

necessary  

to achieve the 

desired accuracy)  

 

 

No  Freely 

available 

(need to pass 

through 

ARIES team) 

 

Map  

Quantitative 

data on ES  

Environmental 

asset portfolio 

 

Co$ting Nature 

(Mulligan, 2018) 

 

•UK (2009) 

 

•Global  

• Proxy-based approach 

• Map ESs and conservation 

priority areas.  

• Analyses the benefits and 

assesses the impacts of 

possible human interventions 

on the continued provision of 

these benefits 

• 13 ES 

local to 

national  

Regulating 

Provisioning 

Cultural 

 

Minimum mainly 

use globally 

available data 

(e.g., WDPA, 

IBA, EBA) 

No  Web-

accessible 

Open tool and 

free for non-

commercial 

user 

Maps, 

statistics, and 

model 

narrative  

 

Multiscale 

Integrated 

Models of ESs 

(MIMES) 

(Boumans et al., 

•USA (2002) 

 

•Global  

• Deductive approach 

• Assesses the true value of  

ESs under various land  

Management and land use 

scenarios.  

Local to 

global,  

Regulating 

Provisioning 

Cultural 

 

Minimum and 

publicly available 

data 

Yes 

(through 

input and 

output 

analysis) 

Open-source 

(requires 

commercial 

visual 

modelling 

maps 
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Model 

name and source 

Developed in 

(year) and the 

original target 

Main approach, objective, and 

ES number  

Application 

scale 

Types of ES 

included 

Data requirement Economic 

valuation 

Availability Output 

2015) • Assess ES Flow  

• 12 ES 

software) 

Land Utilization 

and Capability 

Indicator (LUCI) 

(Jackson et al., 

2013; 

Bagstad et al. 

2013) 

 

•Netherlands  

(2013) 

•Temperate 

region, now 

it’s global 

• Soil-based approaches  

• Has built-in trade-off tool 

and search win-win solution  

• 7 ES  

 

local to 

national  

Provisioning 

and regulating 

Minimum 

(can be used 

nationally 

available data) 

No  Closed source 

and Free to 

not-for-profit 

organizations 

•GIS toolbox 

 

Maps, 

Quantitative 

data Tables / 

statistics / 

reports 

 



16 

 

2.1.5 Linking landscape characteristics and ecosystem services  

The ESs approach acknowledges the complex interactions between an ecosystem's structures 

(landscape composition and configuration), processes, and services across the landscape (Fisher 

et al., 2009). Landscape composition describes the proportion and size of each LULC type and 

configuration is the distribution and spatial characteristics of landscape metrics (McGarigal et al., 

2012). Ecologists increasingly recognize that the change in landscape patterns  is considered an 

important contribution to changes in ecological functions (Griffith, 2004).  And the ability to 

quantify landscape structure and its change in time and space is considered a prerequisite for 

studying landscape function and process (McGarigal et al., 2002; Matsushita et al., 2006; Kupfer, 

2012). Landscape metrics are simple quantitative metrics which provides enriched information 

about landscape pattern based on geometrical principles and have been successfully used as an 

indicator of landscape function (McGarigal et al., 2002; Uuemaa et al., 2009) they have been 

widely applied to the study of biodiversity, land‐use change, and landscape regulation (Wang 

and Yin, 2017).  

The capacity of ecosystems to deliver a set of ESs depends on the landscape's spatial structure, 

and many ESs are influenced by the landscape structure (Jones et al., 2013; Bastian et al., 2014). 

Freshwater supply, water quality, carbon storage, nutrient retention, recreation, and land 

productivity are among others that have been influenced by landscape structure (Liu et al., 2012; 

Qiu and Turner, 2015; Lamy et al., 2016). Landscape pattern affects the long-term maintenance 

and improvement of the ES and human well-being, therefore, influencing landscape 

sustainability (Figure 1) (Wu, 2013).  For instance, an area with high natural forest cover often 

provides multiple ESs (Gamfeldt et al., 2013; Yang et al., 2019), but the size of native forest 

fragments and proximity to it has been linked to change in carbon storage, pollination, insect 

pest, and biodiversity (Lamy et al., 2016). Effective landscape management for ESs provision 

needs to understand the link between landscape structure, movement of materials and processes, 

and subsequent provision of multiple ESs and their interaction (Mitchell et al., 2013). 

Assessment of ES interaction is not important without the landscape history, including landscape 

drivers related to LULC conversions (Tomscha and Gergel, 2016) and landscape fragmentation 

(Mitchell et al., 2013; Cordingley et al., 2015).  
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Figure 1. (a) A general framework for landscape sustainability, and (b) ecosystem services, 

human well-being, and landscape pattern interactions and derivers (Wu, 2013). 
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2.1.6 Managing landscapes for ecosystem services 

In recent decades, the concept of ES was established to frame the conservation imperatives to 

convince humans about the value of the natural world (Redford and Adams, 2009). One 

inerasably popular way to achieve this is through payment for ecosystem service (PES) schemes 

to provide incentives for actions that enhance or safeguard the provision of often non-traded 

services such as water purification, carbon sequestration, or biodiversity conservation (Fleskens 

and Hubacek, 2013). However, several authors criticized this approach for several reasons, 

including inconsistency of valuations and payments, problems for addressing un-substitutable 

values, narrowing the ecological functions, and incapability to conserve biodiversity,  which 

risks the long-term sustainability of the scheme (Kosoy and Corbera, 2010; Peterson et al., 2010; 

Setten et al., 2012).  

All landscape types such as natural, semi-natural, agricultural, and urban landscapes provide ESs 

but varied in kind, amount, and quality of services provided. Thus, planning and designing to 

optimize the spatial pattern of service provisions is imperative for managing landscape 

sustainably (Wu, 2013). According to Wu (2013), strong sustainability goal can be designed 

through nature conservation or preservation in natural landscape which provides multiple ES, 

except provisioning services. In fact, the goal of sustainable landscape management is often 

evolving because it is difficult to precisely predict and fix the problem due to the systems' 

complexity rather than envision, design, and dance with the system (Meadows, 2008; Wu, 2013). 

Lovell and Johnston (2009), proposed a framework for transforming landscape to improve the 

ecological performance.  The knowledge in ecological functioning of anthropogenic habitat is 

growing rapidly, for example eco-agriculture approach that allows managing the landscape to 

improve the provision of many services and obtain multifunctional landscape become widely 

acknowledge in the scientific community.  Landscape multifunctionality could be sustained 

through improving the quality of the landscape matrix by increasing spatial heterogeneity and 

protecting each landscape elements (natural, semi-natural and anthropogenic) to obtain 

supporting, regulating, provisioning and cultural services  (Lovell and Johnston, 2009).   
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Comberti et al. (2015) proposed ‘Services to Ecosystem (S2E) concept that shows the reciprocal 

relationship between humans and ecosystems, emphasized that humans can maintain and 

enhance ecosystems (Figure 2).  Forman (2008) states that “mold the land so nature and people 

both thrive long-term.” Therefore, meshing  together different landscape ecosystems to optimize 

the services ranges for satisfying human needs is important for landscape sustainability, and the 

landscape can be manipulated sustainability through continuous improvement of human and 

environment relationship (Wu, 2013). To design efficient strategies for sustainable land 

management, it is important to understand the relationships between ESs (Bennett et al., 2009; Li 

et al., 2017), consider tradeoffs between services (Nelson et al., 2009; Raudsepp-Hearne et al., 

2010)  and identify the bundles of ES produced by the landscape,  ES hotspots and coldspots 

areas to prioritize management objectives (Li et al., 2017; Bai et al., 2021).  

 

Figure 2. A framework for ecosystem services (ESs) and services to the ecosystem (S2E) loop 

(Comberti et al., 2015). 
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2.2 Ecological problems in Ethiopia  

The Ethiopian ecosystems face several threats, including deforestation, soil erosion and 

sedimentation, fragmentation, biodiversity loss, and water scarcity (Egoh et al., 2012; Daley, 

2015), that deteriorate the ability of the landscape to provide ESs. Based on the latest data on 

forest resource Ethiopia reported by FAO (2015), shows that the forest cover decline from 15.1 

million ha in 1990 to12.2 million ha in 2010, and these changed to 11.5 million ha in 2015. As 

per the early 2000s’ study by Girma Taddese (2001), the total annual soil loss of 1.5 billion tons 

of topsoil in Ethiopia highlands, resulting the reduction of about 1.5 million tons of crop yield 

from the country’s annual harvest. Recently, estimated a total loss of 940 million ton/year was 

recorded from rain-fed agricultural areas (Hurni et al., 2015). Annual sediment load from 

agricultural landscape is equally worrisome to the soil loss because the storage capacity of 

natural reservoirs and water quality has declined drastically in the country (Shimelis Setegn et 

al., 2010). Therefore, ecological crisis worsens with time and negatively impacts the people who 

depend on natural resources for their well-being (Teklu Gebretsadik, 2016). According to the 

World Bank (2017), about 80% of Ethiopian people live in rural areas, and these people highly 

depend on various ESs, directly or indirectly, for their survival (Egoh et al., 2012). As agriculture 

is the mainstay of the livelihood system, an extensive conversion of the natural forests, 

woodlands, grasslands, and shrub lands to cultivated lands is typical (Mengistie Kindu et al., 

2013).  

The problem of land dynamics is more critical in Ethiopian highlands due to high population 

pressure, in which the zone is cultivated for many centuries, as the area is rich in natural resource 

and has favorable climate (Hurni et al., 2005; Mengistie Kindu et al., 2013). This area holds 

about 90% of arable lands, occupied by 90% of the human population and 60% of all livestock 

(Hurni et al., 2010). Subsequently, the highland ecosystems are undergoing serious ecological 

degradation (Chilot Yirga, 2007; Husen et al., 2012). Although the Ethiopian highlands suffer 

from extensive deforestation and vegetation clearance, Eucalyptus globulus (Blue gum) is the 

prominent tree in government and community woodlots, households, and farm field boundaries 

(Mulugeta Zewdie, 2008). Eucalyptus tree was introduced into Ethiopia (central highlands) in 

1894-1895 to satisfy the growing demand of construction material, fuel wood, and reduce the 
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pressure on the remaining natural vegetation (Pohjonen and Pukkala, 1990). Eucalyptus is an 

outperforming exotic tree that would alleviate an increasing wood demand of the country, and 

many people are dependent on it for the immediate solution to local wood and erosion problem 

(Demel Teketay, 2000; Mulugeta Zewdie, 2008). In 1980s, the area coverage of Eucalyptus is 

estimated to have been 5000 ha and increased to 896,240 ha in 2011 and it covers about 90% of 

the planted area in Ethiopia (Million Bekele, 2011).  

Despite the apparent benefits of the Eucalyptus tree there are widespread ecological concerns 

mounting with time in Ethiopia (Daniel Jaleta et al., 2016; Muluneh Minta et al., 2018; Demesew 

Mhiret et al., 2019). Demel Teketay (2000) reviewed the core arguments for and against 

Eucalyptus tree cultivation in Ethiopia related to main ecological indicators, including water, 

erosion, soil nutrient, and competition. The reasons not to plant eucalypt in Ethiopia are 

summarized, as it requires more water (considered thirsty plant) due to fast growth and high 

biomass, affecting soil fertility due to periodic removal of biomass, and aggravate soil erosion 

due to sparse canopy. The review concluded that despite the concern against planting 

Eucalyptus, most of the reports favor planting them. The reason behind this decision is that the 

derived benefits from it can offset the losses (e.g., the profit of Eucalypt is higher than cultivated 

crops), the negative impacts can be minimized through the right choices of species and 

management interventions. In the future, the expansions is expected to continue in Ethiopia until 

alternative species are discovered to maximize the socio-economic development but ecological 

sustainability need to be justified (Demel Teketay, 2000; Abebe Birara et al., 2019).   

The outbreak of devastating famine in the 1970s is the main inaugural for implementation of Soil 

and Water Conservation (SWC) interventions in Ethiopia to reduce land degradation, improve 

crop yield and people's livelihood, and the government expanded the SWC campaigns in the 

degraded highlands (Asnake Mekuriaw et al., 2018). Several participatory SWC approaches were 

adopted in different parts of the country since the 1990s (Woldeamlak Bewket, 2007). Moreover, 

since 2010 the government has focused on constructing various SWC measures, including bunds, 

trenches check dams, and micro-basins through community mobilization (Hailu Kendie et al., 

2020). Though there have been considerable efforts to rehabilitate the degraded environment and 

stop further degradation over the last four decades, the success of these massive efforts is being 

mixed what does this mean (Woldeamlak Bewket, 2007; Asnake Mekuriaw et al., 2018). 
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Studies related to ESs carried out in Ethiopia has been growing recently to evaluate the ES in 

monetary terms and assess the change in the service provisions such as Wolde Mekuria (2013) 

analyzed the change in regulating ESs on grazing land in the highlands of Tigray, Getachew 

Tadesse et al. (2014a) and Getachew Tadesse et al. (2014b) assessed the socio-ecological 

variation in ES use and the impact of land-use changes on forest-based ES in Southwestern 

Ethiopia, Mengistie Kindu et al. (2016) and Markos Mathewos et al. (2018) evaluated the change 

in ES values in response to LULC change in Southern Ethiopia. Terefe Tolessa et al  (2017) and 

Temesgen Gashaw et al. (2018), performed similar study in Chillimo Forest and Andassa 

watershed in Ethiopian highlands, respectively. Habtamu Temesgen et al. (2018) also evaluated 

the variation of ES in monetary term in agroforestry ecosystem in southeastern rift escarpment of 

Ethiopia. Mesfin Sahle et al. (2019) quantified and mapped water-related ESs in Wabe River 

Catchment. These studies reported that the considerable changes in service provisions and 

values. In total about 17.7% of the country’s total terrestrial ES values has been lost due to land 

degradation (Sutton et al., 2016), which reflected the effect of ecological degradation.  
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CHAPTER THREE 

3. MATERIALS AND METHODS 

3.1 Description of the study area 

3.1.1 Location and topography 

Beressa watershed is located between 39º29′E - 39º44′E longitudes and 9º34′N - 9º42′N latitudes 

and situated approximately 130 km northeast of Addis Ababa, the capital city of Ethiopia (Figure 

3). The watershed is part of the upper Blue Nile basin on the central plateau of Ethiopia. It covers 

about 21367 ha. The watershed covers in two administrative districts i.e., majority found in 

Basona Werana, and partly in Angolelana Tera, North Shewa Zone of Amhara Regional State, 

Ethiopia. The physiography of the watershed is characterized by mountainous and hilly 

topography (Aklilu Amsalu, 2006), with elevation, ranging from 2056 to 3744 meters above sea 

level (m.a.s.l.).  
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Figure 3. Location map of the study area 
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3.1.2 Climate and hydrology 

The study area consists of cool moist highlands, cold moist sub-afro-alpine and afro-alpine 

(MoARD, 2005). The climate of the area is influenced by the Inter Tropical Convergence Zone 

(ITCZ) and the sub-tropical pressure (Aklilu Amsalu, 2006). The mean monthly temperature of 

the watershed ranges from 2.8 to 21.9 ºC with a mean of 13.18 ºC. The mean minimum 

temperature reached below 4 °C between October and December. Consequently, frost is 

common, particularly between these months when temperatures drops far below average (Aklilu 

Amsalu, 2006). Mean annual rainfall ranges from 698.5 to 1083.5 mm with a mean annual of 

920 mm (NMA, 2017). The climate diagram of the Beressa watershed (Figure 4) shows that the 

mean monthly rainfall is highly variable with a bimodal pattern. The main rainy season (Kirmet) 

extends from June to September, and a short rainy season (Belg) lasts from mid-February to mid-

May. The dotted area on the left and right side of Figure 4 indicates the dry season. The rainfall 

pattern between 1985 and 2015 and the annual rainfall pattern also showed variability between 

years (Figure 4).  

The Beressa River, a major perennial waterway, has its source on the western side of the great 

rift escarpment at about 30 km east of Debre Berhan's town. It flows to a northwesterly direction 

and passes through the Debre Berhan town to the Jemma River, a tributary of the Blue Nile 

basin. The Beressa river gauged in 1961 and consists long-term hydrological records (MoWIE, 

2017b).  
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Figure 4. (a) monthly rainfall and temperature distribution, (b) annual total rainfall and mean 

temperature (1985-2015) 

 

3.1.3 Geology and soil 

Debre Berhan area's geology comprises tertiary volcanic rocks of the Ashange group (composed 

of alkaline basalts). Thus the soils have a volcanic origin and belong to the Trappean series 

(Aklilu Amsalu and Graaff, 2006; Eyasu Elias, 2016). The major soil types of the watershed 

comprise Cambisols, Vertisols, Regosols, and Luvisols, with very few Leptosols (MoWIE, 

2017a). Locally Cambisols are named 'Abolssie' and Vertisols as 'Merere' (Aklilu Amsalu and 

Graaff, 2006).   



27 

 

3.1.4 Demography and livelihoods  

The total population in the districts of the study watershed is estimated to be 143,006, with an 

average density of 118 persons per km2 (CSA, 2017c). This is one of the more densely populated 

areas of the country. Due to high population pressure and degradation, land is  particularly scarce 

(Aklilu Amsalu et al., 2007). It is an intensively cultivated northern central highland crop belt of 

Ethiopia. Rainfed agriculture is the main source of livelihood for most of the population (Aklilu 

Amsalu and Graaff, 2006). The agriculture sector is characterized by smallholder mixed crop-

livestock farming at a subsistence level. Commonly cultivated crops include barley (Hordeum 

vulgare L), wheat (Triticum aestivum L.), horse bean (Vicia faba L.), field pea (Pisum sativum 

L.), lentil (Lens culinaris L.), teff (Eragrostis teff), linseed (Linum usitatissimum L.) and 

chickpeas (Cicer arietinum L.). Barley is the dominant crop cultivated in the upstream areas and 

sometimes is rotated with wheat and beans. However, in the middle and lower part of the 

watershed, farmers often rotate barley with other crops (Aklilu Amsalu and Graaff, 2006). Cattle, 

sheep, and poultry production are also practiced in the study area. 

3.2 Land use/land cover change detection and modeling  

3.2.1 Data acquisition and image pre-processing  

Terrain corrected (L1T) multitemporal Landsat imagery were obtained from the United States 

Geological Survey (USGS) (http://earthexplorer.usgs.gov). A summary of the Landsat data used 

is presented in Table 2. The images were retrieved during dry season when spectral differences 

between the various land cover types are greatest, and cloud contamination is minimal, with less 

than 10% cloud cover.  

Geometric and radiometric calibration and correction were conducted at image preprocessing 

stage (Jensen, 2015). Due to differing time intervals and sensor types, an image-to-image 

registration was carried out using a master-slave approach (Richards and Jia, 2006). Thus, all 

Landsat data were registered to UTM Zone 37N (WSG 84) using the 2017 image as reference 

and the first-degree polynomial method was used (Dewan et al., 2012; Jensen, 2015). The root-

mean-square error (RMSE) varied from 0.32 to 0.51 pixels. Digital numbers (DN) were 

converted to Top-of-Atmosphere (ToA) reflectance values.  Dark Object Subtraction 1 (DOS1) 

http://earthexplorer.usgs.gov/
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atmospheric correction tool was used to reduce the effect of atmosphere for producing surface 

reflectance value (Chavez, 1988; Congedo, 2016). The 1972 image was resampled to 30 m using 

the nearest neighbor resampling method to align with other Landsat pixel size (Kumar et al., 

2018).  

Table 2. Satellite imageries used for the study 

Year Satellite Resolution (m) Path/row Date of acquisition 

1972 Landsat 1, MSS 60 180/53 1972-12-25 

1987 Landsat 5, TM 30 168/53 1987-02-09 

2002 Landsat 5, TM 30 168/53 2002-05-25 

2017 Landsat 8 OLI_TIRS 30 168/53 2017-01-26 

 

3.2.2 Image classification and change detection  

A supervised classification was employed using the maximum likelihood classification (MLC) 

algorithm in the Semi-automatic classification plugin (Congedo, 2016) of QGIS (v. 3.0.2).  The 

MLC algorithm proven to be consistent classifier for multi-date and data classification (Schulz et 

al., 2010). It examines the probability of a given pixel belonging to a specific class and the 

training data are assumed to be normally distributed which can be identified using mean vector 

and covariance matrix (Richards and Jia, 2006). Spectral homogeneous areas, Region of Interest 

(ROI) were identified as training pixels for each LULC class (Richards and Jia, 2006; Mather 

and Tso, 2016). 345 ROI (75 for farmland, 20 for waterbody and 50 per LULC for the remaining 

classes) were collected using ground control points (GCPs) obtained from field survey (for 

2017), google earth images (for 1987 and 2002) and unsupervised classified map (for 1972). The 

ROI spectral (signature) separability was examined using spectral signature plot, Jeffries-

Matusita Distance and standard deviation values (Richards and Jia, 2006; Congedo, 2016).  Post-

classification smoothing was applied to remove the salt-and-pepper effects using a classification 

sieve (Lillesand and Kiefer, 1999). Thus, sieving was then applied to the classified LULC to 

recode any isolated pixels. Finally, seven LULC categories were defined for the study area 

(Table 3).  
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Table 3: Description of different land use/land cover classes of the Beressa watershed 

LULC Description  

Natural vegetation 

(NV) 

 

Comprises mixed indigenous trees and shrubs in a natural forest, woodland, and 

shrub land, including Juniperus procera, Hagenia abyssinica, and Acacia 

abyssinica.  

Plantation (PL) 

 

Trees planted around homesteads and on degraded lands, dominantly Eucalyptus 

Grassland (GL) 

 

Grass cover, forbs, and pasture land with no pattern  

Settlement (ST) 

 

Rural and urban settlements including villages, scattered houses, buildings, 

roads, industries, institutions, etc. 

Barren land (BL)  Land with little or no vegetation, exposed rocks, and gullies  

Farmland (FL) Cultivated land, dominantly used for annual crops and fallow land 

Waterbody (WB) Includes rivers and pond water 

 

The accuracy of the classified LULC was validated using ground-truthing information acquired 

from the field with a global positioning system (GPS), Google Earth images, and vegetation 

maps (Rujoiu-Mare and Mihai, 2016).  For the 2017 classification, field data and Google Earth 

images were used as references. To validate LULC results from the years 1987 and 2002, Google 

Earth images were used. As no other ground truth information was available, the accuracy of the 

1972 image was employed with reference to corresponding vegetation indices (Normalized 

Difference Vegetation Index (NDVI) and Soil Adjusted Vegetation Index (SAVI)) and with the 

support of unsupervised classified map. The vegetation indices prove to be important tool to 

support and improve the accuracy of LULC classification (Rujoiu-Mare and Mihai, 2016; 

Naboureh et al., 2017). A total of 390 random pixels (a minimum of 50 per class) were generated 

for each LULC data following the method of Congalton and Green (2009). 

Comparison of the classified images and available ground truth information was conducted using 

the analysis of quantity disagreement (difference in proportion of the categories and allocation 

disagreement (mismatch in the spatial allocation) recommended by Pontius and Millones (2011). 

Thus, quantity and allocation disagreement were assessed for each year to examine the accuracy 

of the classification (Appendix 1).  
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A cross-tabulation was performed to determine the conversion of one LULC category to another. 

A temporal comparison of values provides statistics for each period  (Temesgen Gashaw et al., 

2017; Mulatu Liyew et al., 2019). The following Equations were used: 

Percent of change(Δ%) =
Areafinal year−Areainitial year

Areainitial year
 x 100                                                 (1)                                     

Where; the area is the extent of each LULC type; positive values suggest an increase, negative 

values represent a decrease.  

𝑅𝑎𝑡𝑒 𝑜𝑓 𝑐ℎ𝑎𝑛𝑔𝑒 (ℎ𝑎/𝑦𝑒𝑎𝑟)   =
𝐴𝑟𝑒𝑎𝑓𝑖𝑛𝑎𝑙 𝑦𝑒𝑎𝑟−𝐴𝑟𝑒𝑎𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑦𝑒𝑎𝑟

𝑁
                                                (2)                                       

Where; N is the time interval between initial and final years. 

 

To observe changes for every 15 years, LULC changes were categorized into six epochs, 1972–

1987, 1987–2002, 2002–2017, 2017-2032 and 2032-2047 and for the entire period, 1972 to 2017 

and 2017-2047. 

3.2.4 Land use/land cover change prediction 

Several models have been developed to predict future LULC change, including statistical 

models, equation-based models, evolutionary models, expert system models, multiagent models, 

cellular models, Markov models, and hybrid models (Liping et al., 2018). The hybrid of Cellular 

Automata and Markov Chain (CA-Markov) model was used to predict future LULC for 2032 

and 2047. The model is integrated with IDRISI software version 17.0 (Clark Labs, Clark 

University, Georgia-USA). The CA-Markov model is a suitable tool for long-term prediction of 

the future LULC change as it considers complex spatial interactions and simulated multi LULC 

types (He et al., 2006; Memarian et al., 2012). The model helps to quantify LULC change 

probability from state A to state B and predicts spatial changes over a specific period (Keshtkar 

and Voigt, 2016). The model (comprising a cellular state, cellular space, cellular neighborhood, 

and transition rules) is expressed as (Chu et al., 2018): 

𝑆(𝑡+1) =  (𝑓(𝑆(𝑡),𝑁)                                                                                                                   (3)                                                                                                     

Where S is the set of finite and discrete cellular states, t and t+1 represent the different moment 

in time, N is the cellular neighborhood, and f is cellular transition rules in local space.  
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3.2.4.1 Model calibration 

The initial calibration utilized the 2002 LULC map and Markov transition area of 1987 and 

2002, which was developed using the Markovian transition estimator in the Markov module in 

IDRISI for each LULC to simulate the 2017 LULC map.  

3.2.4.2 Model validation  

Simulation of future LULC was conducted following a check of initial calibration accuracy, 

essentially comparing the simulated 2017 with the actual map using VALIDATE module in 

IDRISI software. Cross tabulation was employed to estimate chance agreement, quantity 

agreement, allocation agreement, allocation disagreement, and quantity disagreement.  

3.2.4.3 Modeling land use/land cover for 2032 and 2047 

Transition probability areas from the years 2002 and 2017, a classified LULC map of 2017, and 

a set of transition suitability images were then used to predict LULC patterns for two years, i.e., 

2032 and 2047 under business-as-usual scenario. The relative suitability area for each LULC was 

identified using criteria (factors and constraints) and their weights defined by Eastman (2012) 

(Table 4). Factors indicate the relative suitability of the areas under consideration. On the other 

hand, constraints limit the alternatives under consideration for LULC prediction. The criteria, 

including proximity to road, river, town, settlement, slope, elevation, and LULC types were 

considered for future prediction. The criteria were obtained by observing and interpreting the 

LULC maps of 1972, 1987, 2002, and 2017 and consulting experts. A similar procedure was 

followed by Temesgen Gashaw et al. (2017) and Asfaw Mohamed and Hailu Worku (2020) in 

Andassa watershed, Blue Nile Basin and  Addis Ababa and surrounding area, respectively.   

The selected factors and constraints were standardized using the Fuzzy set membership function 

in the fuzzy module of IDRISI software. The criteria weight was assigned using the Analytic 

Hierarchy Process (AHP) pairwise comparison based on the expert's opinions. The factors and 

constraints were then integrated using a multi-criteria evaluation (MCE) decision support system 

with a weighted linear combination to produce suitability maps in byte format with the range 

between 0 (the least suitable) and 255 (the most suitable), as shown in Appendix 2. The 

methodological flowchart for LULC classification and prediction is presented in Figure 5. 
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Table 4. Factors, constraints, and their weights used for predicting LULC 

LULC  Factors Constraints Criteria weight Consistency ratio 

Barren land 

Barren land area  0.43 0.04 

Farmland  0.14  
Plantation  0.13  
Grassland  0.1  
Natural vegetation  0.13  

 Settlement 0.06  

 Waterbody 0.01  

Farmland 

Cultivated land  0.38 0.02 

Distance to river  0.2  
Distance to road  0.17  
Distance to settlement  0.01  
Elevation  0.08  

 Slope (>10%) 0.16  

Grassland 

Grassland area None 0.34 0.01 

Distance to settlement  0.23  
Distance to road  0.21  
Distance to river  0.08  
Elevation  0.14  

Natural 

vegetation 

Natural vegetation  0.53 0.01 

Distance to road  0.16  

 Distance to settlement 0.31  

Plantation 

Plantation None 0.18 0.04 

Natural vegetation  0.15  
Grassland  0.16  
Settlement  0.13  
Farmland  0.14  
Barren land  0.15  
Waterbody  0.09  

Settlement 

Settlement area  0.4 0.05 

Distance to town  0.27  
Distance to road  0.11  
Elevation  0.1  

 Slope (>5%) 0.12  

Waterbody 

Waterbody area  0.61 0.03 

 Natural vegetation 0.22  

 Plantation 0.02  

 Grassland 0.03  

 Settlement 0.01  

 Farmland 0.02  

 Barren land 0.09  
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Figure 5. Flowchart of the methodology implemented for classification and simulation of LULC
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3.3 Analyzing landscape structural change  

To understand composition and configuration of the watershed at the class level, FRAGSTATS 

(v. 4.2.1) was used (McGarigal et al., 2012). It calculates a large set of landscape metrics for an 

area into various elements such as patch density, shape, core area, diversity, contagion, and 

interspersion (Dewan et al., 2012). Landscape metrics can be used to analyze spatial patterns of 

landscape, and there are many indices that are highly correlated with each other (Apan et al., 

2002). Therefore, landscape structure must be quantified using the smallest number of 

independent metrics possible (Cushman et al., 2008). The selection of the metrics should be 

based on their ecological relevance to characterizing the landscape (Li and Wu, 2004), the 

purpose of the study (Uuemaa et al., 2011), and low redundancy and collinearity among the 

metrics (Cushman et al., 2008).  

In this study, Principal Component Analysis (PCA) was used for factor extraction (Cushman et 

al., 2008). Important metrics were then selected using an evaluation of the degree of redundancy 

based on a correlation matrix (Riitters et al. 1995). Factors are subjected to varimax rotation to 

determine loading factors, and components with an eigenvalue of >1 are retained (Weide and 

Beauducel, 2019). Variables that do not show strong correlation with the first few principal 

components were eliminated from further analysis (Yang and Liu, 2005).  Following data 

normality test (Appendix 3), Spearman's product-moment correlation between selected landscape 

metrics was used. The metrics that show an average in-group correlation of >0.8 are considered 

redundant (Cat et al., 2019). Only one of the metrics is retained for further analysis based on its 

ecological relevance. With this procedure, a smaller set of indices that adequately reflect major 

landscape properties were selected. Five important landscape metrices: area metrics (LPI and 

MPS), shape metrics (AWMPFD) and aggregation metrics (AI and NP), were selected to 

characterize landscape composition and configuration in the Beressa watershed (Table 5). The 

analysis of PCA and correlation were performed using 'princomp', and 'corrplot' packages, 

respectively in R software v 3.6.2 (R Core Team, 2019). 
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Table 5. Description of landscape metrics used in this study* 

Acronym Metrics  Description (unit) Range  Indicators 

LPI  
Large Patch Index Percentage of a landscape composed of 

the largest patch (%) 

0 ˂ LPI ≤ 100 Dominance 

MPS Mean Patch Size  Average size of the patch comprising 

each class (ha) 

MPS ˃0, without 

limit 
Fragmentation 

AWMPFD 

Area Weighted Mean 

Patch Fractal 

Dimension   

Measures patches geometry based on 

fractal geometry (none) 

1 ≤ AWMPFD ≤ 2 Shape 

complexity 

NP 
Number of Patches  Total number of patches in the landscape 

of a particular class (none) 

NP ≥ 1, without 

limit 
Fragmentation 

 AI 
Aggregate Index  Percentage of a neighboring pixel of the 

same LULC class (%) 

0 ≤ AI ≤ 100 Aggregation 

* McGarigal et al. (2012)  

 

Largest patch index (LPI)  

LPI quantifies the share of the largest patch's landscape (McGarigal et al., 2012). It is a simple 

indicator of patch dominance showing the degree of variability within the landscape (Vizzari and 

Sigura, 2013).  It is the ratio of the largest patch area to the total landscape area (Equation 4). 

      LPI =

n
max 

j=1
(aij)

A
(100)                                                                                                                       (4)                                                                                                       

Where aij is the area of patch ij (m
2), and A is total landscape area (m2) 

The value of LPI approaches zero when the largest patch in the landscape is increasingly small 

and LPI = 100 when the entire landscape consists of a single patch. 

 Mean patch size (MPS) 

It is the sum of all patch area of the corresponding patch type divided by the number of patches, 

Equation 5 (Flowers et al., 2020). Therefore, it is the average area of the landscape patches and is 

a good indicator of habitat fragmentation (McGarigal and Marks, 1995).   

        MPS =  
∑ 𝑎𝑖𝑗

𝑛
𝑗=1

𝑛𝑖
(

1

10000
)                                                                                                                 (5)                                                                                                  

Where ni is the number of patches in the landscape of patch type (class) i.  
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Number of patches (NP) 

NP is the number of patches of the corresponding land-use class and is represented by Equation 

6. It measures the extent of subdivision or fragmentation of the patch type. The NP equal to 1 

when the particular class contains only one patch of the corresponding patch type (McGarigal et 

al., 2012) 

        NP =  𝑛𝑖                                                                                                                                          (6)                                                                                                                          

Area weighted mean patch fractal dimension (AWMPFD) 

The fractal dimension measures patch geometry to determine the degree of shape complexity as 

an indicator of patch fragmentation and habitat quality (Imre and Bogaert, 2004). It is calculated 

as: 

    AWMPFD =  ∑ [(
2ln(0.25pij)

lnaij
) (

aij

∑ aij
n
j=1

)]n
j=1                                                                                  (7)                                                                         

Where pij = perimeter (m) of patch ij. 

The AWMPFD approaches 1 for simpler patch shape (simple perimeter), implying regular 

patches, and approaches 2 for highly convoluted, plane-filling perimeter (McGarigal and Marks, 

1995).   

Aggregation index (AI) 

AI corresponds to the clustering of patches to form patches of a larger size; it is the ratio between 

the observed number of like adjacencies and the maximum possible number of like adjacencies 

involving the corresponding class (Plexida et al., 2014) and is calculated using Equation 8 

(McGarigal et al., 2012). 

      AI =  [
gij

max⟶gij
] (100)                                                                                                                  (8)                                                                                                      

gii is the number of like adjacencies (joins) between pixels of patch type (class) i, max-gii is the 

maximum number of like adjacencies (joins) between pixels of patch type (class) i 

AI equals 0 when the patches are maximally disaggregated and equals 100 when the patches are 

maximally aggregated into a single compact patch (McGarigal et al., 2012). 
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3.4 Ecosystem service assessment 

The Integrated Valuation of Ecosystem services and Tradeoffs (InVEST) software version 3.7.0 

was used to quantify the provision of five important ESs provided by the Beressa watershed. The 

model was developed by Stanford University, California, to support environmental decision-

making (Sharp et al., 2018). InVEST is a geographic information system (GIS) based model and 

has algorithms that convert LULC changes into water availability, sediment retention, terrestrial 

carbon storage, crop production, habitat for species, and other ES outputs (Nelson et al., 2010). 

Table 6, presents the description of ES addressed in this study.  

Table 6. Description of ESs assessed in this study* 

Ecosystem service Biophysical 

indicator 

Description 

Habitat maintenance Habitat quality The ability of an ecosystem to provide necessary goods 

and services 

Water retention Water yield The amount of water running off from a given pixel: high 

water yield indicates low water retention capacity  

Erosion regulation Sediment export The amount of sediment load to a hydrological network: 

high sediment export indicates low sediment retention 

capacity 

Climate regulation Carbon storage The amount of carbon stored at each pixel 

Crop yield Crop production The amount of agricultural production harvested per unit 

area 

 *source: Sharp et al., 2018 

 

3.4.1 Habitat quality (HQ) 

Biodiversity has an essential supportive role in the provision of various ESs. The InVEST habitat 

quality model uses habitat quality and its spatial extent as a proxy of biodiversity within the 

landscape (Sharp et al., 2018). The model depends on the relative impact of the threats, the 

distance between the threat sources and the habitat, and the habitats' sensitivities for the specified 

threats (Sharp et al., 2018; Xu et al., 2019). The model proposed either linear or exponential 
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distance decay function (Equation 9 and 10) to describe the impact of the threats over space irxy 

of threats r from grid cell y on habitat in grid cell x. It explains how quickly that influence 

propagates into the habitat (Sharp et al., 2018). 

 irxy = 1 − (
dxy

dr max
) ,   if linear                                                                                                     (9) 

irxy = exp(− (
2.99

dr max
) dxy), if exponential                                                                             (10)                                                      

Where dxy is the linear distance between grid cells x and y and dr max is the maximum effective 

distance of threats r's reach across space. 

The total threat level in grid cell x with LULC j is then calculated as (Sharp et al., 2018):  

Dxj =  ∑ ∑ (
ωr

∑ wr
R
r=1

)

yr

y=1

R

r=1

 ryirxyβxSjr                                                                                        (11) 

Where; R is the number of the threat factors, yr is the set of grid cells on raster map, ωr is the 

relative effect of each threat, βx is the level of accessibility in grid cell x, and Sjr is the relative 

sensitivity of each habitat types to each threat.         

The quality of habitat in LULC j calculated using Equation 12 (Sharp et al., 2018): 

Qxj = Hj  ((1 −
Dxj

z

Dxj 
z + kz

))                                                                                                   (12) 

Where; Hj is the habitat suitability of LULC type j, z is normalized constant, and k is the half-

saturation constant.   

InVEST-HQ model input dataset: The spatial and non-spatial data required to run InVEST HQ 

model includes time series LULC maps, threat sources and impacts, habitat types, habitat 

sensitivity to the threats, and half-saturation constant. Table 7 provides detail of these 

parameters.  

 

 



39 

 

Table 7. Input data used to run InVEST habitat quality model 

Input data Format Description 

The LULC map Raster Classified LULC maps for reference years.  

Threats data  Tabulated data Contained name of the specific threat, maximum 

distance, weight, and decay function. 

Sources of threats Raster The distribution and intensity of each threat map. 

Habitat types and their 

sensitivity for each threat 

Tabulated data Sensitivity data contained habitat type and sensitivity 

to each threat 

Half-saturation constant Model input It determines the spread and central tendency of 

habitat quality score and set the value after 

preliminary model run to check which value provides 

maximum degradation score 

 

Based on literature (Aklilu Amsalu et al., 2007; Tesfa Worku et al., 2016), field observation, and 

key informant interviews (KII), five major sources of threats causing habitat degradation were 

selected. These were (i) Eucalyptus dominated plantation; (ii) settlement; (iii) cultivated land; 

(iv) degraded land and (v) roads. The KIIs were undertaken with 20 experts from the North 

Shewa Zone and Bassona Werena district's agricultural office. The human-modified landscape 

types were extracted from corresponding LULC maps. Road map of the study area was obtained 

from the Ethiopian Ministry of Water and Energy. The threat maps were generated in ArcGIS 

and the value of the grid was normalized between 0 and 1.  

The weight of the threats and weight of habitat sensitivity for the threats were identified using 

the AHP tool for factor comparison based on the expert's knowledge. It is a powerful multi-

criteria decision-making tool that enables organizing and analyzing complex decisions and 

ensures consistency of judgment (Saaty, 2008). Expert judgments were used to rate the threat's 

weight by examining potential threats to habitat and associated sensitivity using a pairwise 

comparison matrix, with 1 to 9 preference scale. To verify the accuracy of pairwise comparison, 

a consistency ratio (CR) of 0.1 or less was accepted (Malczewski, 2000). Average threat weight 

and habitat sensitivity with a range of 1 to 0 were used to complete the process. The higher the 

value, the greater the impact of the threats, and the greater the sensitivity. Based on the expert's 

evaluation, the average maximum influence distance of the threats was then calculated. 
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Relative habitat suitability score ranged from 0 to 1 (Sharp et al., 2018), suggesting the capability 

of each LULC categories for maintaining HQ based on field observation and soil assessment 

with three main indicators: (1) the naturalness of LULC category; (2) the complexity of 

landscape features within the habitat;  and (3) the soil degradation index (SDI). The NDVI map 

was used to support the field investigation of habitat vegetation cover.  

Soil sampling and laboratory analysis: Soil-sampling was done based on land use classes. Soil 

samples (30 cm depth) were collected randomly in each land use, following FAO field sampling 

manual procedures (FAO, 2012) using an auger (Edelman) and core sampler. A total of 191 soil 

samples were collected (Appendix 4) and composited into 38 soil samples (representing 14 for 

FL, 6 for NV, 3 for GL, 5 for ST, 3 for BL and 7 for PL) for physico-chemical lab analysis using 

standard methods (Appendix 5). Ninety separate undisturbed soil samples were also collected to 

determine soil bulk density. The samples were transported to the Horticoop Ethiopia 

(Horticultural) PLC soil and water analysis laboratory facilities, Debere Zeit, Ethiopia.  

Computation of Soil Degradation Index (SDI):  SDI was computed on the assumption that the 

soil properties under plantation, grassland, settlement, barren land, and farmland were initially 

the same as that of natural vegetation before conversion. Therefore, the mean value of individual 

soil properties (plantation, grassland, settlement, barren land, and farmland) was compared with 

a mean value of soils from natural vegetation as a baseline in the study area and expressed in 

percent. Changes were averaged across all soil properties to compute SDI (Adejuwon and 

Ekanade, 1988) using Equation 13.    

SDI = (
N − R

R
) ∗ 100                                                                                                                   (13) 

Where; N is the mean value of soil property in the new land use, R is the mean value of soil 

property in reference land use, and SDI is the soil degradation index.  

In reference to natural vegetation LULC class, soil properties of plantation, settlement, and 

barren land indicated a higher cumulative degradation index, whereas grassland and farmland 

indicated a lower soil degradation index (Appendix 5). Thus, LULC categories with more 

complex and diverse natural systems with less SDI than other LULC classes were assumed to 

have a greater degree of habitat suitability (Appendix 6). To supplement and triangulate the data, 
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focus group discussions (FGD) were conducted in three villages within the study area, namely 

Faji, Wushawushegn, and Debele.  In each village,  three clusters of groups containing 8-11 

participants were used to obtain data on habitat and threat types, threat weight and their 

influential distance, and habitat sensitivity for the threats using a semi-structured questionnaire 

(Omar, 2018).  

The model generates information on the relative extent of habitat quality and habitat degradation 

(Tallis et al., 2013; Sharp et al., 2018). The final output of habitat quality ranges from 0 to 1, 

with 1 indicating the relatively high level of habitat quality and 0 indicating non-habitat. In this 

study, the scores of habitat quality are interpreted as the relative score to reflect the ecosystem's 

ability to provide ecological services, as suggested by Polasky et al. (2011). All the input data 

used to simulate HQ in this study are presented in Appendix 7.  

3.4.2 Water yield (WY) 

 

WY in the InVEST model is defined as the amount of water running off from a given pixel 

(Sharp et al., 2018). The model is based on the Budyko curve (Zhang et al., 2008). Annual WY, 

Y(x) for each pixel on the landscape x is computed using Equation 14 (Sharp et al., 2018):  

        Y(x) = (1 −
AET(x)

P(x)
) × P(x)                                                                                                        (14) 

Where AET(x) is the actual annual evapotranspiration for pixel x, and P(x) is the yearly average 

precipitation in pixel x. 

The model calculate actual evapotranspiration from potential evapotranspiration (PET) based on 

Budyko curve as formulated by Zhang et al. (2004), Equation 15:  

      
AET(x)

P(x)
= 1 + 

PET(x)

P(x)
−  [1 + (

PET(x)

P(x)
)

ω

]

1
ω

                                                                     (15) 

 

Where PET(x) is the potential evapotranspiration and ω is a non-physical parameter that 

characterizes the natural climate-soil properties. 

Potential evapotranspiration PET(x) is calculated as: 
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PET(x) = Kc(lx)  × ET0(x)                                                                                                            (16) 

Where Kc(lx) is the plant (vegetation) evapotranspiration coefficient associated with LULC lx on 

pixel x, and ETo(x) is the reference evapotranspiration from pixel x.  

Following Sharp et al. (2018) recommendation, ETo was calculated using 'modified Hargreaves' 

Equation developed by (Droogers and Allen, 2002), as shown in  Equation 17. According to 

Droogers and Allen (2002), this formula evidenced to provide useful estimation for global 

climate, though have superior performance in arid regions. It is valuable tool in area where data 

scarcity is common, as it needs minimum data and less subjected to data error.   

ETo = 0.0013 × 0.408 × Ra  (Tav + 17) (TD − 0.0123P)0.76                                                  (17) 

Where Tav is the mean daily maximum and mean daily minimum temperature, TD is the 

difference between mean daily maximum and mean daily minimum temperature (°C), Ra is 

extraterrestrial radiation (MJ/m2/d), and P is average monthly precipitation (mm).  

The Ra is calculated using  Equation 18 (Allen et al., 1998) following the recommendation by 

Droogers and Allen (2002):   

𝑅𝑎 =  
24(60)

𝜋
 𝐺𝑠𝑐𝑑𝑟[𝜔𝑠 sin(𝜑) sin(𝛿) + cos(𝜑) cos(𝛿) sin(𝜔𝑠)]                                              (18) 

Where Gsc is solar constant = 0.0820 MJ m-2 min-1; dr is inverse relative distance Earth-Sun; ωs is 

sunset hour angle; φ is latitude (rad) and δ is solar decimation, formulas are found in Allen et al., 

(1998).  

WY model input datasets: The input data summarized in Table 8 was used to run the WY model. 

The primary raster and vector inputs needed to run the InVEST annual WY model include LULC 

maps, precipitation, reference evapotranspiration (ET0), root-restricting layer depth, plant-

available water content (PAWC). The model also requires land use attributes, vegetation status, 

maximum root depth, and plant evapotranspiration coefficients according to LULC types. 
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Table 8. WY model input dataset format and sources 

Input data Data 

format 

Source  

Precipitation (mm) Raster National meteorological agency (NMA) of Ethiopia  

Reference 

evapotranspiration (mm) 

Raster Modified Hargreaves equation (Sharp et al., 2018)  

Root restricting layer 

depth (mm)  

Raster  Africa Soil Information Service (AfSIS)  

(https://www.isric.org/projects/soil-property-maps-africa) 

Plant available water 

fraction (mm) 

Raster Soil samples  

Land use/land cover Raster Landsat data  

Watershed and sub-

watershed boundaries 

Vector Digital Elevation Model (DEM) 

Seasonality factor Number Model input 

Maximum root depth 

(mm) 

Number  For vegetated LULC (Canadell et al.,1996) and 

for non-vegetated LULC (Tallis et al., 2013) 

Plant evapotranspiration 

coefficient 

Floating  FAO guideline (Allen et al., 1998) and InVEST's user guide 

(Sharp et al., 2018) 

 

Data on root-restricting layer depth (rootable depth) were unavailable for this study area, so soil 

depth data were used as a proxy (Sharp et al., 2018). The soil depth data was obtained from the 

Africa Soil Information System (AfSIS). The AfSIS soil database contains the soil profiles of 40 

African countries at a spatial resolution of 250 m (Africa Soil Information Service (AfSIS), 

2015). The soil depth data for this study area was resampled to 30 m using the 'nearest neighbor' 

method.  

The PAWC, which is the difference between the field capacity and the permanent wilting point 

(Saxton and Rawls, 2006), was estimated from acquired soil samples. Field soil sampling 

procedures are detailed in section 3.4.1.1. The 30 m raster grid dataset of PAWC, precipitation, 

and ET0 were mapped using ordinary kriging interpolation technique (Zhang et al., 2008).  The 

watershed boundary was delineated using ArcSWAT tool (https://swat.tamu.edu/).   

https://www.isric.org/projects/soil-property-maps-africa
https://swat.tamu.edu/
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The seasonality factor (Z parameter) is another important input to characterize rainfall 

seasonality, with possible values varying from 1 to 30 (Sharp et al., 2018). If recorded 

streamflow data is sufficiently available, the optimal method for determining the Z factor is 

calibration (Hamel and Guswa, 2015; Sharp et al., 2018). The model is calibrated over many 

iterations, with Z values ranging between 1 and 30, to identify the best-fit value with minimal 

error. In this case, 15 was considered the best-fit value (Appendix 8). The model performance 

was then evaluated using different pairwise comparison statistics (Moriasi et al., 2007) including 

coefficient of determination (R2), Nash-Sutcliffe simulation efficiency index (NSE), RMSE-

based standard deviation ratio (RSR), and percent bias (PBIAS), detailed description presented in 

section 3.6. 

The input biophysical table for WY model is presented in Appendix 9. The model provides an 

output of water yield in millimeters at the watershed, sub-watershed, and at the pixel-level 

(Sharp et al., 2018). The model recommended the pixel water yield to be summed up and 

averaged to sub-watershed level for result interpretation to understand the hydrological process 

and to inform management decision making.  

3.4.3 Sediment export (SE) 

The InVEST sediment delivery model was used to determine the landscape's capacity to retain 

sediments and to assess each landscape parcel's contribution in delivering sediment loads to a 

hydrological network. Thus, the SE for a given pixel i (t ha-1 yr-1) is calculated from the soil loss 

function and the sediment delivery ratio (SDR), as indicated in Equation 19 (Borselli et al., 

2008): 

𝑆𝐸𝑖 = (𝑅𝑖. 𝐾𝑖. 𝐿𝑆𝑖. 𝐶𝑖. 𝑃𝑖) ×  𝑆𝐷𝑅𝑖                                                                                       (19) 

Where R is rainfall erosivity (MJ.mm (ha hr.)-1)), K is soil erodibility ((t ha. hr. (MJ·ha·mm)-1)), 

LS is the slope length-gradient factor, C is the cover management factor, and P is the support 

practice factor.  

SDR computed as a function of the hydrologic connectivity (IC) of the area based on the upslope 

area and downslope flow path (Borselli et al., 2008; Vigiak et al., 2012). SDR for a pixel i is 

computed using Equation 20:  
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SDRi =  
SDRmax

1+exp(
ICo−ICi

k
)
                                                                                                                       (20)  

Where SDRmax is the maximum theoretical SDR; in the absence of detailed soil information 

default value set is as 0.8 (Vigiak et al., 2012), ICo and k are calibration parameters that define 

the shape of the SDR-IC relationship (Hamel et al., 2015). 

The IC is calculated as follow using Equation 21 (Vigiak et al., 2012):   

IC = log10 (
Dup

Ddn
)                                                                                                                              (21) 

Where Dup is the upslope component, and Ddn is the downslope component (Borselli et al., 2008) 

SDR model input datasets: A digital elevation model (DEM), rainfall erosivity, soil erodibility, 

and LULC rasters were inputted to the SDR model. Other inputs into the model were a 

biophysical table containing land use, land cover management (C factor), and support practice (P 

factor) for each LULC type (Table 9). 

Table 9. SDR model input formats and sources 

Input data Format Sources 

Digital elevation model Raster https://earthexplorer.usgs.gov/srtm/ 

Rainfall erosivity index Raster Calculated from precipitation data using Equation 

22  

Soil erodibility Raster Calculated from soil characteristics using Equation 

23  

Land use/land cover Raster Landsat data  

Watershed boundary Vector DEM 

Threshold flow accumulation Integer number Tallis et al. (2013) 

Borselli k parameter Integer number Model default value (Sharp et al., 2018) 

Borselli ICo parameter Floating number Model default value (Sharp et al., 2018) 

Max SDR Value Floating number Model default value (Sharp et al., 2018) 

C_factor per LULC  Floating number Calculated from NDVI value using Equation 24 

P_factor per LULC Floating number Wischmeier and Smith (1978) 
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The rainfall erosivity factor (R-factor) was calculated from the relationship between rainfall and 

rainfall erosivity, adapted for Ethiopian conditions by Hurni (1985) as:  

R = 0.56P − 8.12                                                                                                                               (22) 

Where P is the average annual precipitation (mm) 

The soil erodibility factor (K-factor) quantitatively expresses the erodibility of a particular soil 

type, determined from specific soil texture and organic matter content (Sharpley and Williams, 

1990), as in Equation 23:  

     K =  (0.2 + 0.3exp(−0.0256SAN(1−
SIL

100
)) x (

SIL

CL+SIL
)

0.3

x (1 −
0.25C

C+exp(3.72−2.95C)) x (1 −

0.7SN

SN+ exp(22.9SN−5.51)))   x  0.1317                                                                                                           (23)                                                                                                      

Where SAN is sand content (%), SIL is the silt content (%), CL is the clay content (%), C is the 

soil organic carbon content (%), and SN = 1-SAN/100.  

Soil texture and organic carbon content was determined by laboratory analysis (Appendix 5). A 

raster dataset for R and K factors was mapped using an ordinary kriging interpolation technique 

to finalize data processing.  

The C-factor specifies how different land use types affect soil loss rate (Renard et al., 1997). The 

C value was calculated using Equation 24:  

C =  e−β(
NDVI

∝−NDVI
)                                                                                                                        (24) 

where C is the land cover management factor, and α and β are unitless parameters obtained from 

the NDVI–C curve (α = 2 and β = 1 are considered here) (Van der Knijff et al., 2000). The NDVI 

data were derived from using the red and near-infrared bands. The annual average NDVI value 

was used to calculate the C-factor.  

The support factor (P-factor) reflects soil loss ratio under a specific support practice (Renard et 

al., 1997), which here is field tillage. The P-value ranges from 0 (well-conserved areas) to 1 

(non-conserved areas). In this study, LULC maps and field observations were used to estimate P-

values. Thus, the classified LULC map was reclassified as agricultural (varied values) and non-



47 

 

agricultural land (assigned as 1, since soil and water conservation practices are not widely 

implemented in the study area). For agricultural land, values were assigned based on slope 

classes (Wischmeier and Smith, 1978).  

The summarized inputted biophysical table value can be found in Appendix 10. The model 

returns three main outputs: i) the amount of sediment exported to the stream ii) the amount of 

potential soil loss, and iii) sediment retention as the difference in the amount of sediment 

delivered by the current watershed and a hypothetical watershed where all land use types have 

been cleared to bare soil.  

3.4.4 Carbon storage (CS) 

Terrestrial ecosystems regulate global climate by adding and removing greenhouse gases (GHG), 

typically CO2. The InVEST model quantifies and maps the amount of carbon stored and 

sequestered in the landscape based on four carbon pools: aboveground biomass, belowground 

biomass, soil, and dead organic matter (harvested wood products) (Sharp et al., 2018). The 

model requires a LULC map and tabular data to estimate total carbon stocks, which contains 

each carbon pools' computed value for the corresponding LULC types. In this study, carbon 

stored in aboveground, belowground, and soil pools were calculated, and the pools varied 

depending on the kind of LULC (Appendix 11). The field measured biomass and soil were used 

to calculate carbon stored in each pool.  

Aboveground biomass measurement and carbon estimation: The sampling was done based on LULC 

class, and sample plots were distributed randomly aimed to represent varied site condition 

(Pearson et al., 2005). The number of sample plots were determined following Hairiah et al. 

(2011). In natural vegetation  and plantation LULC classes, 27 rectangular plots with the size of 

20 m x 25 m (500 m2 quadrant suggested for low tree population density) was established to 

sample all living trees and shrubs with a diameter at breast height (DBH) (at 1.3 m from the 

ground level) and diameter at stump height (DSH) (at 5–10 cm above the sprouting position) ≥ 5 

cm following Hairiah et al. (2011).  

Diameter and height were recorded for biomass estimation. In grassland, aboveground biomass 

was harvested from five subsamples of 1 m x 1 m nested quadrants within 10 m x 10 m plot size 

(7 plots). The sampled grass was mowed, cleaned, chopped, mixed well, and 100 g of fresh green 
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weight was taken from each plot. All the samples were taken to the laboratory and dried in the 

oven at 70 °C for 48 hours to determine the biomass's oven-dry weight (Labata et al., 2012).  

The improved pantropical model developed by Chave et al. (2014) was used to estimate the 

aboveground tree biomass in natural vegetation. The model is widely used and recommended for 

tropical region (Manuri et al., 2016). The aboveground biomass was calculated using equation 25 

(Chave et al., 2014):  

AGBa = 0.0673 × (ρD2H)0.976                                                                                       (25) 

Where; AGBa is the estimated total aboveground biomass in kg, D is the diameter in cm, H is 

height in m, and 𝜌 is wood density in g cm-3. Specific wood density values were acquired from 

the global wood density database (Zanne et al., 2009; ICRAF, 2016).   

For the Eucalyptus tree, the allometric model developed by Mulugeta Zewdie et al. (2009) for 

Ethiopia's central highlands was used. The Equation is as follow: 

𝐴𝐺𝐵𝑎 =  0.59 + 0.03𝐷𝐻2                                                                                                     (26) 

Where AGBa is total aboveground biomass in kg per stem. 

The grass biomass was estimated using Equation 27 (Pearson et al., 2005). 

𝐵𝐺 =  
𝑓𝑟𝑒𝑠ℎ 𝑤𝑒𝑖𝑔ℎ𝑡

𝑝𝑙𝑜𝑡 𝑎𝑟𝑒𝑎 (ℎ𝑎)
× 

𝑠𝑢𝑏𝑠𝑎𝑚𝑝𝑙𝑒  𝑤𝑒𝑖𝑔ℎ𝑡 𝑑𝑟𝑦

𝑠𝑢𝑏𝑠𝑎𝑚𝑝𝑙𝑒 𝑤𝑒𝑖𝑔ℎ𝑡𝑏𝑒𝑓𝑜𝑟𝑒 𝑑𝑟𝑦
×  

1

10000
                                                          (27)  

where BG is the biomass of grass (ton/ha)  

To convert the aboveground biomass pool into carbon stock, the AGB is multiplied by a carbon 

fraction of 0.47 (IPCC, 2006).  

Belowground biomass and carbon estimation: The root-shoot ratio is commonly used to estimate 

belowground living biomass, as belowground biomass is difficult to measure. Therefore, the 

ratio recommended by Macdicken (1997) for general tropical forest was used to estimate 

belowground biomass (Equation 28): 

BGBb = AGB × 0.2                                                                                                        (28) 

Where; BGBb is estimated belowground biomass in kg.  
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Soil organic carbon determination: Soil organic carbon pool was determined using soil samples 

from five subplots of 1 m x 1 m size positioned at each corner and the center in 'x' pattern. It was 

laid in each main plot for each LULC class (Pearson et al., 2005; IPCC, 2006; FAO, 2012). 

Accordingly, a total of 490 soil samples were pooled from each subplot and mixed thoroughly to 

prepare 98 composite samples (representing 8 for NV, 19 for PL, 7 for GL, 10 for ST, 6 for BL, 

and 48 for FL) to measure the soil carbon content of each land use class. Bulk density was 

determined from triplicated undisturbed soil samples for each land use class (18 samples). 

Laboratory procedures are described in Appendix 5.  Soil organic carbon was then calculated 

using equation 29 (Pearson et al., 2005):  

    SOC = soil bulk density (gcmˉ3) × soil depth (cm) × carbon content (%)                   (29)  

Where; SOC is soil organic carbon stock per unit area (ton ha-1/Mg ha-1).  

Total carbon per pixel was calculated by summing up individual pools as stated in Equation 30 

(Razakamanarivo et al.,  2011):  

TC =  AGBC + BGBC + SOC                                                                                                    (30) 

Where; Tc is total carbon, AGBc is aboveground biomass carbon, BGBc is belowground 

biomass carbon, SOC is soil organic carbon.  

3.4.5 Crop production (CP) 

The InVEST Crop Production model estimates crop yield and nutrient value for specified crops 

based on land cover data. Crop yield is primarily determined by climate and fertilizer rates 

(Stanford University, 2020). In this study, a regression-based crop production model was 

selected to model the yield for major grain crops (barley and wheat). These are the main crops 

globally modeled crop yields by Mueller et al. (2012) based on yield gap assessment using 

fertilizer use, irrigation, and climate. 

The regression crop production model works based on Equation 31 (Mueller et al., 2012):  

𝑌𝑚𝑜𝑑𝐺𝐶 = 𝑚𝑖𝑛 (𝑌𝑚𝑎𝑥(1 − 𝑏𝑁𝑃 𝑒𝑥𝑝(−𝑐𝑁𝑁𝐺𝐶)), 𝑌𝑚𝑎𝑥(1 − 𝑏𝑁𝑃 𝑒𝑥𝑝(−𝑐𝑃𝑃𝐺𝐶)), 𝑌𝑚𝑎𝑥(1 −

𝑏𝐾 𝑒𝑥𝑝(−𝑐𝐾𝐾𝐺𝐶)))                                                                                                                         (31)  
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Where NGC, PGC, KGC are the user-supplied fertilization rates, and the other regression 

parameters are provided as global data to the model 

The model requires a LULC map, land cover to crop table which comprises crop name and the 

corresponding LULC code, and fertilization rate table that contains crop names with the 

application rate for nitrogen, phosphate, and potassium in kg/ha. The model produces an 

aggregation table that includes total crop production and nutrient information and crop 

production raster for each crop per pixel. 

The ES data were primarily tested for normal distribution by applying the Shapiro–Wilk statistic  

(Shapiro and Wilk, 1965; Castro et al., 2014) as shown in Appendix 12 and 13, followed by 

determining the types of analysis method. The significance of the difference in ES indicators 

over the study period was tested using Analysis of Variance (ANOVA). The significance of the 

difference in ES indicators across LULC types was tested using the Kruskal-Wallis test with 

Dunnˈs post-hoc analysis with Bonferroni corrections using 'dunn.test' package in R software v 

3.6.3. (Dinno, 2017) at 5% confidence level, as the variances were not homogenous (Appendix 

13).  

3.5 Sensitivity analysis  

Uncertainty and sensitivity analysis are important steps in environmental modeling process 

(Jakeman et al., 2006). Sensitivity techniques are widely used to evaluate input versus output 

statistics (Sánchez-Canales et al., 2012). They are used in post-processing stage of uncertainty 

analysis to evaluate input parameters' influence (Marino et al., 2008; Ranatunga et al., 2017; Lu 

et al., 2020). Several sensitivity analysis methods have been developed, including global 

sensitivity methods such as Fourier Amplitude Sensitivity Testing (FAST) and Sobolˈs method, 

as well as local sensitivity methods such as the one-factor-at-a-time (OAT) screening technique 

(Lu et al., 2020). The OAT method, which vary one factor at a time and measures the output 

variation, is robust for less complex models (Hamby, 1994) such as InVEST model (Redhead et 

al., 2016). The selected ESs model's sensitivity was investigated using ± 10% and ± 20% 

variations of the input parameters, following the methods detailed in Redhead et al. (2016) and 

Thellmann et al. (2017). The sensitivity of the model was evaluated with standardized regression 

coefficient or standardized beta coefficient (β) (Marino et al., 2008), t-stat, p-value, and 
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normalized root-mean-square-error (NRMSE) methods (Ranatunga et al., 2017). The higher the 

absolute value of t-stat, β, and NRMSE and the smaller the p-value, the higher the influence of a 

particular parameter is. 

The normalized root-mean-square-error (NRMSE) calculated using Equation 32 (Ranatunga et 

al., 2017): 

𝑁𝑅𝑀𝑆𝐸 =  
𝑅𝑀𝑆𝐸

(𝑋𝑏𝑎𝑠𝑒,𝑚𝑎𝑥−𝑋𝑏𝑎𝑠𝑒,min )
=  

√∑
(𝑋𝑏𝑎𝑠𝑒,𝑖−𝑋𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜,𝑖 )

2

𝑛
𝑛
𝑖=1

(𝑋𝑏𝑎𝑠𝑒,𝑚𝑎𝑥−𝑋𝑏𝑎𝑠𝑒,min )
                                                         (32)  

Where X is ES indicator value, and n is the number of observations 

3.6 Model validation  

The InVEST model should be validated based on the empirical data and national dataset, 

whatever the number of validation points is (Redhead et al., 2016). The hydrology model was 

validated using hydrological records, spanning from 1970 to 2015, obtained from Beressa 

gauging station at Debre Berhan (MoWIE, 2017b). The observed flow data unit was m3/sec, but 

we converted to m3/year and subsequently compared it with simulated WY volume. Suspended 

sediment concentration data collection was limited to a few days per year, ranging from 3 to 52 

days. Sediment load was then estimated using an empirical relationship, as in Equation 33 

(Asselman, 2000): 

𝑆𝑆𝐶 = 𝑎𝑄𝑏                                                                                                                                      (33) 

Where; SSC is suspended sediment concentration, Q is streamflow rate, and a and b are 

constants, determined from observed discharge and suspended sediment concentration data using 

a series data record for 120 days between 1995 and 1996 to generate sediment rating curve 

(Figure 6). A similar approach was followed by Tesfu Abebe and Olkeba Tolessa (2020).  
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Figure 6. Sediment rating curve of Beressa River 

Quijas et al. (2019) emphasized the need for InVEST carbon storage model validation using 

currently available national-level estimates, field inventories, and remotely sensed data for policy 

design and implementation. In this study, the simulated carbon storage was compared with field 

measured carbon stock of the year 2017 due to the lack of a comprehensive carbon storage 

database in the study region. Direct validation of InVEST-HQ model is difficult because the 

concept of HQ represent the overall quality of the area to support biodiversity, and ESs supply. 

Terrado et al., (2016), validated the model based on the expert judgment as the professional 

opinion is involved through the model building process. This study validates the HQ model using 

vegetation and soil data.  The NDVI proven to be a very useful for many ecological application 

including predicting the quality of the habitat (Weber et al., 2018). Soil health is a determinant of 

the terrestrial ecosystem's quality (Havlicek and Mitchell, 2014). The degradation of soil quality 

can lead to a decline in ecosystem goods and services and quality of habitat (Lal, 2015).  On the 

other hand, simulated crop yield was validated by combining crop yield data obtained from the 

Agricultural sample survey (AgSS) during 1983-2015 (CSA, 2017b) and Kebele administrative 

survey data.  
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There are various available indices to check the performance of the model. The R2, NSE, RSR  

and PBIAS of measured and observed values were used for evaluating the InVEST model 

goodness fit as recommended by Moriasi et al. (2007). The value of R2 indicates the degree of 

the linear relationship between simulated and measured data, and the value varies between 0 and 

1, where higher values indicate less error variance. NSE is a normalized statistic that determines 

the residual variance's relative magnitude compared to the measured data variance. The values 

range from -∞ to 1, in which a higher value indicates the good performance of the model (Nash 

and Sutcliffe, 1970). NSE is computed as shown in Equation 34 (Gupta et al., 1999):   

NSE = 1 − [
∑ (Obsi − Simi )

2n
i=1

∑ (Obsi − Obsmean )2n
i=1

]                                                                                        (34) 

 

RSR is used to standardize the RMSE using observation of standard deviation and the value 

ranges between 0 and a large positive number. The lower the RSR value is, the lower the RMSE, 

and the better the model simulation performance (Moriasi et al., 2007). 

RSR is calculated as the ratio of the RMSE and standard deviation of measured data as shown in 

Equation 35 (Moriasi et al., 2007). 

RSR =  
RMSE

STDEVObs
=  

[√∑ (Obsi − Simi)2n
i=1 ]

[√∑ (Obsi − Obsmean)2n
i=1 ]

                                                                    (35) 

 

PBIAS measures the simulated data's average tendency to be larger or smaller than their 

observed counterparts; thus, it identifies the model's estimation bias (Gupta et al., 1999). Positive 

and negative values indicate model underestimation and overestimation bias, respectively. While 

low-magnitude values indicate better model simulations and the optimal value of PBIAS is 0 

(Moriasi et al., 2007). According to Van Liew et al. (2007), the model performance is rated as 

good when the PBAIS value less than 10%. PBIAS is calculated with Equation 36 (Gupta et al., 

1999). 

PBAIS =  [
∑ (Obsi − Simi) × 100n

i=1

∑ (Obsi)
n
i=1

]                                                                                         (36) 



54 

 

3.7 Assessment of ecosystem services change 

The ES indices were assessed to compare ESs in space and time. The Ecosystem Service Change 

Index (ESCI) helps to determine spatio-temporal changes of ESs at a different scale (Leh et al., 

2013). The ESCI represents the relative gain and loss of particular ES ranging from -1 to 1. To 

calculate ESCI, each ES indicator was recorded with the range from 1 to 0 to remove the unit 

difference effect. For CS, CP and HQ, positive indicator was used (the higher the value, the 

better the service is), normalized using Equation 37 (Chuansheng et al., 2012).  

𝑥ˈ =  
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
                                                                                                                (37) 

Where xmin and xmax are the minimum and maximum values of the indicator, respectively. 

For WY and SE, the value is recorded in descending order (lower the value the better the service) 

using Equation 38. Thus, a value of 1 is assigned for low and 0 for high values. This is because 

increased WY (runoff) and SE are not considered positive ES indicators (Gurung et al., 2018).  

𝑥ˈ =
𝑥𝑚𝑎𝑥 − 𝑥

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
                                                                                                                    (38) 

As suggested by Leh et al. (2013), ESCI is then determined for each period as in Equation 39:  

ESCIX =  [
ESCURxj

− ESHISxi

ESHISxi

]                                                                                                        (39) 

Where ESCIX   represents the ESs change index for service x, ESCURxj represents the current state 

of ES and ESHISxi represents the historical condition of ES.  

The overall Ecosystem Service Status Index (ESSI) of a location calculated using Equation 40.     

ESSI =  
∑ ESCIX

n
                                                                                                                            (40) 

Where ESSI is a unitless measure of the cumulative status of all considered ESs. ESSI value also 

ranges -1 to 1 to represent the loss and gain of the overall assessment of ES considered in the 

study.  
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3.8 Ecological impact of landscape characteristics changes on ESs 

The impact of individual landscape metrics on each LULC and topographic variables was 

analyzed using Partial Least Squares Regression (PLSR). PLSR is a robust multivariate 

regression technique used in ecology for analyzing high dimensional data with the aid of 

multiple linear regression, canonical correlation, and principal component analysis (Wold et al., 

2001; Carrascal et al., 2009). Thus, it investigates the relationship between predictors 

(independent or explanatory) and response (dependent or explained) variables. In this study, ES 

indicators were dependent variables, and landscape characteristics predictors were independent 

variables. Percentage of landscape (PLAND) was added to the regression as ES supply is 

affected by any areal change in LULC (Pedro et al., 2016; García-llamas et al., 2019;  Li et al., 

2020). The relative contribution of landscape composition and configuration is identified 

following Qiu and Turner, (2015). Consequently, first, the explanatory power of composition 

metrics (PLAND, LPI, and MPS) was evaluated, followed by adding configuration metrics (AI, 

NP, and AWMPFD) and topographic variables (slope and elevation) to observe an improvement 

of the model.  For each LULC types, mean of topographic variables were identified using Zonal 

statistics to match with class level landscape metrics values. Moreover, the topographic variables 

were classified as lower elevation (2056-2800 m); middle elevation (2800-3000 m); upper 

elevation (>3000 m); gentle slope (0-10%) (flat to sloping); middle slope (10-32%) (strongly 

sloping to moderately steep); steep slope (> 32%) (steep and very steep ) to analyze the change 

in ES indicators along the topographic gradient. 

The percent of the variation of the independent variables model (R2), the cross-validated model 

quality index (Q2), cumulative R2 for the selected components (R2
cum), and the cumulative Q2 for 

the model global goodness of prediction (Q2
cum) were calculated to determine model 

performance (Shi et al., 2013; Li et al., 2016). According to Shi et al. (2013), if Q2
cum is > 0.5, 

the model is considered to have high predictive ability, and if it is > 0.8, the model can be termed 

as excellent (Li et al., 2016). The Variable Influence on the Projection (VIP) indicates the 

importance of a predictor for the dependent variables in the projection. The PLSR weight (w) 

provides the magnitude and the direction of the relationship between the predictors and the 

response variables (Abdi, 2010). Factors with VIP value >1 are believed to have a significant role 

(Wold et al., 2001). Wold (1995) also suggested VIP value > 0.8 is significant for explaining 
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dependent variable, while a VIP value < 0.5 is considered to reflect weak interpretive ability 

(Gan et al., 2020). The squares of w values more than 0.2 (i.e. w2 > 0.2) indicated that the PLSR 

components (the ES indicators) are mainly weighted on the corresponding variables (Carrascal et 

al., 2009). The working flowchart used for modeling ESs and linking with landscape attributes 

are shown in Figure 7. The PLSR procedure is outlined in SIMCA v. 16.0.2 (Umetrics, Sweden, 

www.umetrics.com) to explore the link between landscape variables and ES indicators.   

http://www.umetrics.com/
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Figure 7. Flowchart of general methodology for modeling ESs and linkage with landscape characteristics 
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3.9 Analyzing the relationships among ecosystem services  

The standardized ESs value was used to assess the relationship between pairs of services. 

Pearson's correlation was applied to identify the existence of synergies and tradeoffs among 

different ESs. It is the most common method adopted in the ESs relationship (Vallet et al., 2018).  

3.10 Assessment of ecosystem service bundles, hotspots and coldspots 

The ESs spatial autocorrelation or spatial heterogeneity was analyzed using Global Moran's I test 

(Moran, 1950) with Queen’s contiguity for each mapped ESs to measure the degree of spatial 

clustering. Global Moran's I test is robust and commonly used statistics for detecting spatial 

patterns among the variables (Dubé and Legros, 2014). The value of Moran's I ranges from -1 to 

1, where the value of 1 means perfect positive spatial autocorrelation (high values or low values 

cluster together), -1 refers to perfect negative spatial autocorrelation (a checkerboard pattern) 

(dispersion tendency), and zero suggests perfect spatial randomness or the absence of spatial 

autocorrelation (Ishizawa and Stevens, 2007; Chen et al., 2020). The significance of each 

calculated Global Moran's I index tested by Z statistics and p-value, and if Z is ≥ 1.96 or ≤ -1.96 

at the 5% level, implies that the spatial autocorrelation was significant (Chen et al., 2020).  

ES bundling raster for each reference date was obtained by summing up normalized individual 

ESs.  Various statistical clustering methods were discussed by Saidi and Spray (2018), including 

k-means cluster, hierarchical cluster, PCA, multiple correspondence analysis (MCA), self-

organizing maps, redundancy analysis (RDA), multivariate regression tree, and the first two 

clustering methods were identified as straightforward and most used techniques to detect 

spatially explicit ES bundles. The number of ES clusters were then determined using the 

agglomerative hierarchical clustering method with the ward's minimum variance which has been 

proven to be a good technique to minimize the total variance within cluster and identify ES 

bundles (Torralba et al., 2018; Plieninger et al., 2019). ESs clustering was analyzed using 

'cluster' package in R software.  The identified number of clusters were corresponded to the 

raster bundle using overlay analysis in ArcGIS (Kong et al., 2018).  

Statistically significant ES bundle hotspots were detected using the ArcGIS hotspots analysis 

tool, Getis-ord Gi* statistics. The tool is one of the newly introduced geostatistical analysis, 
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which specifically measures spatial clusters of high values (hotspots) and low values (coldspots) 

within the grid (Getis and Ord, 1992).  

The ES hotspot and coldspot areas with different statistical significance level were identified by 

considering the value of all neighboring cells (Li et al., 2017). Areas with a high z-score and 

small p-value demonstrate statistically significant hotspots, and areas with low negative z-score 

and small p-value indicate statistically significant coldspots (Li et al., 2017). The analysis of 

hotspots and coldspots helps prioritize conservation measures (Zhang et al., 2015; Li et al., 

2017).  

The maps, spatial analysis, and areal calculation were performed in ArcMap v. 10.3. To 

overcome the scale mismatch among the ESs assessed, all the services mapped at the sub-

watershed level using zonal statistics analysis.  
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CHAPTER FOUR 

4. RESULTS 

4.1 Land use/land cover changes (1972-2017) 

The allocation disagreement and quantity disagreement as accuracy report of the four classified 

images is summarized in Appendix 1. The allocation and quantity disagreement were highest in 

1972 classified image with the value of 8.2% and 1.7%, whereas lowest in 2017 with 6.5% and 

0.4%, respectively. The spatial distribution of each LULC category during the study period is 

presented in Figure 8, and an analysis of the extent and change of each LULC type is shown in 

Table 10. When comparing the first period with successive periods, it is evident that the rate of 

decline in waterbody (7.6%), barren land (8.2%), grassland (20%) and natural vegetation 

(44.5%) is lowest in this first period (1972-1987), and expansion of farmland is highest (9.4%). 

The change however varied due to continuous shrinkage of natural vegetation, grassland, barren 

land and waterbody categories in response to an increase in settlement and plantation categories 

in the following two periods (1987-2002 and 2002-2017) (Table 10). Farmland is the dominant 

LULC in the study periods and currently more than two thirds of the total area is under 

cultivation. This cover type has increased on an average of 57.5 ha per year and 74.3% over the 

study period (Figure 8; Table 10). The analysis further shows that grassland was the second-

largest LULC class until 2002 but were mostly replaced by plantation during 2017 (Table 10) 

and experienced maximum reduction (122.9 ha/yr) between 2002 and 2017.  
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Figure 8. LULC maps of the Beressa watershed for 1972, 1987, 2002 and 2017 

Significant areal expansion is observed in plantation (692.1%) and settlement (138%) covers 

during the study period. At the same time, the amount of natural vegetation, grassland, barren 

land, and waterbody LULC reduced to about 89.9%, 67.9%, 67.8%, and 15.9%, respectively 

during 1972-2017 (Table 10).  
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Table 10. (a) Area coverage for each LULC and (b) changes in LULC (1972-2017) 

(a) LULC area coverage for 1972, 1987, 2002 and 2017 

LULC* 

1972  1987  2002  2017  

ha % ha % ha % ha % 

BL 2785.2 13.0 2557.5 12.0 1418.7 6.6 898.0 4.2 

FL 11878.7 55.6 12993.1 60.8 13266.2 62.1 14464.1 67.8 

GL 3476.8 16.3 2780.9 13.0 2961.0 13.9 1117.5 5.2 

NV 2020.7 9.5 1121.2 5.3 498.4 2.3 203.5 1.0 

PL 379.2 1.8 853.8 4.0 1988.1 9.3 3003.9 14.1 

ST 640.0 3.0 888.1 4.2 1087.4 5.1 1523.4 7.1 

WB 186.7 0.9 172.5 0.8 147.5 0.7 156.9 0.7 

(b) Change in LULC between 1972 and 2017 

LULC 

                 Percent change (%)       Annual rate of change (ha year-1) 

1972- 

1987 

1987- 

2002 

2002- 

2017 

1972-

2017 

1972- 

1987 

1987-

2002 2002-2017 

1972-

2017 

BL -8.2 -44.5 -36.7 -67.8 -15.2 -75.9 -34.7 -41.9 

FL 9.4 2.1 9.0 21.8 74.3 18.2 79.9 57.5 

GL -20.0 6.5 -62.3 -67.9 -46.4 12.0 -122.9 -52.4 

NV -44.5 -55.6 -59.2 -89.9 -60.0 -41.5 -19.7 -40.4 

PL 125.2 132.8 51.1 692.1 31.6 75.6 67.7 58.3 

ST 38.8 22.4 40.1 138.0 16.5 13.3 29.1 19.6 

WB -7.6 -14.5 6.4 -15.9 -0.9 -1.7 0.6 -0.7 

* BL: barren land; FL: farmland; GL: grassland; NV: natural vegetation; PL: plantation; ST: settlement; 

WB: waterbody 

 

The LULC class transition showed notable changes during the study period (Table 11). A total of 

3759 ha (17.6%) of land experienced a transition from one land class to another during the first 

period), 8057 ha (37.7%) during the second period) and 7729 ha (36.1%) during the third 

period). According to the transition matrix, the highest rate of conversion was recorded for 

barren land (47.6%), waterbody (47.3%) and grassland (45%) that were converted to farmland. 

Settlement to grassland was the lowest area conversion observed (Table 11). Among LULC 

types, farmland was found to be little effected (about 80% remaining unchanged). An analysis of 

net gains and losses for each LULC class shows that grassland experienced significant loss 

(624.0 ha), followed by natural vegetation (392.7 ha). On the contrary, substantial gains are 

observed in settlement (723.2 ha), farmland (295.3 ha) and plantation (257.4 ha) land covers 

(Table 11). Transition area matrix for all study period presents in Appendix 14.  
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Table 11. LULC transition area matrix between 1972 and 2017 

LULC unit BL FL GL NV PL ST WB Total Loss Net change  

BL ha 93.4 655.5 89.8 0 359.2 179.6 0 1377.5 1284.1 -119.3 
 % 6.8 47.6 6.5 0 26.1 13 0 100   

FL ha 504.8 10124.9 793.7 0 723.2 853.4 0 13000 2875.1 295.4 
 % 3.9 77.9 6 0 5.6 6.6 0 100   

GL ha 122.9 916.4 167.1 0 592.3 223.5 0 2022.2 1855.1 -624.0 
 % 6 45.3 8.3 0 29.3 11.1 0 100   

NV ha 61 126.2 18.3 8.8 122.1 65.1 0 401.5 392.7 -392.7 
 % 15.2 31.4 4.6 2.2 30.4 16.2 0 100   

PL ha 312.4 600.8 295.3 0 772 450.6 68.8 2499.9 1727.9 257.3 
 % 12.5 24 11.8 0 30.9 18 2.8 100   

ST ha 140.2 761.7 18.3 0 152.3 761.7 0 1834.2 1072.5 723.2 
 % 7.6 41.6 1 0 8.3 41.5 0 100   

WB ha 23.5 109.9 15.7 0 36.1 23.5 23.7 232.4 208.7 -139.9 

 % 10.1 47.3 6.8 0 15.5 10.1 10.2 100   

Total (ha) 1258.2 13295.4 1398.2 8.8 2757.2 2557.4 92.5    
Gain (ha) 1164.8 3170.5 1231.1 0 1985.2 1795.7 68.8    

* BL: barren land; FL: farmland; GL: grassland; NV: natural vegetation; PL: plantation; ST: settlement; 

WB: waterbody 

4.2 Prediction of land use/land cover change (2017-2047) 

4.2.1 Validation of CA-Markov model 

Figure 9 shows actual versus simulated LULC for 2017. A comparison of the maps shows good 

agreement in terms of quantity-allocation agreement/disagreements. Strong agreement between 

actual and simulated LULC maps indicates the following, chance agreement (14%), quantity 

agreement (28%), allocation agreement (52%), allocation disagreement (10%), and quantity 

disagreement (0.06%). The overall agreement between reference classified map and simulated 

map was 94%, indicate good performance of the model in simulating future LULC and the 

variation between classified and simulated maps was minimal for all LULC categories (Figure 

9).   
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Figure 9. Comparison of simulated versus actual classified LULC map 
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4.2.2 Future land use/land cover change  

The predicted LULC change analysis for the two projected periods (2017-2032 and 2032-2047) 

shows that the same trend would be expected to continue in the future, although loss and gain 

statistics between LULC categories may vary depending on the degree of human activities. Thus, 

grassland, barren land, natural vegetation and waterbody categories continue to decrease, while 

areas of settlement, farmland, and plantation will be expected to increase (Figure 10; Table 12). 

A slight decline in the plantation category in 2047 is also noticed (Table 12).   

 

 Figure 10. Simulated LULC maps of the Beressa watershed for 2032 and 2047 

 

The greatest decline is projected for natural vegetation and waterbody (99.5% and 73%), with an 

annual projected loss of 6.8 and 3.8 ha, per year respectively from 2017 to 2047. The total 

decline of these classes will have the potential to be much higher than it was in the past. In 

contrast to this, the rate of decline for grassland (61%) and barren land (54.5%) could be lower 

than the past. Settlement, farmland, and plantation could increase by 37.65%, 5.39% and 4.5%, 

and the magnitude of the change of settlement could be notable during 2017-2047 (Table 12). 
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Table 12. Projected LULC area coverage and changes (2017-2047) 

 2032 2047 Area change (%) Annual change rate (ha yr-1) 

LULC ha % ha % 

2017-

2032 

2032- 

2047 

2017-

2047 

2017- 

2032 

2032-

2047 

2017-

2047 

BL 569.3 2.7 408.5 1.9 -36.6 -28.3 -54.5 -21.9 -10.7 -16.3 

FL 14996.3 70.2 15243.2 71.3 3.7 1.7 5.4 35.5 16.5 26.0 

GL 810.5 3.8 436.0 2.0 -27.5 -46.2 -61.0 -20.5 -25.0 -22.7 

NV 12.7 0.1 1.1 0.01 -93.8 -91.7 -99.5 -12.7 -0.8 -6.8 

PL 3211.2 15.0 3139.2 14.7 6.9 -2.3 4.5 13.8 -4.8 4.5 

ST 1694.4 7.9 2097.0 9.8 11.2 23.8 37.7 11.4 26.8 19.1 

WB 72.7 0.3 42.3 0.2 -53.7 -41.8 -73.1 -5.6 -2.0 -3.8 

 

Table 13 shows the potential areal changes from one LULC class to another for the period 2017 

to 2047. The main conversions are expected to occur from natural vegetation into grassland and 

plantation, grassland into farmland and barren land, barren land into farmland, plantation and 

settlement, and waterbody areas into farmland, plantation and grassland. Based on this study, 

about 83% of existing land may remain unchanged, particularly farmland (91%), settlement 

(84%) and plantation (78%). Conversely, only 10% of existing natural vegetation cover would be 

unchanged. 
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Table 13. Projected LULC transition area matrix (2017-2047) 

 LUL

C unit  
BL FL GL NV PL ST WB Total Loss 

Net 

change  

BL ha 
333.

8 315.6 21.5 0 87.4 89.8 0 
848 

514.2 -76.4 
 % 39.4 37.2 2.5 0 10.3 10.6 0 100   

FL ha 
322.

5 

13296.

9 79.6 0 726.1 258.9 0 
14684 

1387.

1 91.2 
 % 2.2 90.6 0.5 0 4.9 1.8 0 100   
GL ha 41.8 438.6 410 0 20.1 47.0 0 957.6 547.6 -417.4 
 % 4.4 45.8 42.8 0 2.1 4.9 0 100   

NV ha 
5.7 0 21.2 

20.

4 150.5 5.6 0 
203.5 

183.0 -183 
 % 2.8 0 10.4 10 74.0 2.8 0 100   

PL ha 
51.7 516.4 0.3 0 

2360.

7 98.2 0 

3027.

2 666.5 367.3 
 % 1.7 17.1 0 0 78.0 3.2 0 100   

ST ha 
14.8 182.8 5.5 0 44.0 

1336.

9 0 
1584 

247.1 256.3 
 % 0.9 11.5 0.3 0 2.8 84.4 0 100   

WB ha 
1.3 25.0 2.2 0 5.7 3.8 

24.

7 
62.8 

38.1 -38.1 

 % 
2.1 39.8 3.5 0 9.2 6.1 

39.

3 
100   

Total (ha) 

771.

6 

14775.

2 

540.

2 

20.

4 

3394.

6 

1840.

4 

24.

7    

Gain (ha) 

437.

8 1478.3 

130.

2 0 

1033.

9 503.4 0 
 

  
 

 

4.3 Analysis of landscape composition and configuration  

Five class-level metrics (LPI, MPS, AWMPFD, NP and AI) are selected following a stepwise 

analysis by PCA (Table 14) and correlation analysis (Figure 11). As shown in Table 14, Edge 

Density (ED), Total Edge (TE), Interspersion Juxtaposition Index (IJI), Mean Euclidean Nearest 

Neighbor Distance (MNENN) and Contiguity Index (CONTIG) showed weak correlation with 

the principal components, indicating insignificant role to represent the landscape pattern in the 

study area. The landscape metrics such as LPI and MPS (area metrics) are known as composition 

metrics, and the AWMPFD (shape metrics), NP and AI (aggregation metrics) represent 

landscape configurations which were selected after analyzing their correlation (Figure 11). 
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Table 14. Component pattern of factor loadings (varimax rotation) 

 Principal components  

Metrics 1 2 3 Communalities 

Area weighted Area Radius of Gyration (AWGYRATE) 0.99 -0.015 0.093 0.993 

Largest Patch Index (LPI) 0.99 -0.018 0.068 0.989 

Area Weighted Mean Patch Size (AWMPS) 0.988 -0.037 0.055 0.988 

Effective Mesh Size (MESH) 0.982 -0.048 0.048 0.979 

Landscape division index (DIVISION) -0.982 0.048 -0.048 0.98 

Percentage of Landscape (PLAND) 0.972 0.1 0.13 0.976 

Area Weighted Mean Patch Size (AWMPSI) 0.924 0.119 0.087 0.945 

Area weighted Mean Patch Fractal Dimension (AWMPFD) 0.892 0.21 0.09 0.882 

Mean Patch Size (MPS) 0.798 -0.19 0.063 0.901 

Edge Density (ED) 0.77 0.531 0.156 0.962 

Total Edge (TE) 0.769 0.531 0.156 0.962 

Interspersion Juxtaposition Index (IJI) 0.519 -0.276 -0.293 0.652 

Patch Density (PD) -0.169 0.955 0.025 0.942 

Number of Patch (NP) -0.169 0.955 0.025 0.942 

Landscape Shape Index (LSI) 0.269 0.941 0.075 0.985 

Mean Euclidean Nearest Neighbor Distance (MNENN) -0.235 -0.634 0.197 0.609 

Patch Cohesion Index (COHESION) 0.332 0.075 0.902 0.932 

Aggregation Index (AI) 0.337 -0.191 0.859 0.91 

Splitting Index (SPLIT) -0.027 -0.16 -0.846 0.742 

Contiguity Index (CONTIG) -0.38 -0.138 0.675 0.781 

eigenvalue 10.89 4.53 2.73  

%variance 56.89 26.6 13.02  

%cumulative 56.87 83.5 96.51  

Bold faced values are significant at p < 0.05. 
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Figure 11. Spearman’s rank correlation heat map between landscape metrics. Dark blue color 

indicates strong positive relationships; dark red indicates strong negative relationship. 

4.3.1 Landscape structural changes in the Beressa watershed (1972-2017) 

The temporal changes evident in the landscape pattern metrics for each LULC class are shown in 

Table 15 and Figure 12.   
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Mean Patch Size of the LULC (MPS) 

The average size of the patch at each class pertains to MPS. The trend of MPS for plantation, 

settlement, and farmland increased by 263.8%, 134.4% and 124.4%, respectively while the MPS 

for natural vegetation and grassland decreased by 60% and 43.2%, respectively during 1972-

2017. The MPS for barren land and waterbody, however, varied (Table 15 and Figure 12). MPS 

for barren land decreased by 80% and 62.3% during 1972-1987 and 2002-2017, respectively, 

whereas a remarkable increase by 202.2% during 1987-2002, with total decreasing rate of 77.3% 

during 1972-2017. MPS for waterbody decreased consequently during 1972-1987 and 1987-

2002 by 27.7% and 48.3%, then increased by 165.2% during 2002-2017, with slight decline rate 

of 1% during 1972-2017. 

Largest Patch Index (LPI) 

LPI is related to area coverage, which shows the proportion of the largest patch in the class. It 

indicates how the patches resist fragmentation. LPI for grassland displayed a mixed trend, 

decreasing during 1972-1987 (20.3%) and 2002-2017 (79.1%), but increasing during 1987-2002 

(23.9%). It is important to note that LPI for other LULC classes follows the same pattern as 

MPS, but with varying rates of change, except barren land which continually decline during 

1972-2017. LPI for plantation, settlement, and farmland increased by 795.7%, 231.3% and 

47.5%, respectively, signifying dispersed patches were merged into larger areas. 

Conversely, LPI for natural vegetation is reduced by 77.2% between 1972 and 2017 (Figure 12). 

The LPI for waterbody remained consistent during 1972-1987, then decreased by 14.3% during 

1987-2002 and showed sizable increase by 83.3% during 2002-2017, with total increasing rate of 

57.1% during 1972-2017. Farmland recorded the largest LPI and MPS values, with the single 

largest farmland patch being 68.02% and the largest MPS being 92.94 ha, both recorded in 2017. 

On the other hand, waterbody and plantation categories display the smallest LPI (0.06%) and 

MPS (0.96 ha) in the study area (Table 15).  

Number of Patch (NP) 

NP measures the subdivision of patch type, showing a variable trend between 1972 and 2017.  

NP for settlement, grassland, and barren land increased consistently between 1972 and 2017.  NP 

for natural vegetation, waterbody, plantation and farmland varied since 1972. For example, NP 
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for natural vegetation and waterbody increased during 1972-1987 by 5.3% and 1.8%, but 

decreased during 1987-2017 (by 42.6 and 26.6% during 1987-2002, and by 22.3% and 14% 

during 2002-2017), at a rate of 53.1% and 33.9%, respectively during 1972-2017 (Figure 12). 

The NP for plantation increased during the first two periods (1972-1987 and 1987-2002) and 

then declined between 2002 and 2017 (decrease from 886 to 836). Plantation is the patchiest 

category (Table 15) and the rate of increase of NP for plantation was high (133.8%) between 

1987 and 2002 and showed a very rapid growth rate (171.4%) during 1972-2017. The NP for 

farmland showed a consistent increase between 1972 and 2002 (slightly increased by 0.4% 

during 1972-1987 and by 4% during 1987-2002), and then a decrease from 2002 to 2017 by 

48.5%, with overall decline of 46.3% during 1972-2017 (Figure 12). 

Aggregation Index (AI) 

AI reflects the physical connection of LULC. AI of the patches was above the medium value 

(60.6%) during 1972-2017. The AI for barren land, settlement, plantation, grassland, and natural 

vegetation share a similar trend as it decreased continually during 1972-2017 and showed varied 

trend for farmland and waterbody. Farmland AI decreased during the first period and then 

increased continually until 2017. AI for farmland showed highest rising (46.8%) during 1987-

2002 and noticeable decline (32.8%) during 1972-1987 as compared to other LULC types. 

Waterbody AI also decreased during 1972-2002 and increased during 2002-2017. Moreover, 

farmland and waterbody have relatively more aggregated and disaggregated patches, 

respectively. 

Area Weighted Mean Patch Fractal Dimension (AWMPFD) 

AWMPFD indicates patch shape complexity. As shown in Table 15, the calculated AWMPFD 

are below 1.4. The simplest patch shape observed in settlement and plantation was 1.09, while 

relatively more irregular patch shapes were observed in the farmland (1.37). The change rate 

remained constant for waterbody category during 1972-1987, and for settlement and farmland 

during 2002-2017. Overall, the relative shape complexity increased for farmland, grassland, 

plantation and settlement covers, while it decreased for the barren land, natural vegetation and 

waterbody categories during 1972-2017. The total change of shape irregularity was highest for 

grassland (11.5%) and lowest for waterbody (0.9%) during 1972-2017 (Figure 12). 



72 

 

Table 15. Observed and predicted landscape pattern metrics for each LULC 

Land use class  Year 

Landscape metrics*  

LPI MPS NP AI AWMPFD 

 1972 1.28 6.77 346 84.61 1.17 

 1987 1.18 1.35 384 82.2 1.15 

Barren land 2002 0.39 4.08 454 77.61 1.14 

 2017 0.33 1.54 587 70.81 1.13 

 2032 0.43 2.26 210 89.39 1.08 

 2047 0.44 2.20 108 89.92 1.08 

 1972 46.13 41.42 296 91.55 1.32 

 1987 64.39 51.28 297 61.56 1.33 

Farmland 2002 66.04 52.23 309 90.34 1.37 

 2017 68.02 92.94 159 91.62 1.37 

 2032 68.66 106.06 150 96.11 1.29 

 2047 69.63 116.22 142 97.09 1.27 

 1972 3.78 9.28 304 86.61 1.13 

 1987 3.01 6.50 313 84.2 1.19 

Grassland 2002 3.73 5.03 365 82.32 1.2 

 2017 0.78 3.71 391 81.42 1.26 

 2032 0.83 3.50 172 82.61 1.09 

 2047 0.51 2.57 149 83.67 1.08 

Natural vegetation 

1972 1.62 5.93 245 81.72 1.15 

1987 1.26 4.47 258 80.55 1.13 

2002 0.95 3.37 148 80.28 1.14 

2017 0.37 3.37 115 79.42 1.12 

 2032 0.12 2.60 113 81.38 1.11 

 2047 0.01 1.22 105 82.29 1.05 

 1972 0.23 0.96 308 77.43 1.09 

 1987 0.35 1.86 379 74.68 1.11 

Plantation 2002 0.78 2.89 886 70.31 1.15 

 2017 2.06 3.49 836 69.34 1.18 

 2032 3.91 15.52 332 80.34 1.1 

 2047 3.97 17.59 373 82.71 1.1 

 1972 0.32 1.21 322 89.32 1.09 

 1987 0.42 1.92 332 82.02 1.12 

Settlement 2002 0.78 2.11 443 80.06 1.13 

 2017 1.06 2.83 534 77.08 1.13 

 2032 1.48 9.79 382 81.48 1.04 

 2047 2.33 11.28 367 84.74 1.06 

 1972 0.07 9.45 56 64.01 1.16 

 1987 0.07 6.83 57 61.56 1.16 

Waterbody 2002 0.06 3.53 43 60.6 1.19 

 2017 0.11 9.36 37 81.1 1.15 

 2032 0.09 3.04 29 87.01 1.07 

 2047 0.08 2.46 25 88.74 1.07 

*LPI: Largest Patch Index; MPS: Mean Patch Size; NP: Number of Patch; AI: Aggregation Index; 

AWMPFD: Area Weighted Mean Patch Fractal Dimension.  
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4.3.2 Landscape structural changes for simulated land use/land cover (2017-2047) 

The landscape metrics assessment for projected LULC revealed that LPI and MPS is expected to 

increase for plantation (404.3% and 92.7% respectively), settlement (120% and 298.8%), barren 

land (230.3% and 59.1%) and farmland (2.4% and 25%). However, they could decrease for 

natural vegetation (97.3% and 63.9%) and waterbody (27.3% and 73.7%) covers during 2017-

2047 (Figure 12). The LPI and MPS of grassland cover could fluctuate during 2017-2047, with 

an increase of LPI (6.4%) and a corresponding decrease in MPS (5.7%) from 2017 to 2032. They 

did, however, showed a reverse tendency from 2032 to 2047 (Table 15; Figure 12). In total, LPI 

and MPS for grassland could decrease by 35% and 30.8% during 2017-2047. The greatest 

changes in LPI and MPS are expected to be for plantation and settlement categories, and the least 

change could be for farmland. Despite having the least change, LPI and MPS for farmland will 

become very large (69.63% and 116.22 ha) relative to the other categories (Table 15).  

NP could decline for all LULC patches with the exception of a slight increase in plantation cover 

from 2032 to 2047 by 12.4%. The decline of NP could be highest for barren land (81.6%) and 

lowest for natural vegetation (8.7%) during 2017-2047 (Figure 12). Settlement cover is likely to 

be the patchiest as compared to other LULC types (Table 15). Over the projected period, the 

landscape becomes more contiguous as AI would increase for all classes with the highest 

aggregation could be for farmland (97.09%) and lowest aggregation might be for plantation 

(80.34%) (Table 15). The patches of plantation become progressively aggregated and the change 

rate can be highest (19.3%) whereas grassland patches may be aggregated gradually (2.8%) 

(Figure 12).  

In the future, the shape of all land class patches is expected to be simpler. Relative shape 

complexity is expected to decrease consistently for farmland, grassland, and natural vegetation. 

The AWMPFD for plantation (6.8%), barren land (4.4%) and waterbody (7%) is likely to 

decrease between 2017 and 2032 but may be unchanged from 2032 to 2047. Analysis of 

settlement category (with the least patch shape complexity), indicated a decrease (8%) between 

2017 and 2032 and a slight increase (2%) from 2032 to 2047, with overall decline by 6.2% 

during 2017-2047. The greatest decline of AWMPFD is expected for grassland category 

(14.3%), and the least change is expected to be for barren land (4.4%) during 2017-2047. The 

change in AWMPFD is generally lower than in other landscape metrics (Figure 12).  
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Figure 12. Percentage changes of landscape metrics of LULC classes during the study period 

(1972-2047) 

 

 

 

(d) 

(e) 
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4.4 Validation of InVEST model 

Simulated and measured ES indicators were compared to evaluate the predictive capability of the 

model. The results show a strong relationship between measured and simulated values for water 

yield (WY), sediment export (SE) and carbon storage (CS) (corresponding R2 = 0.93 and R2 = 

0.82, R2 = 0.99 at p < 0.001) (Figure 13a-c). Simulated and measured crop production (CP) also 

correlated (R2 = 0.53 at p < 0.05) (Figure 13d). Regression analysis also revealed that habitat 

quality (HQ) had a significant positive and negative relationship with NDVI and SDI, 

respectively (Figure 13e-f), indicating the NDVI and SDI predicts HQ well. The overall results 

indicate that the InVEST model is useful for estimating the selected ES indicators in the region. 

Moreover, the performance of Z factor calibration for WY model run was good with the value of 

R2 (0.93), NSE (0.78), RSR (0.46), and PBIAS (9.45).  

4.5 Spatio-temporal change of ecosystem services (1972-2047) 

4.5.1 Statistical analysis of the changes in ecosystem service indicators 

The result of descriptive statistics revealed a numerical difference among the ES indicators over 

the study period. As shown in Table 16, there is a significant difference in all service indicators 

across the year. The variation is significant at p < 0.001 for HQ and CS, at p < 0.01 for WY and 

SE and at p < 0.05 for CP.  

Table 16. Summary of ANOVA results for ES indicators  

Parameter (unit) df Mean square Error F-stat Sig. 

HQ (-) 5 0.021 0.042 14.972 0.000*** 

WY (m3 ha-1) 5 42247.77 211.23 4.264 0.004** 

SE (t ha-1) 5 20.514 106.693 5.768 0.001** 

CS (Mg C ha-1) 5 13748.148 491.85 27.951 0.000*** 

CP (t ha-1) 5 0.033 0.145 3.82 0.039* 

*, **, *** indicates significant at p < 0.05, p < 0.01 and p < 0.001, respectively; df: degree of freedom 
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Figure 13. (a) validation of WY model; (b) SDR model; (c) carbon model; (d) CP model and (e-

f) HQ model 

    

 

 

(c) (d) 

(e) (f) 

(a) (b) 
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The mean value of the ES indicators under investigation displays a significant variation over the 

study period (Table 17). The mean value of HQ significantly decreased from 0.60 to 0.47 

between 1972 and 2017 and projected to decrease to 0.45 in 2047, with the overall mean value of 

0.51. The average WY from the entire watershed was 5420.32 m3 ha-1 and the lowest mean WY 

was generated in 1972 (4434.19 m3 ha-1) and the highest mean value will be expected in 2047 is 

6398.63 m3 ha-1. The mean annual SE varied from 3.27 to 8.02 t ha-1 yr-1 with the mean value of 

4.9 t ha-1 yr-1 during the study period.  The average CS changes from 165. 55 to 126.96 Mg C ha-

1 between 1972 and 2017, and expecting to change to 87.84 Mg C ha-1 in 2047. The average CP 

was 1.01 t ha-1 in 1972 and decreased to 0.75 in 1987, then show slight consistent increase up to 

2047, but showed overall decline as compared to the yield in 1972, as it decreased about 14% 

during 1972-2017 and 12% during 1972-2047 (Table 17).  

 

Table 17. Mean scores (mean±standard error) of ES indicators in relation to years 

Year HQ WY SE CS CP 

1972 0.6a±0.02 4434.19b±721.36 3.27c±0.77 165.55a±1.7 1.01a±0.06 

1987 0.55b±0.02 4594.05b±721.36 3.57c±0.77 138.12b±1.7 0.75b±0.06 

2002 0.51c±0.02 5143.54ab±721.36 3.71c±0.77 136.34b±1.7 0.80ab±0.06 

2017 0.48cd±0.02 5647.91a±721.36 4.74bc±0.77 126.96c±1.7 0.87ab±0.06 

2032 0.47cd±0.02 6303.63a±721.36 6.11ab±0.77 89.53d±1.7 0.88ab±0.06 

2047 0.45d±0.02 6398.63a±721.36 8.02a±0.77 87.84d±1.7 0.89ab±0.06 

Overall 

mean 0.51±0.01 5420.31±721.36 4.91±0.77 124.05±1.7 0.87±0.03 

Overall means within columns followed by the same letter(s) are not significant different based on Duncanˈs post 

hoc test (p < 0.05).   

 

Table 18 shows that HQ, WY, SE and CS exhibit statistically significant differences between 

different land use types during the study period. The LULC classes show statistically different 

mean value of HQ (H = 14.05; p = 0.007), WY values (H = 19.20; p = 0.004), SE values (H = 

23.31, p = 0.001) and CS values (H = 21.92; p = 0.001) between 1972 and 2017.  The projected 

LULC also shows a significant difference in HQ (H = 11.21; p = 0.024), WY (H = 14.15; p = 

0.028), SE (H = 15.83; p = 0.015) and CS values (H = 15.74; p = 0.008) between 2017 and 2047.  
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4.5.2 Habitat quality (HQ) 

As shown in Figure 14, the sub-watershed level of HQ values ranges from 0.46 to 0.81, with the 

highest HQ was scored in sub-watersheds (9, 1 and 12) and lowest was in sub-watersheds (11 

and 14) in 1972. It ranges from 0.41 to 0.59 in 2017 and expected to decline to the lower value of 

0.36 and highest value of 0.57 in 2047. Relatively higher HQ clumped in lower elevations in the 

western sub-watersheds, while sub-watersheds located in the eastern part of the upper elevation 

have a more inadequate support, as HQ score was quite lower.   

Table 18. The differences in ESs indicators among LULC classes (Kruskal-Wallis test) 

ES indicator LULC 

                1972-2017                2017-2047 

Mean rank H sig. Mean rank H sig. 

HQ 

FL 8.25 

14.05 0.007** 

5.00 

 

 

11.21 0.024* 

GL 14.88 12.00 

NV 16.38 10.33 

PL 2.5 2.00 

WB 10.5 10.67 

WY 

BL 20.25 

19.20 0.004** 

15.00 

14.15 

 

 

 

 

 

 

 

0.028* 

FL 22.25 17.33 

GL 7.25 9.67 

NV 18.5 9.67 

PL 19 16.67 

ST 11.25 5.00 

WB 3 3.67 

SE 

BL 20.75 

23.31 0.001** 

13.00  

 

 

 

 

 

 

15.83 

 

 

 

 

 

 

 

0.015* 

FL 25.75 19.33 

GL 6 12.00 

NV 14 8.33 

PL 20.5 15.67 

ST 10 6.67 

WB 4.5 2.00 

CS 

BL 2.5 

21.92 0.001** 

2.00 

15.74 0.008** 

FL 6.5 5.00 

GL 17.5 9.00 

NV 22.5 15.00 

PL 15.5 16.00 

ST 10.5 10.00 

* and ** indicates significant at p < 0.05 and p < 0.01; H: Kruskal-Wallis chi-squared value 
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Figure 14. Spatial distribution of HQ (1972-2047) 
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Most of the area shows a decline in the HQ across the study period (Figure 15). Only SW-11 

showed an increase in HQ by 7.12% which covers about 5% of the study area, whereas SW-9 

and SW-8 showed greater HQ decline by 35.89% and 31.47%, respectively between 1972 and 

2017. In the future prediction, about 6% of the area is expected to show an increase in HQ which 

is attributed for SW-4 and SW-10, increase by 3.93% and 0.13%, respectively, whereas SW-3 

show greater decline by 36.5%.  

 

Figure 15. Change in HQ (a), 1972-2017 and (b) 2017-2047 

Most of the highest HQ value appeared predominantly in natural vegetation and grassland 

computed as highest as compared to other classes across all years, with the overall mean value of 

0.883 and 0.881, respectively. Conversely, lower HQ value appeared in plantation. Barren land 

and settlement scores zero since these classes are not considered as habitat in this study (Table 

19). Dunn’s multiple comparison test revealed that the significant difference was observed 

between the comparison of plantation with natural vegetation and grassland both during 1972-

2017 and 2017-2047 (Dunn’s test, Appendix 15). 

 

 

 

  
 

                      

(a) (b) 
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Table 19. Mean of HQ during 1972-2047 

Year Output* BL FL GL NV PL ST WB 

1972 MHQ 0.00 0.86 0.98 1.00 0.34 0.00 0.97 

1987 MHQ 0.00 0.83 0.93 0.95 0.23 0.00 0.77 

2002 MHQ 0.00 0.73 0.90 0.93 0.11 0.00 0.76 

2017 MHQ 0.00 0.66 0.85 0.87 0.11 0.00 0.80 

Mean±SE  0.77b±0.43 0.92a ±0.43 0.94a ±0.43 0.19c±0.43  0.83ab±0.43 

2032 MHQ 0.00 0.64 0.83 0.80 0.11 0.00 0.81 

2047 MHQ 0.00 0.60 0.80 0.75 0.11 0.00 0.81 

Mean±SE  0.62a±0.02 0.82a±0.02 0.76a±0.02 0.1a±0.02  0.81a±0.02 

*MHQ: mean HQ (unitless), mean within rows followed by the same letter(s) are not significant different (p < 0.05). 

 

4.5.3 Water yield (WY) 

Estimates reveal that average WY increased from 456.53 mm/yr in 1972 to 581.22 mm/yr in 

2017 per pixel, and is expected to be 645.46 mm/yr in 2047. Total WY in the Beressa watershed 

increased by 32.29 million m3 (Mm3) between 1972 and 2017, and is likely to increase by 6.66 

Mm3 between 2017 and 2047 (Table 20). Mean WY was estimated as 4954.92 m3/ha between 

1972 and 2017, expected to be 6116.72 m3/ha between 2017 and 2047. Relatively a higher WY 

is spatially distributed in the sub-watersheds located in eastern, southeastern, northeastern, and 

part of central areas while lower WY is found in the sub-watersheds located in western lower 

areas across all years (Figure 16). For example, in 1972, SW-5, and SW-8 were the topmost WY 

contributor with 7406.83 m3/ha and 6570.21 m3/ha, respectively. In contrast, SW-4 and SW-3 

have relatively lower estimated WY with 1602.67 m3/ha and 2151.85 m3/ha, respectively. Most 

of high water yielding sub-watershed areas comprise farmlands.   
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Figure 16. Spatial distribution of WY (1972-2047) 
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The changes in WY heterogeneity during these years are presented in Figure 17. The greatest 

changes in WY over the last 45 years were at SW-10 (1,489.9 m3/ha), SW-11 (1,389.9 m3/ha), 

and SW-7 (1,181.7 m3/ha), while SW-1 had the smallest change (607.45 m3/ha) (Figure 17a). 

Predictions show that WY may be less dynamic, with the highest increase in SW-1 (694.96 

m3/ha) and a subtle increase in SW-2 (104.16 m3/ha) (Figure 17b). 

 

Figure 17. Change in WY (a) 1972-2017 and (b) 2017-2047 

 

Among LULC types, farmland (6270.02 m3/ha) and plantation (6079.5 m3/ha) experienced 

greater overall mean WY, followed by barren land (6068.58 m3/ha) and natural vegetation 

(5755.69 m3/ha) (Table 20).  Moreover, WY from farmland and plantation exhibit substantial 

change between 1972 and 2017. In contrary, TWY from natural vegetation, barren land, and 

grassland decreased. Mean WY increased for all LULC during 1972-2017 and 2017-2047 (Table 

20). Dunn’s multiple comparison test revealed that waterbody has a significant difference in WY 

from other LULC types, except for grassland and settlement (p < 0.05). There was also a 

significant difference in WY during 1972-2017 between farmland and grassland. WY of 

farmland, plantation, and barren land was expected to be different from that of settlement (p < 

0.05). Farmland, barren land, and plantation also showed a statistically significant difference in 

WY compared to waterbody during 2017-2047 (Appendix 15). 

 

  
 

 

(a) (b) 
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Table 20. Estimated WY for each LULC category 

Year Output* BL FL GL NV PL ST WB 

1972 MWY 5212.18 5422.21 3377.93 5421.55 4558.61 4198.17 2848.65 

 TWY 14.52 64.41 11.74 10.96 1.73 2.69 0.53 

1987 MWY 5548.64 5445.23 3378.22 5212.02 5228.35 4414.14 2931.73 

 TWY 14.19 70.75 9.39 5.84 4.46 3.92 0.51 

2002 MWY 5662.43 6131.37 4219.27 5751.67 6496.73 4825.05 2918.24 

 TWY 8.03 81.34 12.49 2.87 12.92 5.25 0.43 

2017 MWY 6257.16 6877.23 4996.22 5859.11 6022.47 5425.68 4097.47 

 TWY 5.62 99.47 5.58 1.19 18.09 8.27 0.64 

Mean±SE 5670.1ab ±313.1 5969a±313.1 3992.9bc±313.1 5561.1ab±313.1 5576.55ab±313.1 4715.78abc±313.1 3199.03c±313.1 

2032 MWY 6872.52 6785.18 6442.43 6141.68 7132.09 5528.51 5222.99 

 TWY 3.91 101.75 5.22 0.08 22.90 9.37 0.38 

2047 MWY 6858.57 6958.9 6574.67 6148.14 7038.75 5446.94 5764.43 

 TWY 2.80 106.08 2.87 0.01 22.10 11.42 0.24 

Mean±SE 6662.77a±310.9 6873.76a±310.9 6004.43abc±310.9 6049.63ab±310.9 6731.13a±310.9 5467.03bc±310.9 5028.3c±310.9 

*MWY: mean WY (m3/ha); TWY: total WY (Mm3), mean within rows followed by the same letter(s) are not significant different (p < 0.05) 



86 

 

4.5.4 Sediment export (SE) 

The total annual soil loss varied from 0.89 million tons in 1972 to 1.53 million tons in 2017, and 

could increase to 2.79 million tons in 2047 (Appendix 16). Total SE was estimated at 8.44 ×104 

ton between 1972 and 2017, and is likely to increase by about 15.82 × 104 ton during the 

prediction period up to 2047. Mean annual soil loss and SE were 38.91 ton/ha/yr and 3.82 

ton/ha/yr between 1972 and 2017, and could rise to 61.26 ton/ha/yr and 6.29 ton/ha/yr between 

2017 and 2047 (Appendix 16 and Table 21).   

SE is spatially distributed in similar pattern as high in the northeastern sub-watersheds situated in 

the upper elevation and low in most of the western sub-watersheds situated in the lower elevation 

areas during the study period (Figure 18). The most sediment yielding sub-watersheds identified 

as 2, 6 and 8 with annual values of 10.1 ton/ha/yr, 9.6 ton/ha/yr and 8.69 ton/ha/yr, respectively 

over the study period. Most of these sub-watersheds spatially corresponded to farmlands.  

Figure 19a demonstrates a mixture of increase and decrease in SE between 1972 and 2017. SE, 

however, is expected to increase in the future (Figure 19b). About 11% of the area exhibited a 

decrease in SE between 1972 and 2017, however most of the area is predicted to experience a 

low level of SE increase (< 1 ton/ha/yr) between 2017 and 2047. 
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Figure 18. Spatial distribution of SE, 1972-2047 
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Figure 19. Change in SE (a) 1972-2017 and (b) 2017-2047  

 

Farmland (9.54 ton/ha), plantation (6.29 ton/ha) and barren land (5.12 ton/ha) show maximum 

average SE over the study period (Table 21).  The annual mean soil loss from agricultural land 

was estimated to be 86.53 ton/ha across the years (Appendix 16). MSE increased for all LULC 

except a slight decline for WB during 1972-2017. TSE increased for farmland, plantation and 

settlement, but decreased for barren land, natural vegetation, grassland and waterbody, and the 

change was greater in farmland (81.27 kiloton) and plantation (13.98 kiloton) during 1972-2017. 

The TSE change trend is expected to continue for all LULC classes during 2017-2047.  

The Dunn’s test revealed that farmland was differed significantly from those for grassland, 

waterbody, and settlement (p < 0.01). Volumes of sediment transport for plantation and barren 

land cover also has significant difference to grassland and waterbody cover (p < 0.05) between 

1972 and 2017. Waterbody expected to show significant difference in SE compared to plantation 

and barren land (p < 0.05) between 2017 and 2047 (Appendix 15).  

 

 

 

  
 

 

(a) (b) 
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Table 21. Estimated SE for each LULC category 

Year Output* BL FL GL NV PL ST WB 

1972 MSE 4.01 4.86 1.91 3.14 3.69 2.68 2.63 

 TSE 11.17 57.73 6.64 6.34 1.40 1.72 0.49 

1987 MSE 4.02 5.81 1.9 3.38 5.09 2.59 2.23 

 TSE 10.28 75.49 5.28 3.79 4.35 2.30 0.38 

2002 MSE 4.24 7.71 2.25 3.74 4.06 2.64 1.33 

 TSE 6.02 102.28 6.66 1.86 8.07 2.87 0.20 

2017 MSE 5.61 9.61 3.47 3.86 5.12 3.59 1.93 

 TSE 5.04 139.00 3.88 0.79 15.38 5.47 0.30 

Mean±SE  4.47ab±0.49 6.99a±0.49 2.38c±0.49 3.53abc±0.49 4.49ab±0.49 2.88bc±0.49 2.03c±0.49 

2032 MSE 6.49 11.08 6.63 3.9 8.41 3.51 2.74 

 TSE 3.69 166.16 5.37 0.05 27.01 5.95 0.20 

2047 MSE 6.36 18.2 8.69 4.23 11.41 3.92 3.33 

 TSE 2.60 277.43 3.79 0.01 35.82 8.22 0.14 

Mean±SE 6.15ab ±1.36 12.96a ±1.36 6..26ab ±1.36 3.99ab ±1.36 8.31ab ±1.36 3.67ab ±1.36 2.67b ±1.36 

MSE: mean SE in ton/ha/yr; TSE: total SE in kiloton, mean within rows followed by the same letter(s) are not significant different (p < 0.05) 
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4.5.5 Carbon storage (CS) 

The total carbon stocks in the Beressa watershed was 2.97 Tera gram (Tg) in 1972, 1.70 in 2017 

and expected to be 1.67 in 2047 (Table 22).  The highest and lowest margin of CS ranges from 

71 to 238.26 Mg C/ha across all sub-watersheds during the study period (Figure 20).  

 

Figure 20. Spatial distribution of CS, 1972-2047 
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Spatially, the northeastern sub-watersheds experienced relatively higher CS while most of the 

sub-watersheds situated in the western and part of central areas showed lower CS (Figure 20). 

Higher CS is estimated in sub-watersheds 6, 9 and 8 with total mean of 145.76, 131.97 and 

100.51 Mg C/ha, respectively where natural vegetation dominated.  On the other hand, SW-5 and 

SW-4 showed lower CS with a value of 78.45 and 81.34 Mg C/ha, respectively over the study 

period, where barren land and farmland predominated.  

Change in CS during the study period under investigation is presented in Figure 21.  CS 

increased as high as 18.55 Mg C/ha in SW-14 and showed substantial decline by 47.56 Mg C/ha 

in SW-8. The SW-2 and SW-9 expected to show greater increase and decrease in CS with value 

of 17.58 and -25.32 Mg C/ha, respectively between 2017 and 2047 (Figure 21).  

 

Figure 21. Change in CS (a) 1972-2017 and (b) 2017-2047  
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Most of the CSs accounts from natural vegetation, grassland and plantation with the mean value of 414.48, 183.95 Mg C/ha and 

132.13, respectively whereas the lower CS computed in barren land (52.67 Mg C/ha) and farmland (59.20 Mg C/ha) between 1972 

and 2017 (Table 22). In future prediction, the mean carbon stored under natural vegetation and grassland decline to 85.87 Mg C/ha 

and 200.5 Mg C/ha, while plantation CS increased to 170.41 Mg C/ha. Moreover, maximum mean CS expected from natural 

vegetation and plantation (Table 22). The post hoc analysis revealed that CS in natural vegetation showed significant difference to 

barren land, farmland and settlement. There is also a significant difference in CS of grassland and plantation with barren land between 

1972 and 2017. CS in natural vegetation and planation is expected to show significant difference to barren land and farmland between 

2017 and 2047 (Appendix 15).  

Table 22. Estimated CS for each LULC categories 

Year Output* BL FL GL NV PL ST WB 

1972 MCS 57.99 60.65 285.01 501.84 111.37 81.72 0 

 TCS 0.16 0.72 0.99 1.01 0.04 0.05 0 

1987 MCS 56.20 58.20 165.90 400.81 135.93 89.41 0 

 TCS 0.14 0.76 0.46 0.45 0.12 0.08 0 

2002 MCS 55.70 58.90 186.31 382.60 125.31 85.60 0 

 TCS 0.08 0.78 0.55 0.19 0.25 0.09 0 

2017 MCS 52.69 59.04 98.58 372.68 155.93 89.65 0 

 TCS 0.05 0.85 0.11 0.08 0.47 0.14 0 

Mean±SE 55.67d±20.3 59.20d±20.3 183.95b±20.3 414.48a±20.3 132.13bc±20.3 86.59cd±20.3  

2032 MCS 47.60 57.91 80.40 115.94 176.40 88.21 0 

 TCS 0.03 0.87 0.07 0.005 0.57 0.15 0 

2047 MCS 46.90 57.10 78.57 112.94 178.90 87.30 0 

 TCS 0.02 0.87 0.03 0.004 0.56 0.18 0 

Mean±SE 49.06c±35.38 58.01bc±35.38 85.87abc±35.38 200.5a±35.38 170.41ab±35.38 88.40abc±35.38  

*MCS: mean CS (Mg C/ha); TCS: total CS (Tg C), mean within rows followed by the same letter(s) are not significant different (p < 0.05) 
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4.5.6 Crop production (CP) 

Crop productivity typically ranges from 0.23 to 2.1 ton/ha across the sub-watersheds (Figure 22). 

Higher crop yield (wheat and barley) values are found in the southeastern and center of the watershed 

between 1972 and 2002, while lower values were situated in the western areas. In 2017, higher crop 

yielding sub-watersheds spread in eastern, southeastern and western areas, while northeastern, 

southeastern and northwestern areas showed lower CP.  In the future, most of the higher crop yielding 

sub-watersheds could be located in western lower elevation areas, while northeastern and southeastern 

regions may face lower productivity (Figure 22). SW-10, SW-4 and SW-11 have higher average crop 

productivity with value of 1.40, 1.37 and 1.36 ton/ha, respectively over the study period, whereas SW-3 

and SW-2 have lower average CP with the value of 0.55 and 0.84 ton/ha, respectively. The higher crop 

yielding sub-watersheds predominantly occupied by farmland and the lower yield areas mostly 

corresponded to settlement and barren land.  

Most of the area that have shown an increased in CP are situated in western areas with maximum 

increasing in SW-9 (0.22 ton/ha) and SW-1 (0.17 ton/ha), while southern areas experienced relatively 

greater decline in SW-15 (0.76 ton/ha) and SW-14 (0.69 ton/ha) which exhibited maximum decline 

between 1972 and 2017. Future change in CP follow similar spatial pattern as previous decades with 

slightly different variation that will show greater increase in SW-1 (0.32 ton/ha) and SW-9 (0.30 

ton/ha) and greater decline in SW-2 (0.64 ton/ha) and SW-15 (0.46 ton/ha) (Figure 23).  

Mean value of ES indicators at the sub-watershed level across the study period for all the services is 

presented in Appendix 17. 
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Figure 22. Spatial distribution of CP (1972-2047) 
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Figure 23. Change in CP (a) 1972-2017 and (b) 2017-2047 

 

4.6 Ecosystem services change in the Beressa watershed 

Figure 24 exhibits the change in landscape capacity to supply ESs over the study period. All ESs 

declined concurrently between 1972 and 1987, with a more significant decrease, observed in crop yield 

(42%) and climate regulation (40%). Habitat supporting services decreases during the study period. 

Climate and soil erosion regulation also reduced during the study period, except from 1987 to 2002. 

Water retention service also declined during the study period, other than a very little increase (about 

2%) during 2032-2047. For both previous (1972-2017) and projected periods (2017-2047), ESs are 

found to decline, except a projected increase of the service of crop yield and water retention by 9 % and 

5%, respectively.  
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Figure 24. Ecosystem service change index (ESCI) in the study area (1972-2047) 

 

Based on the change of overall ES between two extreme values (-1 to 1), the overall status of all the 

ESs, ESSI in the study area ranged from 0.18 to 0.85 during 1972, from -0.21 to 0.84 in 2017, and from 

-0.14 to 0.24 in 2047. As shown in Figure 25, most of the area experienced a decrease in overall 

services, and a few sub-watersheds showed an increase in ESSI, occupying 12% and 6% of the total 

area during 1972-2017 and 2017-2047, respectively.  The area with no apparent change in ESSI 

corresponded to approximately 8% and 11% during 1972-2017 and 2017-2047.  
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Figure 25. Ecosystem Service Status Index (ESSI) change (a) 1972-2017; and (b) 2017-2047 

  

4.7 Relationship between ecosystem service indicators and landscape characteristics 

4.7.1 Contribution of individual class metrics to ecosystem services change 

The ratio of each ES indicators among LULC classes is presented in Figure 26. Natural vegetation 

scored highest average CS capacity and HQ index though it had lower water retention (15.35% WY) 

and sediment retention (11.65% SE) capacity. Grassland can also retain good habitat's quality and can 

store carbon in their biomass and hold water (12.5% WY) and sediment (11.02% SE). Both natural 

vegetation and grassland contributed more than 50% of suitable HQ to provide multiple ESs. On the 

other hand, plantation showed low HQ (4.38%), high sediment and water export, whereas good CS 

ability following natural vegetation (11.21%). Besides CP, farmland contributed modest HQ (21%); 

however, about 8% of the carbon storage and about 27% of the sediment loss is generated from farming 

practices. 
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Figure 26. Average Ecosystem service indicators at each land classes 

The correlation between individual landscape metrics for each LULC and ES indicators is presented in 

Table 23. The change in ESs significantly corresponds to landscape pattern changes. WY and SE 

showed a very strong positive correlation with PLAND, MPS, and LPI of farmland, plantation, 

settlement, and a negative correlation with grassland and natural vegetation of PLAND, MPS, and LPI. 

The NP for a waterbody, natural vegetation, and farmland also negatively correlated with WY and SE. 

Natural vegetation AWMPFD also showed an inverse relation with WY and SE at p ˂ 0.05. The AI of 

the waterbody and barren land correlated positively and negatively with WY and SE, respectively.  

HQ and CS showed strong positive correlation with PLAND, LPI, MPS, NP, AI and AWMPFD of 

natural vegetation, and with PLAND of grassland. On the other hand, they showed negative correlation 

with farmland compositional metrics (PLAND, LPI, and MPS), and PLAND for plantation. 

Furthermore, HQ exclusively showed positive correlation with NP for grassland, PLAND and AI for 

waterbody, and CS had positive relationship with LPI of grassland, AWMFD of barren land, and has 

negative relationship with MPS of plantation. CP negatively correlated with MPS and LPI of farmland 

(Table 23).  
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Table 23. Correlation of landscape metrics and ESs indicators  

Variable PLAND LPI MPS NP AI AWMPFD 

    Barren land    

HQ 0.726 0.663 0.228 0.312 0.122 0.746 

WY -0.713 -0.774 -0.636 -0.429 0.253 -0.947** 

SE -0.699 -0.809 -0.624 -0.483 0.309 -0.948** 

CS 0.746 0.212 0.444 0.518 -0.35 0.929** 

CP 0.724 0.47 0.25 0.136 0.116 0.666 

Farmland 

HQ -0.919** -0.934** -0.860* 0.627 -0.354 -0.094 

WY 0.992** 0.778 0.992** -0.918** 0.511 0.468 

SE 0.986** 0.832* 0.951** -0.821* 0.492 0.471 

CS -0.872* -0.995** -0.886* 0.595 -0.323 -0.111 

CP -0.676 -0.834* -0.821* 0.225 -0.408 0.327 

Grassland 

HQ 0.863* 0.801 0.226 0.899* 0.832* 0.712 

WY -0.987** -0.955** -0.935** -0.597 -0.61 -0.321 

SE -0.958** -0.875* -0.959** -0.627 -0.634 -0.367 

CS 0.975** 0.924** 0.617 0.622 0.771 0.35 

CP 0.771 0.699 0.074 0.552 0.809 0.821* 

Natural vegetation 

HQ 0.986** 0.908* 0.912* 0.829* 0.875* 0.81* 

WY -0.914* -0.994** -0.912* -0.883* 0.161 -0.828* 

SE -0.933** -0.986** -0.963** -0.890* 0.191 -0.825* 

CS 0.947** 0.880* 0.956** 0.824* 0.974** 0.833* 

CP 0.595 0.727 0.772 0.647 0.679 0.489 

Plantation 

HQ -0.849* -0.68 -0.784 -0.365 0.028 -0.419 

WY 0.988** 0.942** 0.888* 0.354 -0.391 -0.552 

SE 0.952** 0.993** 0.962** 0.103 -0.302 -0.554 

CS -0.974** -0.801 -0.841* -0.427 0.03 -0.439 

CP -0.742 -0.544 -0.676 -0.413 0.135 -0.457 

Settlement 

HQ -0.769 -0.659 -0.573 -0.476 0.744 0.09 

WY 0.988** 0.942** 0.905* 0.35 -0.347 -0.573 

SE 0.969** 0.993** 0.989** 0.081 -0.093 -0.685 

CS -0.743 -0.625 -0.522 -0.589 0.797 0.036 

CP -0.143 0.044  0.215 0.803 -0.691 0.541 
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Variable PLAND LPI MPS NP AI AWMPFD 

 

Waterbody 

HQ 0.834* -0.493 -0.171 0.890* 0.815* 0.654 

WY -0.871* 0.63 -0.551 -0.956** 0.947** -0.825* 

SE -0.918** 0.474 -0.707 -0.965** 0.877* -0.799 

CS 0.806 -0.392 0.161 0.744 -0.74 0.561 

CP 0.6 0.342 -0.557 -0.345 -0.184 0.368 

*correlation is significant at 0.05 level, and **correlation is significant at 0.01 

A summary of the PLSR analysis is provided in Appendix 18. For each PLSR model, the optimum 

number of components determined by Q2 and R2, and the first two PLSR components cumulatively 

accounted for 93.5%, 91.8% and 93.9%, 90.1% and 76.5% of the total variation for HQ, WY, SE, CS and 

CP change, respectively.  In this study, the PLSR model was validated as the ideal model to predict ESs 

in terms of landscape variables with maximum Qcum
2 and Rcum

2 values i.e. above 0.5 (Appendix 18). To 

explore the relative influence of each landscape structural variable on ESs, factor Variable Influence on 

the Projection (VIP), and the variable weights (w) were extracted from PLSR model and shown in 

Table 24.  

For HQ change, highest VIP value was obtained for PLAND of the plantation, followed by AI of the 

settlement, LPI of farmland, MPS of plantation, PLAND of the settlement and MPS for farmland and 

PLAND. As expected, loss of area and patch disaggregation of natural vegetation, waterbody and 

grassland also contributed to the greater habitat loss in the watershed. A decline in grassland LPI and 

PLAND significantly contributed to the reduction of HQ.  On the contrary, AI for farmland and LPI for 

waterbody contributed the least for HQ change.  

For WY model, PLAND for farmland and plantation showed highest impact for the change in WY, 

followed by MPS for farmland, LPI for plantation and AI for barren land. On the contrary, NP for 

settlement, LPI for waterbody and AI for plantation have low VIP values, indicating low importance in 

affecting WY. In the case of SE, PLAND and MPS for farmland contributed most of the changes, 

followed by plantation landscape composition metrics (LPI, MPS, and PLAND). On the other hand, AI 

for plantation, settlement, and grassland contributes the least for a change in SE (Table 24). The SE 

appears to increase in general for those patches with lower aggregation (indicated by negative weights).  
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For CS model, PLAND for natural vegetation and plantation and AI of plantation showed highest 

contribution for CS change, followed by LPI for farmland, MPS for natural vegetation and NP for 

grassland. Conversely, AI of farmland, NP of barren land and settlement contributed the least for the 

change in CS in Beressa watershed. The farmland LPI, PLAND, and MPS, MPS and PLAND for 

barren land showed highest contribution for change in CP over the study period. On the other hand, AI 

for natural vegetation and AWMPFD for farmland contributed the least for CP change.  

Table 24. VIP and weight of landscape metrics for each LULC 

ES  

Indicator   LULC 

Metrics 

PLAND LPI MPS NP AI AWMPFD 

VIP w VIP w VIP w VIP w VIP w VIP w 

HQ 

BL 1.56 0.57 1.19 0.42 0.15 0.05 0.11 0.04 0.22 0.08 1.34 0.47 

FL 1.39 -0.5 1.6 -0.57 1.42 -0.51 0.96 0.34 0.52 -0.18 0.18 -0.06 

GL 1.31 0.53 1.26 0.5 0.84 0.34 0.85 0.34 1.05 0.37 0.48 0.17 

NV 1.35 0.56 1.22 0.46 1.25 0.48 0.89 0.31 1.05 0.37 1.01 0.36 

PL 1.75 -0.59 1.4 -0.54 1.55 -0.61 0.88 -0.31 0.06 0.02 0.9 -0.32 

ST 1.52 -0.55 1.32 -0.47 1.1 -0.39 1.24 -0.45 1.68 0.59 0.07 0.03 

WB 1.02 0.39 0.58 -0.2 0.24 -0.08 1.14 0.44 1.09 0.39 0.83 0.29 

WY 

BL 0.97 -0.39 1.21 -0.5 0.84 -0.34 0.7 -0.28 1.26 -0.52 0.43 -0.17 

FL 1.34 0.58 1.22 0.45 1.32 0.5 0.99 -0.48 0.74 0.3 0.7 -0.34 

GL 1.21 -0.49 1.19 -0.48 1.21 -0.49 1.01 -0.36 0.77 -0.31 0.47 -0.19 

NV 1.06 -0.43 1.18 -0.48 1.1 -0.45 1.09 -0.44 0.35 -0.15 1.09 -0.4 

PL 1.33 0.57 1.27 0.52 1.23 0.49 1.03 0.39 0.61 -0.29 0.79 -0.31 

ST 1.2 0.44 1.16 0.49 1.22 0.5 0.57 0.29 0.47 -0.19 0.78 -0.31 

WB 1.1 -0.44 0.69 0.28 0.73 -0.3 1.2 -0.49 1.14 0.46 0.99 -0.4 

 

 

 

 

SE 

BL 0.92 -0.37 0.96 -0.39 0.7 -0.28 1.03 -0.42 1.24 -0.48 0.76 -0.31 

FL 1.32 0.56 1.22 0.45 1.31 0.56 0.95 -0.43 0.68 0.28 0.82 -0.36 

GL 1.21 -0.49 1.13 -0.46 1.12 -0.46 1.04 -0.42 0.62 -0.21 0.78 -0.31 

NV 0.94 -0.38 1.11 -0.45 1.12 -0.46 1.15 -0.47 0.67 -0.23 1.01 -0.33 

PL 1.28 0.52 1.3 0.54 1.29 0.52 1.11 0.4 0.54 -0.25 0.92 -0.37 

ST 1.27 0.52 1.22 0.43 1.21 0.48 0.61 0.24 0.55 -0.25 0.91 -0.37 

WB 1.18 0.48 0.45 0.34 0.83 0.49 1.14 -0.43 1.09 0.28 0.99 -0.36 
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ES  

Indicator   LULC 

Metrics 

PLAND LPI MPS NP AI AWMPFD 

VIP w VIP w VIP w VIP w VIP w VIP w 

CS 

BL 1.12 0.39 0.89 0.36 1.06 0.43 0.75 0.3 0.5 -0.2 1.03 0.42 

FL 1.23 -0.5 1.26 -0.51 1.08 -0.44 1.17 0.48 0.53 -0.21 0.12 0.05 

GL 1.1 0.45 1.11 0.45 1.01 0.41 1.24 0.5 0.35 0.14 0.97 0.39 

NV 1.34 0.54 1.13 0.45 1.24 0.5 1.15 0.46 0.99 0.38 0.84 0.34 

PL 1.28 -0.52 0.95 -0.38 1.11 -0.46 0.86 -0.35 1.27 0.51 0.16 0.06 

ST 1.19 -0.48 1.1 -0.32 0.95 -0.39 0.79 -0.32 1.22 0.5 0.14 0.06 

WB 1.04 0.44 0.46 -0.2 0.99 0.4 1.02 0.42 1.03 -0.42 0.9 0.36 

CP 

BL 1.32 0.53 1.12 0.44 1.33 0.54 0.15 0.09 0.27 0.17 1.02 0.41 

FL 1.37 -0.56 1.43 -0.58 1.34 -0.55 1.2 0.49 0.17 -0.07 0.58 0.23 

GL 1.01 0.41 0.98 0.4 0.89 0.36 1.22 0.51 0.16 -0.06 1.16 0.47 

NV 1.03 0.42 1.07 0.43 1.15 0.47 0.95 0.38 0.51 0.2 0.72 0.29 

PL 1.08 -0.44 1.01 -0.4 0.82 -0.33 0.93 -0.38 1.25 0.52 0.05 -0.02 

ST 0.27 -0.11 0.09 0.03 0.4 0.16 1.31 -0.53 1.21 0.48 1.03 -0.42 

WB 1.03 0.43 0.97 0.33 1.53 0.7 0.46 0.17 0.39 0.09 0.44 0.19 

The boldfaced values are w2 > 0.2 

4.7.2 Variation of ES indicators along topographic gradient 

Table 25 shows the variation of the ES indicators along the topographic gradient, vertical heterogeneity 

of ES. The mean of CP reaches maximum in mid elevation (2800-3000 m) and slope (10-32%) and 

varies significantly among the other elevation category (p < 0.05). CS and HQ showed some variation 

with high value in upper elevation (> 3000 m) and steep slope (> 32%) and low value in lower 

elevation in gentle slope for CS and vice versa for HQ (Table 25).  SE and WY significantly increased 

with an increase of elevation and slope, indicating lower elevation (2056-2800 m) and gentle slope (0-

10%) provide better hydrological services, as the lower the value, the better the service for WY and SE 

as described in section 3.7. The mean ES indicators for each topographic class during the study period 

is presented in Appendix 19.   
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Table 25. Mean ± SE for each ES indicators along topographic gradient 

Parameter HQ WY SE CS CP 

Elevation class      

lower  0.54a±0.03 3210.48c±379.96 2.97a±0.81 119.61a ±12.39 0.80b±0.05 

middle  0.50a±0.03 5835.34b±379.96 4.75ab±0.81 125.43a ±12.39 1.00a±0.05 

upper  0.49a±0.03 7215.09a±379.96 6.97b±0.81 127.16a±12.39 0.81b±0.05 

Slope class      

gentle slope 0.54a±0.02 3225.19c±325.09 2.79b±0.78 120.16a±12.41 0.82b±0.05 

mid slope 0.51a±0.02 5825.54b±325.09 5.16a±0.78 125.55a±12.41 0.98a±0.05 

steep slope 0.49a±0.02 7210.20a±325.09 6.77a±0.78 126.41a±12.41 0.81b±0.05 

Overall means within columns followed by the same letter(s) are not significant different at p < 0.05. 

 

The PLSR model out indicates that topographic gradient cumulatively accounted for 59.7% of the total 

variance in the ES supply changes (Appendix 18).  The correlation between topographic variables and 

ES indicators and the individual contribution of elevation and slope for variation of ESs is presented in 

Table 26, elevation and slope gradient strongly correlated with WY and SE at p < 0.01 and negatively 

correlated with HQ at p < 0.05. The CP positively and negatively correlated with elevation and slope, 

respectively (Table 26a). WY, SE and HQ highly influenced by slope variation. CS was the least to be 

influenced by topographic variables (Table 26b).  

Table 26. Relationship between topographic variables and ES indicators 

(a) Correlation between ES indicators and topographic variables 

Variable HQ WY SE CS CP 

Elevation -0.471* 0.932** 0.817** 0.204 0.385* 

Slope -0.592* 0.960** 0.846** 0.246 -0.400* 

(b) The value of variable importance for projection and weight of elevation and slope  

 VIP w VIP w VIP w VIP w VIP  w 

Elevation 1.05 -0.46 1.32 0.52 1.27 0.50 0.78 0.40 0.86 0.44 

Slope 1.38  -0.57 1.41 0.61 1.36 0.59 0.74 0.36 0.88 -0.42 

*correlation is significant at 0.05 level, and **correlation is significant at 0.01, the boldfaced values are 

w2> 0.2, The boldfaced values are w2 > 0.2 
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4.8 Combined influence of landscape pattern and topographic gradient in ESs changes 

The summary of PLSR model output (Appendix 18) for the joint contribution of landscape metrics and 

topographic gradient indicated that landscape predictors cumulatively contributed to about 95% of the 

variation in overall ES changes of the Beressa watershed. The result of variable importance and weight  

indicated that the PLAND of farmland (VIP = 1.25; w = 0.51), slope in planation (VIP = 1.24; w = 

0.5), MPS of farmland and PLAND of plantation with VIP = 1.23; w = 0.49 showed greatest impact in 

the change of overall ES indicators in the study area, followed by LPI of settlement (VIP = 1.22; w = 

0.48) and  slope in  natural vegetation (VIP = 1.21; w = 0.48) (Table 27). It is important to note that 

most of the VIP values for elevation was also ˃1, indicating its significant contribution for the change 

of ESs indicators in Beressa watershed.  

Table 27. The landscape variables average VIP and w values at each LULC for overall change in ES 

indicators 

Variable AI AWMPFD Elevation LPI MPS NP PLAND Slope 

BL VIP 0.71 1.07 1.17 1.09 0.95 0.81 0.99 0.91 

 
w 0.16 -0.4 0.45 -0.38 -0.33 -0.24 -0.36 0.3 

FL VIP 0.48 0.3 1.09 1.19 1.23 0.94 1.25 1.11 

 
w 0.17 -0.1 -0.45 0.47 0.49 -0.34 0.51 -0.45 

GL VIP 0.64 0.62 1.18 1.1 1.11 0.89 1.18 1.08 

 
w -0.38 0.48 -0.46 -0.44 -0.45 0.39 -0.47 -0.4 

NV VIP 0.39 1.05 1.01 1.14 1.1 0.99 1.01 1.21 

 
w 0.15 -0.37 0.45 -0.41 -0.39 -0.37 -0.44 0.48 

PL VIP 0.67 0.72 1.05 1.18 1.19 0.6 1.23 1.24 

 
w -0.23 -0.28 0.4 0.45 0.46 0.13 0.49 0.5 

ST VIP 0.76 0.82 0.47 1.22 1.17 0.6 1.18 0.33 

 
w -0.21 -0.28 -0.15 0.48 0.46 0.16 0.45 -0.11 

WB VIP 1.17 1.07 0.77 0.59 0.99 1.21 1.21 0.38 

 
w 0.42 -0.39 0.28 0.2 -0.35 -0.46 -0.45 -0.19 

The boldfaced values are w2> 0.2 
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The total VIP and w values of eight landscape predictors were plotted (Figure 27). PLAND, MPS, LPI, 

slope and elevation were the most important contributors to overall ES indicators change. The factors 

with lower VIP and w suggest little or insignificant association (NP, AI and AWMPFD in this study).  

 

Figure 27. Mean VIP values for model prediction and weight of the predictor variables to PLSR model 

for overall ESs changes 

 

4.9 Interaction between ecosystem services 

The spatial and temporal correlation between ESs is shown in Table 28. There is a strong positive 

correlation between hydrological ESs and supporting service (water and sediment retention, and habitat 

maintenance), highlighting strong synergetic relationship between them. On the other hand, climate 

regulation and crop yield negatively correlate (p < 0.05), suggesting the tradeoffs between them. For 

observed and predicted period (1972-2017 and 2017-2047), six out of the ten ES pairs are significantly 

correlated, four positively (habitat maintenance with climate regulation, water and sediment retention, 

and between sediment and water retention) and two negatively (crop yield with water and sediment 

retention) during 1972-2017, and five positive (habitat maintenance and crop yield with hydrological 
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services, and between sediment and water retention) and one negative (climate regulation and crop 

yield) during 2017-2047.  

Table 28. Pairwise Pearson correlation between ESs 

(a)  Spatial correlation in 2017 

 

Climate 

regulation 

Crop  

Yield 

Habitat 

maintenance 

Sediment 

retention Water retention 

Climate regulation 1.000     

Crop yield -0.545* 1.000    

Habitat maintenance -0.206 -0.041 1.000   

Sediment retention -0.017 -0.254 0.527* 1.000  

Water retention 0.206 -0.215 0.598* 0.813** 1.000 

(b) Temporal correlation for the 1972-2017 period 

 

Climate 

regulation 

Crop 

 Yield 

Habitat 

maintenance 

Sediment 

retention Water retention 

Climate regulation 1.000     

Crop yield -0.162 1.000    

Habitat maintenance 0.448** -0.102 1.000   

Sediment retention -0.026 -0.285* 0.361** 1.000  

Water retention 0.218 -0.389** 0.499** 0.723** 1.000 

(c) Predicted temporal correlation for the 2017-2047 period 

 

Climate 

regulation 

Crop 

 Yield 

Habitat 

maintenance 

Sediment 

retention Water retention 

Climate regulation 1.000     

Crop yield -0. 314* 1.000    

Habitat maintenance 0.096 0.281 1.000   

Sediment retention 0.068 0.510** 0.551** 1.000  

Water retention 0.113 0.604** 0.396** 0.744** 1.000 
*correlation is significant at 0.05 level, and **correlation is significant at 0.01 

 

4.10 Spatio-temporal patterns of ecosystem service bundles and hotspots  

The result of global Moran's I test for the value of ESs revealed that varied degree of spatial 

autocorrelation, which confirms the presence of spatial autocorrelation. WY and SE show higher 

clustering level. The overall global autocorrelation tended to weaken from 1972 to 2017 and 

strengthened from 2017 to 2047 (Table 29). 
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Table 29. Global Moran's I statistic of ESs 

Year Variable  

Climate 

regulation 

Crop 

yield 

Habitat 

maintenance 

Sediment 

retention 

Water  

retention 

1972 I 0.19 0.23 0.11 0.28 0.64 

 Z(I) 0.98 1.14 0.6 1.93 4.67 

1987 I 0.43 0.18 0.17 0.32 0.65 

 Z(I) 2.13 1.05 1.27 2.13 4.7 

2002 I -0.23 0.19 0.34 0.66 0.65 

 Z(I) -2.67 1.99 1.98 2.18 4.76 

2017 I -0.27 -0.24 0.22 0.25 0.66 

 Z(I) -2.78 -1.98 0.66 1.97 4.78 

2032 I 0.34 0.28 0.15 0.34 0.66 

 Z(I) 1.54 2.01 2.81 2.26 4.76 

2047 I 0.42 0.22 0.22 0.34 0.66 

 Z(I) 1.99 2.91 2.61 2.5 4.8 

      Average I 0.15 0.14 0.14 0.37 0.65 

* bold values show the distribution is statistically significant at p > 0.05 

The study area is placed into four clusters based on the amount and kind of ESs provided over time 

(Figure 28). 

Bundle 1 (B1) 

B1 is characterizes by multiple ES provision (termed as ES hotspots bundle) with highest water-related 

regulating services (sediment and water retention) across the study period, with highest being observed 

(habitat maintenance) during 1972-2002, and the area changes to relatively high provisioning service 

(crop yield) between 2017 and 2047. The bundle also has a high value of climate regulating service in 

1972 and intermediate value between 1987 and 2017 which is predicted to contribute the least amount 

of CS during 2032-2047 (Figure 28). It covers highest proportions of grassland (32.82%) and is located 

in gentler slope of the watershed's in the lower elevation area (Table 30).  

Bundle 2 (B2) 

Similarly, B2 was the second-highest water-related regulating services bundle. The bundle has low 

crop yield and habitat maintenance in all years, except in 1972 and 2017, respectively. The bundle also 

exhibited inadequate climate regulation across all years, except in 2047 (Figure 28). It consists of 

waterbody (49.56%), and grassland (28.58%) (Table 30).  
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Bundle 3 (B3) 

B3 contains highest crop yield and relatively better sediment retention and intermediate value of 

climate regulation, categorizes as a high agricultural provision bundle. The bundle has relatively 

truncated habitat maintenance service at all-time stamps except 1972, which has medium value (Figure 

28). The bundle is mostly covered by farmland (31.42%), settlement (31.4%), and plantation (30.54%) 

(Table 30).  

Bundle 4 (B4) 

The highest climate regulating bundle (B4) has the most elevated CS amount over the study period and 

relatively low delivery of other ESs (Figure 28). It also contains most of the plantation (51.71%) and 

natural vegetation (47.38%) in the steep slope part of the watershed. Bundle 3 and 4 occupy about 67% 

of the study area (Table 30).  

Table 30. Mean of biophysical variables in different ES bundles 

Variables B1 B2 B3 B4 

Area (%) 18.55 14.26 29.63 37.56 

Slope (%) 6.51 8.89 15.21 21.02 

Elevation (m) 2980 2632 3452 3620 

Natural vegetation (%) 9.09 18.10 25.42 47.38 

Plantation (%) 10.78 6.97 30.54 51.71 

Grassland (%) 32.82 28.58 15.65 22.96 

Settlement (%) 14.05 22.54 31.40 32.01 

Barren land (%) 11.87 16.56 29.13 42.44 

Farmland (%) 19.42 12.45 31.42 36.70 

Waterbody (%) 6.14 49.56 27.43 16.87 

 

Figure 29 presents the spatial distribution of ES bundles over the study period. The area occupied by 

Bundle 1 and 2 was spatially concentrated in the western part of the watershed, characterized by lower 

elevation. Bundle 3 showed various spatial distributions of ES bundles between 1972 and 2017 and 

uniformly located in upper altitude sites between 2017 and 2047. Bundle 4 tends to be distributed in the 

eastern part of steep slope areas. The transition of bundle classes is observed over the study period; for 

example, high water-related regulating service providing B2 in 1972 changed to dominant crop yield 

service supply bundle, B3 in 1987. 
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Figure 28. Rosette diagram illustrating the magnitude of ES in each cluster (1972-2047) 

 B1 B2 B3 B4 
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Figure 29. Spatial distribution of ES bundles (1972-2047) 
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The result of Getis-Ord hotspot analysis reveals that the distribution of statistically significant spatial 

clusters of high values (hotspot) and low values (coldspot) of the ES.  Most of the hotpot areas were 

located in the western side, whereas coldspots were at the eastern part of the study area (Figure 30). 

There were areal changes in hotspots and coldspots through time. For instance, approximately 20% 

highly significant hotspot and 11% coldspot areas were identified in 1972, and in 2017 these were 

changed to 3% and 31%, respectively. In the future, highly significant coldspot areas (about 39%) 

cover the total area, and there would be no area that could be considered having hotspot for the supply 

of multiple ESs. The overall mean statistically significant hotspot areas of the ESs under investigation 

accounted for 18.67%, while significant coldspot areas hold about double of the hotspot areas (39.12%) 

(Table 31).  Generally, about 48% of the space occupied by the coldspots provides one or two high 

services and three to four low services, and hotspots contribute an increased supply of three or four 

services, and a low supply of two or three services occupied about 24%.  

Table 31. Average value of ES indicators and area coverage of each hotspot and coldspot categories 

 
Area (ha) 

CS  

(Mg C/ha) 

CP  

(t/ha) 

HQ 

(-) 

SE 

 (t/ha) 

WY 

 (m3/ha) 

Coldspots** 6122.38 115.15 0.81 0.47 7.46 7540.69 

Coldspots* 4273.15 129.86 0.84 0.47 7.79 7570.94 

Coldspots 603.55 144.33 0.79 0.46 7.84 6667.32 

Not significant 6788.06 115.11 0.90 0.48 4.57 5947.51 

Hotspots 2746.89 98.21 1.12 0.51 2.66 3865.88 

Hotspots* 1568.78 134.93 0.80 0.56 2.18 3250.77 

Hotspots** 1916.74 130.73 0.85 0.62 1.84 3099.06 

** and * indicate hotspots or coldspots are significant at 99% and 95% level, respectively  

 

 

. 
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Figure 30. Spatial distribution of hotspots and coldspots with different confidence level (** and * 

indicate hotspots and coldspots are significant at 99% and 95 % level, respectively)  
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4.11 The model output sensitivity under different input parameters 

Table 32 shows the statistical result of InVEST model outputs sensitivity for input variation and the 

rate of change for each variation present in Appendix 20. The WY model output is highly sensitive to 

changes in precipitation, reference evapotranspiration, and plant evapotranspiration whereas relatively 

less sensitive to changes in root depth and Z parameter (Table 32). Modeled SE is highly sensitive to 

changes in the Borselli k coefficient, and the C and R factors, but relatively less sensitive to threshold 

flow accumulation and Borselli ICo (Table 32). For HQ model, threat weight and habitat suitability 

were the most influential inputs, while the model was insensitive to half saturation constant. The output 

of CS showed highly sensitive to SOC and less sensitive to BGB.  The CP model’s output was also 

more sensitive for the change in nitrogen rate than phosphorous rate (Table 32). 

Table 32. The statistical result of model inputs used in sensitivity analysis for ES indicators 
HQ 

Parameter β t-stat p-value NRMSE 

Threat weight -0.986 -15.822 0.001 0.832 

Threat maximum distance 0.983 10.253 0.004 0.535 

Habitat suitability 0.988 14.442 0.002 0.626 

Habitat sensitivity -0.981 -8.652 0.003 0.414 

Half saturation constant 0.976 7.774 0.014 0.265 

WY 

Evapotranspiration coefficient  -0.997 -24.310 0.000 0.597 

Plant available water content -0.996 -19.116 0.003 0.352 

Precipitation 0.999 36.727 0.000 0.813 

Reference evapotranspiration -0.998 -24.783 0.000 0.689 

Root depth -0.849 -2.785 0.069 0.091 

Root restricting layer depth -0.996 -19.413 0.002 0.455 

Z parameter -0.996 -18.754 0.003 0.245 

SE 

Borselli ICo parameter -0.996 -11.299 0.003 0.170 

Borselli K parameter 0.999 31.077 0.000 0.891 

C factor 0.999 30.382 0.000 0.855 

K factor 0.998 26.242 0.001 0.502 

P factor 0.998 16.576 0.002 0.215 

R factor 0.999 28.866 0.000 0.643 

SDR 0.999 27.389 0.001 0.571 

Threshold flow accumulation -0.962 -6.080 0.009 0.073 

CS 

Aboveground biomass carbon 0.999 12.561 0.001 0.315 

Belowground biomass carbon 0.980 8.464 0.003 0.174 

Soil organic carbon 0.999 35.572 0.000 0.816 

CP 

Nitrogen rate 0.988 11.202 0.002 0.557 

Phosphorous rate  0.944 4.957 0.016 0.176 
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CHAPTER FIVE 

5. DISCUSSION 

5.1 Change in land use/land cover  

The fluctuations in LULC change observed during the study period are undoubtedly associated with 

growing population pressure. Population numbers in the region increased exponentially where the 

watershed is located (Figure 31). Specifically, the population of the area quadrupled over the last four 

decades; the population density increased from 28 to 115 persons/km2 between 1957 and 2000 (Aklilu 

Amsalu et al., 2007) and continued to grow, i.e., 198 persons/km2 in 2017 (CSA, 2017c). As a result, 

expansion of plantation, settlement and farmland were widespread, leading to a significant decline in 

natural vegetation, grassland, barren land and waterbody. Changes in land policy in the past decades 

might have also contributed to the degradation of natural resources in the area. Massive deforestation 

following the 1975 land reform compelled forest areas to be under public ownership. Large-scale 

replacement of deforested areas with Eucalyptus trees took place under the environmental rehabilitation 

program, set up after major famines in 1973 and 1984/85. Moreover, introduction of the Agricultural 

Development Lead Industrialization (ADLI) policy promoted an expansion of intensive farming 

practices and the use of chemical fertilizers (Aklilu Amsalu et al., 2007) contributing to habitat 

degradation. A decline in soil fertility, resulting from intensive farming, has also forced farmers to 

expand their activities and move to steeper terrain and onto lands that are more marginal.  

The expansion of plantation (consisting of mainly Eucalyptus species) in the watershed area resulted in 

low productivity of cultivated lands due to depletion of important soil nutrients, as supported by Aklilu 

Amsalu et al. (2007). A study by Muluneh Minta et al. (2018), in Dendi-Jeldu, central highland of 

Ethiopia, underscored the causes for rapid expansion of Eucalyptus plantation including high economic 

significance, land degradation, change in land tenure system and past government policy stimuli. The 

economic importance of Eucalyptus plantation is increased due to its market demand and fast-growing 

nature. Farmers have therefore attempted to diversify the type of farming being undertaken in order to 

increase their income (Muluneh Minta et al., 2018). Therefore, the difficulty to obtain energy sources 

such as wood (fuel for cooking and for house construction); land reallocation for cultivation and 

settlement (especially for the younger generation and retired military personnel) appeared to have 
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influenced this phenomenon. This observation aligns with other studies which are conducted in the 

Blue Nile basin of Ethiopian highlands and elsewhere (Jayne et al., 2014; Aklilu Amsalu et al., 2007; 

Tesfa Worku et al., 2016; Hassan et al., 2016; Temesgen Gashaw et al., 2017; Asnake Yimam and 

Amare Bantider, 2019a; Munthali et al., 2019).  

 

Figure 31. Total population and population growth rate (1994-2017), *Source: Ethiopian Central 

Statistical Authority (CSA) 

The Validation of future LULC simulation indicates that CA-Markov modeling is a reliable predictor 

of future LULC in the study area. Studies by Temesgen Gashaw et al. (2017); Asfaw Mohamed and 

Hailu Worku (2020) and Palmate et al. (2017) have also reported a good agreement between simulated 

and classified LULC, thus confirming the  model’s robustness in predicting future LULC changes. 

 

Period Population growth rate (%) 

Debre Berhan town wereda Basona werana wereda 

1994-2007 4.35 0.58 

2007-2014 5.60 1.64 

2014-2017 8.95 1.77 
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During the two projected periods (2017-2032 and 2032-2047), a general trend of LULC changes in the 

Beressa watershed shows that the changes experienced in the recent past decades are likely to continue 

into the future, nevertheless, the rate of overall change is expected to be less than that of earlier periods. 

A study by Temesgen Gashaw et al. (2017), in the Andassa watershed, Blue Nile basin showed that 

areas under cultivation, and those impacted by urban developments, would change at a lower rate in the 

future compared to the past. 

The reduction of valuable natural land covers (e.g. natural vegetation and grassland) and expansion in 

human-dominated land-use activities (expansion of settlement area, artificial plantation and cultivated 

land); strongly suggest that human disturbance will undoubtedly continue to affect future landscape 

functionality. The ongoing expansion of human settlement affects both ecosystem functionality and 

landscape stability through a reduction in water and sediment retention and the loss of local 

biodiversity and regional climatic regulation. Similarly, an increase in the amount of area under 

cultivation can weaken the functionality, stability and biodiversity of ecosystems, as well as negatively 

impacting water regimes, soil quality and erosion rates (Prokopov et al., 2019). The popularity and 

associated rate of expansion of Eucalyptus dominated plantation areas, is high in Ethiopia. This 

adversely affects the region’s hydrological balance, leading to a depletion in soil nutrients, loss of soil 

and biodiversity, all of which impact functionality of an ecosystem (Muluneh Minta et al., 2018). The 

change of important natural land covers alters natural habitats composition and configuration which 

could therefore threaten ecological stability (Prokopov et al., 2019). 

5.2 Landscape structural changes  

Class-level loss and fragmentation have occurred as the watershed experienced a continued loss of 

natural vegetation, grassland and barren land as indicated with a rapid decline of MPS and LPI. With 

the landscape increasingly fragmented, average size of the patches has decreased (Wu, 2009; Xu et al., 

2019). Likewise, larger patches becoming fragmented into smaller patches as LPI decreased overtime 

(Hamad et al., 2017). Aklilu Amsalu et al. (2007) observed the same issue in the study area, noting 

continuous clearing of natural vegetation since 1950s. Many other studies conducted in Ethiopia have 

noted that ongoing deforestation as a major cause of land degradation (Lalisa Duguma et al., 2019). 

High demand for firewood charcoal, and construction materials, and an increased demand for suitable 

cultivation areas were the main drivers for fragmentation of natural vegetation. Barren land and 
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grassland patches were also fragmented due to increased demand of food for the growing population. A 

similar situation is identified in other Ethiopian highland areas (Temesgen Gashaw et al., 2017; Asnake 

Yimam and Amare Bantider, 2019a). 

The increasing trend of MPS and LPI for farmland, plantation and settlement resulted from progressive 

clustering of patches (Liu et al., 2019) and an increase in patches size over time. The highest change 

rate of MPS and LPI in plantation and settlement indicate rapid expansion of plantation and settlement 

patches due to increased population pressure. Degraded areas of cultivated lands were converted to 

plantation patches, while high demand and market value of firewood resulted in the expansion of 

Eucalyptus plantations into fertile and productive lands. This indicates that Eucalyptus plantations are 

also expanding in the area at the expense of cultivated land due to increased cash flow from these 

products, resistance of the tree species to pests and diseases, and the associated low maintenance and 

labor costs. Others have also reported similar findings in the Koga and Mega watersheds of Ethiopia 

(Tilashwork Chanie et al., 2013; Daniel Jaleta et al., 2016).   

One of the main reasons for settlement patch augmentation was land reallocation for young couples and 

retired military personnel (Asnake Yimam and Amare Bantider, 2019a). Socio-economic development 

and industrial growth have resulted in a progressive expansion of urban and industrial areas (e.g. 

industrialization in and around Debre Berhan town). This has resulted in an increase in development in 

the lower sections of the watershed, usually at the expense of existing agricultural areas. The urban 

ecosystem tends to be more complex, including social-biophysical feedback with intense human 

influences. Urban systems alter air and soil quality and lead to significant loss of biodiversity (with 

small patches less likely to support a wide variety of habitats and species) due to increased human 

habitation, construction of artificial structures and loss of natural habitat (Parris, 2018; Walt et al., 

2015).  

The farmlands’ largest LPI and MPS values are indicators of landscape homogeneity thus the result 

clearly suggested the dominance of farmland in the watershed, this being the main socioeconomic, and 

livelihood system of the local communities. This result is in line with Terefe Tolessa et al.(2016), who 

reported that the cultivated category forms large, contiguous patches in Jibat Forest of western highland 

Ethiopia. Terefe Tolessa and Moges Kidane ( 2019) also concurred with this observation, reporting 

similar findings, and suggesting that expansion of cultivated land and settlement is primarily resulted 
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from increased demand of food and shelters. Furthermore, relatively lower increasing rate of these 

metrics in farmland than plantation and settlement attributed to relatively slow expansion of farmland, 

which covered more than half of the watershed before 1972. 

The increasing trend of NP for farmland during 1972-2002, was due to frequent land redistribution in 

the area and intercepted by infrastructures whereas the decreasing of NP during 2002-2017 indicated 

that farmland patches merged to form larger patches (as evidenced by the MPS and LPI trend). Terefe 

Tolessa et al. (2016) noted that cultivated land NP increased because farmers owned many parcels in 

Jibat Forest, Ethiopia. An increase of NP for natural vegetation and waterbody during 1972-1987, 

implies habitat fragmentation and the decreasing trend during 1987-2017 indicates that there was a 

substantial loss of these classes due to increased human interference and high demand for fuel wood. 

The NP increased consistently for barren land, settlement, and grassland during 1972-2017. An 

increase in the grassland and barren land patches indicated that they are under severe anthropogenic 

pressure. This finding corroborates with other studies (Aklilu Amsalu et al., 2007; Walt et al., 2015; 

Tesfa Worku et al., 2016;  Terefe Tolessa et al., 2016). The expansion of settlement leads to the 

changes in composition and functioning of adjacent lands through disturbance impacts (Walt et al., 

2015). As a result, grassland cover adjacent to urban areas in the lower part of the watershed become 

highly susceptible to fragmentation.  

Apart from farmland and waterbody, AI decreased for all LULC covers during 1972-2017. A decrease 

in AI, together with an escalation of NP for the settlement and plantation categories is attributed to 

spontaneous growth of the patches (Hao et al., 2012; Parris, 2018). As NP increased, a decline in AI, 

MPS and LPI for natural vegetation and grassland patches was noted, suggesting fragmentation of 

lands. Patch compactness and reduction in proportional area due to changes in AI can weaken 

connectivity between patches. One would expect a decrease in AI because patches in close proximity 

are generally scarce (Moyo and Zuidgeest, 2018). Farmland appeared relatively more connected; as a 

given land class dominates the landscape, it is expected the patches to be well connected (Gergel, 

2005). Expansion of agricultural land often results in landscape composed of small and isolated natural 

habitats while the fields grow in size and connectivity (Robertson and Swinton, 2005). Landscape patch 

shape (AWMPFD) was relatively less complex than expected and only minor changes occurred over 

the study period, with a simple spatial pattern due to enhanced modification of the landscape by 
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humans. This is supported by Saura and Carballal (2004), McGarigal et al. (2012), and Mears et al.,         

(2019). Herzog et al. (2001) also reported that patches fractal dimension changed only by 4.4% in 

landscape that had also changed considerably due to human influences. The shape of patches is the 

result of soil, initial vegetation conditions, and land use changes and can serve as one of the  predictors 

for the quality of a landscape (Imre and Bogaert, 2004). In general, as the landscape increasingly 

fragmented, the area coverage, the shape index, and patch aggregation decrease (Liu et al., 2017).  

 In the future, landscape pattern change may continue as previous decades with varied change rate and 

overall decline of NP and AWMPFD and increase AI for all LULC types in total during 2017-2047. NP 

may decline due to the possible merging of similar patches and massive area loss. A decline of NP and 

corresponding increase in MPS and LPI indicates a convergence of patches, typically for farmland, 

plantation, settlement, and barren land. This is evidenced by an increase in patches aggregation. The 

settlement patch could assemble together to form villages and towns as shown by Terefe Tolessa et al. 

(2016). As de Groot (2006) explained, different human activities result in the conversion of multi-

functional landscapes into more homogenous human-dominated landscapes. Moreover, the shape of all 

land class patches is expected to be simpler. Human-modified landscape patches may experience 

overall simpler shapes (Uuemaa et al., 2011). 

5.3 Ecosystem service changes in Beressa watershed 

In the study area, the ES indicators varied significantly over the study period. The mean value of HQ 

and CS decreased while SE and WY increased (sediment and water retention decreased) continually 

over the study period. The average CP (wheat and barley) showed a varied trend, as it decreased 

noticeably between 1972 and 1987, and showed consistent slight increasing trend up to 2047, noting 

that the yield is declining as compared to the 1972 production. Therefore, the supply of relevant ESs 

significantly decreased with time and showed high spatial variability. The spatial distribution revealed 

that CS, SE and WY are relatively higher in the upper elevation areas, whereas HQ is lower. 

Meanwhile high HQ levels tended to be located in lower elevation where grassland dominated sub-

watersheds. Spatio-temporal change in ES indicators likely stem from variations in topography, 

vegetation, soil condition, landscape pattern and anthropogenic factors (Daily et al., 2009; Müller et al., 

2010; Li and Zhou, 2015).  
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For example, steep slope and shallow soil depths (Regosol and Leptosol types) in the upper watershed 

area encourage surface runoff, soil loss and SE.  The increase of SE and WY with altitude is related to 

the force of surface runoff, which is likely to enhance soil particle detachment. Consequently, sediment 

transport increased with height and slope increases. This finding agrees with Lulseged Tamene and 

Vlek (2008). Accelerated human activities in the form of vegetation clearance, unregulated farming, 

and uncontrolled grazing have become widespread to meet the increased food demand of a growing 

population. These practices compound the issue of soil erosion in the Beressa watershed. This 

observation is in accord with results reported in the studies by Gete Zeleke and Hurni (2001); Dinku 

Dessalegn et al. (2014) and Yang et al. (2020), which suggested that land impermeability caused by 

vegetation and soil degradation has reduced both water infiltration and evapotranspiration rates. As a 

result, WY has increased in the landscape.  

The InVEST WY model primarily considers precipitation rate and land condition to determine the 

amount of WY (Yang et al., 2020). Despite fluctuations in the rainfall pattern, the study area appeared 

to experience a greater amount of rainfall in recent years than previously. This agrees with the finding 

of Gebrekidan Worku et al. (2019) which evidenced increasing trend of annual and summer rainfall on 

Jemma Sub-Basin. Zenebe Adimassu et al (2014) and Desalew Meseret et al. (2020) also confirmed the 

high correlation between rainfall and runoff volume and also reported that intense rainfall coupled with 

poor land management could possibly exacerbate rainfall erosivity. The role of rainfall in the erosional 

process has been observed by many others in the Ethiopian highlands (Nyssen et al., 2005; Hanibal 

Lemma et al., 2018).  

The magnitude of annual soil loss (38.91 ton/ha/yr) was much higher than the soil erosion tolerance 

threshold in a tropical ecosystem, which is approximately 10 ton/ha/yr (Rose, 1994). The maximum 

tolerable soil loss for various agro-ecological belts of Ethiopia is about 18 ton/ha/yr (Hurni, 1985). The 

average sheet and rill erosion for Ethiopia is estimated at about 29.9 ton/ha/yr (Nigussie Haregeweyn et 

al., 2015). This is, however, lower than the estimated 93 ton/ha/yr loss in the Blue Nile basin and 

Chemoga watershed (Woldeamlak Bewket and Ermias Teferi, 2009) and the approximately 108 

ton/ha/yr loss in the Lake Basaka catchment (Megersa Olumana, 2020). The results of this study was, 

however, comparable with results obtained by  Asnake Yimam and  Amare Bantider (2019b) for the 

Blue Nile basin Bishillo catchment, indicating a loss of 37 ton/ha/yr. The mean annual SE observed 
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(3.82 ton/ha/yr) was also comparable with the values obtained by a study in the nearby central highland 

Gudo Beret area by Tesfaye Yaekob et al. (2020). They measured soil sediment yields ranging from 

1.21 to 9.34 ton/ha. Moreover, the surface runoff and sediment yield did vary seasonally in the study 

area (Tesfa Worku  et al., 2017b).  

Although, there is scanty of information on estimated watershed total carbon stock particularly in 

Ethiopian highlands, the average of past decade CS (141.74 Mg C/ha) is lower than the estimated mean 

carbon stock of 266.68 ton/ha in Hades watershed, eastern Ethiopia (Tessema Toru and Kibebew 

Kibret, 2019), but was higher than estimated total carbon stock mean of 50.94 Mg C/ha in the degraded 

agricultural landscape situated in Amhara region (Beyene Belay et al., 2018),  51.4 Mg C/ha in area 

enclosures with 1-7 years old in  Gomit watershed, northwestern Ethiopia (Wolde Mekuria et al., 

2015), and 16.20 Mg C/ha in untreated area of  Geda watershed, central highlands of Ethiopia (Hailu 

Terefe et al., 2020). This indicates that the finding of this study has a potential to sequester carbon and 

regulate the local climate despite the variation in land use and human intervention among the compared 

watershed. Agricultural land use change is the main driver for loss of carbon stock (West et al., 2010). 

Different studies underscored the role of agricultural landscape for carbon sequestration, under proper 

land management practices including no-tilling, crop rotation, livestock management and agroforestry 

(Lin et al., 2013; Baral et al., 2014; Williams et al., 2018).  

The mean crop yield (0.86 ton/ha) of the current finding is less than zonal (1.18 ton/ha) and regional 

(1.23 ton/ha) estimates (CSA, 2017a;  Alemayehu Seyoum et al., 2011) and simulated mean yield (4.6 

ton/ha) in central Ethiopia (Kindie Tesfaye et al., 2019) for barley and wheat. The studies by 

Alemayehu Seyoum et al. (2011) and Adugnaw Anteneh and Dagninet Asrat (2020) reported that  

regional crop yield showed an increasing trend in recent years.  On the other hand, the study by 

Menberu Teshome (2017), highlighted though the official agricultural statistics indicated fast crop 

yield growth, the result of crop yield index showed very high crop decline and this has been supported 

by farmer’s observation  in Dendia Wereda, Amhara Region.  Farmers in the current study area also 

observed the decline of land productivity and crop yield notwithstanding with CSA report (Aklilu 

Amsalu et al., 2007).   

Not all land use is equal with regard to their ability to supply ESs (Blumstein and Thompson 2015).  

For example, grassland has good ability to keep the quality of habitat, store carbon in their biomass and 
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hold water and sediment as expected. On the other hand, natural vegetation and plantation has higher 

ability to CS and whereas lowest water-related regulating services. Similarly, natural vegetation and 

plantation showed highest and lowest HQ score, respectively. Tessema Toru and Kibebew Kibret 

(2019) observed high mean total organic carbon of 496.26 Mg C/ha in the natural forest. Beyene Belay 

et al. (2018), also found higher mean CS in shrub land (70.1 Mg C/ha) and grassland (56.7 Mg C/ha). 

Maximum CS service found in area with dominant plantation and forest (Spanò et al., 2017). Yang et 

al. (2019) also found high CS in areas where forest cover is high in mountainous area but soil and water 

retentions also high due to lessen human activities. Similarly, watershed forest in steep slopes and high 

elevation favored flood and soil erosion regulation besides high CS capacity, and timber and non-timer 

forest products provisions (Baral et al., 2017).  

Although area with high forest cover contributed more to the provision of multiple services (Gamfeldt 

et al., 2013; Yang et al., 2019),  a disproportionate amount of sediment exported from natural 

vegetation areas can be seen in this work because most vegetation was located in mountainous areas 

with steep slopes, aggravating SE, and vegetation clearance also contributed to sediment yield. Zong et 

al. (2020) also noted that changing patterns of vegetated landscape may actually intensify soil erosion. 

If a vegetation patch takes up only a small area, and patches are disaggregated, then a patch may have 

difficulty retarding any erosional effects. A higher sediment yield rate may indicate that existing 

vegetation cover can retain sediment if effective landscape management is practiced (Bogdan et al., 

2016).  

The watershed has undergone HQ degradation due to the clearance of large areas of natural vegetation 

and grassland because of intense land use change, principally associated with expansion of settlement 

areas, Eucalyptus plantations, cultivated land, degraded land, and infrastructural growth (such as major 

roads) which are major threats for HQ. The decline of HQ imply reduced support of biodiversity (Baral 

et al., 2014) and provisioning related ESs (Bálint et al., 2014). As a result, decline in land productivity, 

increasing water shortages, increased surface runoff and sedimentation become a common problem in 

the area (Aklilu Amsalu et al., 2007; Tesfa Worku  et al., 2017b). 

Farmland showed explicitly high CP, and WY and SE (lower ability to retain water and sediment), 

moderate ability to keep HQ and lower CS. Intensive tillage and less SWC measures aggravates the 

erosion process and low soil nutrient in cultivated land of the study area (Aklilu Amsalu et al., 2007). 
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Continues disturbance of the land through intensive tillage contributed for CO2 emission by causing 

decomposition of soil organic matter and intensify soil erosion (Busari et al., 2015). The result of 

moderate HQ and, high water and SE from farmland is consistent with research conducted in other 

areas, Abreham Berta et al. (2020), for instance, reported that cultivated land cover experiences SE of 

0.01-1.5 ton/ha/yr in Winike watershed of Ethiopia.  In Taihu Lake Basin, China, farmland is the main 

land use type in areas with moderate HQ (Xu et al., 2019). The amount of agricultural soil loss during 

1972-2017 (64.52 ton/ha) is also comparable with other studies such as those conducted by Zenebe 

Adimassu et al (2014) and Asnake Yimam and Amare Bantider (2019b), who reported that mean 

annual soil loss for cropland could be 46 ton/ha and 51 ton/ha, respectively. The study by Tesfaye 

Yaekob et al. (2020) also reported greater soil loss from cultivated land in the absence of soil 

conservation measures.  

5.4 Ecological response of landscape structural change 

Positive correlation of water-related service indicators (WY and SE) with compositional metrices 

(PLAND, MPS and LPI) of farmland, plantation and settlement which indicated that WY and SE could 

increase due to increase of human-dominated land use.  Negative correlation of grassland and natural 

vegetation patch composition suggested that as the area and patch size decreased, the ability to resist 

erosion also decreases. WY and SE also showed significant correlation with NP and AWMPFD of 

natural vegetation, AI and NP of waterbody, NP of farmland and AI of barren land. This indicates that 

the watershed hydrological change appeared to be a combined effect of all categories of LULC, though 

the contribution of individual LULC category varies. Similarly, all the natural vegetation’s landscape 

metrics and PLAND of grassland have strong correlation with HQ and CS. LPI and NP of grassland 

has significant correlation with CS and HQ, respectively, indicated the significant positive role of 

natural and semi-natural habitats for maintaining landscape HQ and carbon sequestration. On the other 

hand, their negative relationship with compositional metrices of farmland and plantation demonstrate 

the CS and HQ decline due to the expansion of cultivated land and Eucalyptus plantation. Negative 

correlation of farmland MPS and LPI with CP, once again confirms the decline of overall crop yield 

despite the increasing of farmland compositional metrics during the study period.  

The result of PLSR factor VIP and weight revealed that HQ appeared to decrease with higher PLAND 

and MPS for plantation and farmland, and lower AI and higher PLAND for settlement cover. As 
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expected, loss of area and patch disaggregation of natural vegetation, waterbody and grassland also 

contributed to the greater HQ loss in the watershed. Habitat fragmentation and poor patch connectivity 

ultimately leads to a decline in HQ (Xu et al., 2019). The degeneration of HQ was attributed primarily 

to anthropogenic activities. Amplification of patch size of anthropogenic habitats and the reduction of 

natural vegetation and semi-natural grassland declined overall HQ. Consequently, biodiversity, 

landscape functions, and various important services were reduced to a greater extent. This finding is in 

accord with other studies conducted elsewhere (Liu and Li, 2010; Xu et al., 2019; Tscharntke et al., 

2012).  

The landscape pattern highly controls hydrological process of the watershed. The landscape pattern 

affects erosion by changing surface characteristics, thereby affecting surface runoff rate, sediment 

yield, and nutrient loading (Shi et al., 2013; Zhang et al., 2019; Zong et al., 2020). Human activities 

associated with the expansion of farmland, Eucalyptus plantation, settlement, and vegetation clearance 

impact WY and SE in the study area. As expected, a higher proportion of farmland (PLAND) was 

associated with the highest WY and SE. This is possibly related to reduce infiltration rate due to low 

vegetation cover and poor soil aggregation stability due to increased cultivation without any 

management measures, including farming on the steep slope and intensive plowing. Significant 

contribution of farmland to erosion and sediment yield also reported in other parts of Ethiopia 

(Gebreyohannes Girmay et al., 2009; Daniel Jaleta et al., 2017;  Abreham Berta et al. 2020) and 

globally (Cerdan et al., 2010; Ouyang et al., 2010; Shi et al., 2014; Borrelli et al., 2020) is also noted. 

On top of that, Zong et al. (2020) reported a positive correlation between LPI and AI of farmland and 

WY. Boongaling et al. (2018) also found that increasing AI for farmland resulted in increased water 

and sediment yields. On the contrary, a negative correlation of farmland AI (Chiang et al., 2019) and 

LPI (Boongaling et al., 2018) with water and sediment yields was reported.  

Similar to other Ethiopian highland areas, Eucalyptus tree is now in increased demand not only because 

it can thrive in marginal land but also its rate of growth, and as a source of high income. The 

Eucalyptus tree's ecological impact is a contentious issue and often claimed to directly or indirectly 

affect soil and water resources (Daniel Jaleta et al., 2017). An essential contribution of Eucalyptus 

plantation for water regime change was probably due to low litter cover and undergrowth vegetation, 

interception capacity of the vegetation during high rainfall, and clear-cutting and disturbed soil 
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(Descheemaeker et al., 2006; Liu and Li, 2010; Obsu Hirko et al., 2016; Desalew Meseret et al., 2020). 

Human activities involving removing litters, foot traffic, and animal trampling makes Eucalyptus stand 

to contribute little against erosion control (Demel Teketay, 2000). Plantation in higher altitude and 

steep slopes is believed to aggravate SE (Thellmann et al., 2019).  Demel Teketay (2000) argue that 

plantation on steep slope can provide effective erosion control through careful management measures 

such as contour planting. Most of the Eucalyptus trees are located in erodible lands of relatively steep 

slope areas and the degraded barren land of the Beressa watershed. Besides barren land, a shift from 

grassland to plantation might also enhance surface runoff and sediment yields (Daniel Jaleta et al., 

2017). Thus, the unregulated cultivation of Eucalyptus trees intensifies the erosion process. In contrast, 

a study by Demesew Mhiret et al. (2019) found a decreased surface runoff by Eucalyptus trees. 

Similarly, Oliveira et al. (2013) reported that erosion decreased as trees' age increased with minimum 

cultivation. The higher VIP values of landscape composition metrics for settlement indicating that the 

settlement expansion's importance on water and sediment yield. During settlement encroachment, lands 

commonly converted to impervious surface such as residential areas, buildings, and roads, which 

decreased water infiltration rate, thereby affecting erosion (Lee et al., 2015). Thus, settlement 

expansion encourages water and sediment yields (Yan et al., 2013).  

Vegetation landscape has functions in regulating hydrological conditions by affecting particle 

transportation through interception (Zong et al., 2020). VIP's value for PLAND, MPS, LPI, and NP of 

natural vegetation and grassland were ˃1 with negative weight value, and VIP of AWMPFD for natural 

vegetation also ˃1, indicating the likely impact of these patches for WY and SE as well. Thus, as the 

size and number of patches decreased, WY and SE increased. Furthermore, as the vegetation patch's 

shape becomes less complicated, it is more plausible that it encourages the erosion process. The result 

confirms that having vegetation cover as the largest patch in size and relatively complicated shape in 

the landscape will have a massive impact on surface runoff and SE reduction. This finding conforms to 

other related studies (Ouyang et al., 2010; Boongaling et al., 2018; Zong et al., 2020). 

Decreasing and increasing of PLAND for natural vegetation and plantation contributed the most for the 

decline of CS, respectively. The other compositional metrics (increasing of LPI for farmland), 

(decreasing for MPS of natural vegetation) and the configuration metrics (increasing of AI for 

plantation and NP for grassland) affects carbon stock of the study area. The change in vegetation has 
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significant contribution for total carbon stock and sequestration process (Jobbágy and Jackson, 2000). 

Deforestation and vegetation clearance for agricultural expansion and fuel wood were the main cause 

for carbon stock loss in Ethiopia (Yibekal Abebe et al., 2013). The size of forest fragments has been 

linked to CS change (Ziter et al., 2014; Chaplin-Kramer et al., 2015). Landscape structural change, in 

general, showed significant contribution to the variation in carbon sequestration (Lamy et al., 2016).  

Besides the change in farmland compositional metrics (LPI, PLAND and MPS), the decline of MPS 

and PLAND for barren land contributed more to the change in CP. The reason for decline could be 

related to the highest transition rate of barren land to farmland in the past.   

Overall average landscape predictor’s contribution for total ES indicators indicated that the variables 

have good explanatory values but landscape composition metrics (PLAND, MPS and LPI) and 

topographic variables (slope and elevation) had greater influence on overall ESs change of the 

watershed than landscape configuration metrics (NP, AI and AWMPFD). This finding aligns with the 

work by Lamy et al. (2016) who reported landscape composition contributed more than landscape 

configuration to variation in ESs. Conversely, Laterra et al. (2012) highlighted landscape configuration 

indices have higher contribution for the change of multiple ESs. Moreover, previous studies 

emphasized the highest contribution of landscape composition for individual ES, for instance, Villard 

and Metzger (2014); Arroyo-Rodríguez et al. (2016); Santana et al. (2017) suggested that landscape 

composition is an important predictor of biodiversity loss. Similarly, change in landscape composition 

metrics accelerates the watershed erosion process (Qiu and Turner, 2015; Chiang et al., 2019). 

Conversely, a study by Liu et al. (2020) found that landscape configuration influences than landscape 

composition on hydrological flows and variations. Likewise, Ouyang et al. (2010), showed that the 

patch shape index (configuration) has a significant impact on erosion and sediment yields. Mitchell 

(2013) also found patch connectivity contributes to the change in CP and CS. 

5.5 Interactions among ecosystem services in Beressa watershed 

Pairwise spatial interactions analysis between ES revealed both positive (indicative of synergy) and 

negative (indicative of tradeoffs) relationships. The synergies among sediment and water retention and 

tradeoffs between climate regulation and crop yield with varied strength detected. Crop yield showed 

significant tradeoff (Renard et al., 2015). Poor management strategies and decisions can cause tradeoffs 

among the ES (Bennett et al., 2009) for instance, massive clearance of natural vegetation for farmland 
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expansion diminished the landscape's capability to regulate climate (West et al., 2010). Provisioning 

services are mostly related to land use choice, but regulating services also depend on management 

decisions (Schirpke et al., 2013). On the other hand, synergic relationship between habitat maintenance, 

sediment, and water retention services relies on a high grassland proportion in the lower part of the 

watershed. Most ES studies identify strong association between different regulating services (Lee and 

Lautenbach, 2016). The spatial concordance of the ESs helps prioritizing conservation measures 

targeting enhanced multiple ESs (Bennett et al., 2009; Su and Fu, 2013). Several studies showed that 

spatial concordance among ESs (e.g., Turner et al., 2007; Nelson et al., 2009) is not ubiquitous (Naidoo 

et al., 2008; Qiu and Turner, 2013). The variation in the degree of spatial concordance, particularly for 

crop yield and climate regulation, suggested that these services may not be good surrogate for others, 

therefore, management plan to address their spatial relationship is inevitable (Qiu and Turner, 2013).  

The temporal correlation among ES during the past and future revealed that the existence of interaction 

shifts with time (Renard et al., 2015). For example, the interaction between provisioning and 

hydrological regulating services shifted from tradeoff to synergy during 1972-2017 and 2017-2047, 

respectively. An inverse correlation between provisioning and regulating services indicated an increase 

in agricultural production results in decline in climate and hydrological service regulation. 

Hydrological regulating services decreased as the land is continuously cultivated and expended to a 

marginal and steep slope where the land is fragile and susceptible to erosion, indicating competing for 

land for space (Yang et al., 2019). Xu et al. (2016) found that enhancing CP might cause an increased 

soil erosion risk. Lee and Lautenbach (2016) also identified the tradeoffs between regulating and 

provisioning services in most ES studies.  

On the other hand, expected positive correlation of crop provisioning and hydrological regulating 

services in the future, probability due to the accumulation of fresh sediment and retained water, may 

enhance crop yield, particularly in lower part of the watershed. The positive correlation between 

agricultural production and regulating services (sediment and phosphorus retention) should not be 

considered as interaction automatically or generalized to other landscape because of the variation of 

influencing factors both in spatially and temporally, for example, hydrological connectivity, altitude, 

and climate variability due to LULC change (Vallet et al., 2018). Li et al. (2017) also found that the 

variation in spatio-temporal interaction among the ESs resulted from the coupling effect of climate and 
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land use change. A significant positive correlation between supporting and regulating services 

explained that habitat with good quality scores enables various services. The importance of biodiversity 

in underpinning the provision of multiple ES and their recurrent positive correlation is well recognized 

(MEA, 2005;  Nelson et al., 2009; Harrison et al., 2014; Yi et al., 2018). 

Most of Moran's I  value of ES supply was more than zero, indicating clustered trends, and a similar 

phenomenon was observed by others (Qiu and Turner, 2013; Chen et al., 2021). The spatial ES bundle 

(horizontal heterogeneity) result revealed that out of the four bundles, the ES hotspots bundle showed a 

high value for most of the services, occupied high grassland proportion. On the other hand, the ES 

coldspots bundle had very low values for most of the services, as shown by Plieninger et al. (2019). 

This bundle occupied highest proportion of plantation and natural vegetation. The contemporary 

rareness of significant hotspots in the study landscape indicated the difficulty of obtaining multiple ES 

from the same area and suggesting conservation priority to halt the loss of multiple services (Qiu and 

Turner, 2013). A consistent increasing rate of coldspot that provided one or two high services and three 

or four low services indicated a decline in the landscape's capacity to supply services and consequent 

degradation of ESs. This signifies the need for restoration interventions. Absence of significant hotspot 

areas during the next 30 years indicated that the ecological degradation will worsen unless immediate 

operable management strategies are undertaken.  

Therefore, ES spatial clustering and their interaction identified the area with similar ES aggregation, 

enabling them to target different management strategies accordingly for the prioritized sites (Qiu and 

Turner, 2013; Yang et al., 2019). Over the last four decades, natural and semi-natural landscape 

habitats were mostly cleared. At present, the study area had a low cover of grassland (5%) and natural 

vegetation (1%), which naturally has a very high ability to supply multiple ESs (Schirpke et al., 2013), 

inconsistent with our finding typical about natural vegetation. Therefore, a high management priority to 

ecological restoration and the protection of the remaining patches to obtain multiple benefits would be 

the most efficient management decision (Bai et al., 2011). Moreover, although farmland contributed an 

insignificant supply to ESs despite crop yield in the study area, there should be agricultural 

management practice to appreciate the services. Because agricultural productivity depends on various 

regulating and supporting services provided by the natural ecosystem and concurrently influence a 

range of ecological functions and services. Managing the agricultural ecosystem means ensuring the 
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provision of food, fiber, and fuel, regulating the water and carbon balance, minimizing natural hazards 

and preserving the landscape aesthetic value (Power, 2010; Schirpke et al., 2013).  

5.6 Implications of this study for ecological management  

An examination of LULC change over the study period (1972-2017) highlighted substantial loss of 

natural and semi-natural landscape units and expansion of a human-dominated land use. These changes 

have the potential to affect land productivity, ecological processes and functions, ecological resilience, 

and ultimately, general human wellbeing. Future land use management plans based on simulated LULC 

maps may prove important in reducing pressure on natural ecosystems and assist in minimizing the 

expansion of human land-use activities, thereby reducing or eliminating any further degradation of 

ecosystem functionality (Halmy et al., 2015). Moreover, assessment of long-term dynamics of 

landscape patterns can provide important insights into the changes in landscape functions that are 

necessary for optimizing resource management strategies. An ongoing landscape structural change has 

negative implications for ecological functions, and processes which could result in reduced ESs 

(Pazurova et al., 2018). For example, the landscape of the Beressa watershed can progressively be 

exposed to high runoff, sedimentation, soil degradation and resource depletion, and subsequent 

reduction in crop yield (Aklilu Amsalu et al., 2007; Tesfa Worku  et al., 2017b) and overall decline of 

ES provisions. Negative consequences resulting from this landscape structural change may accelerate 

in the future, if appropriate strategies are not well conceived.  

The supply of ES declined with time as found in current study area. As most of the services are 

interrelated, a decline in regulating services corresponds to loss of many other ESs (Carpenter et al., 

2009), for example, changes in the provision of soil erosion regulation have the potential to influence 

other ESs, including CS, water purification, water availability, and the provision of habitat for wildlife 

species (Fu et al., 2015). As noted, spatial concordance of ESs often indicates synergies, whereas 

incongruence signifies tradeoffs (Tomscha and Gergel, 2016). Therefore, the interdependency of 

services provided by an ecosystem is crucial from management point of view, to obtain multiple 

services concurrently or to avoid undesirable declines in services (Lee and Lautenbach, 2016).  

Moreover, ES bundles and hotspots analyses can identify areas in the landscape whereby ecosystem 

management has produced maximum benefits through enhancing services.  
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Ecosystem functions and services of degraded land can be restored and rehabilitated through various 

management investments (IPBES, 2018). Although different soil and water conservation (SWC) 

measures, such as construction of bunds, cut-off drains, and fallowing are moderately practiced in the 

area, these SWC investments have weakened over time (Aklilu Amsalu et al., 2007). Similar 

observation made by Gebrekidan Worku et al. (2020) and reported inadequate SWC investments in 

Jemma sub-basin, suggesting the need for optimal measures.  Farmers are increasingly focused on 

expanding cultivation and planting Eucalyptus around their homesteads, farmland borders, and in the 

remaining open space to earn more, instead of efficiently managing the degraded landscape. Such 

activities lead to an increased soil erosion, particularly on steep slopes and decline land productivity 

(Aklilu Amsalu et al., 2007; Tesfa Worku et al., 2017a). 

As mentioned earlier, the results of this work evidenced an ongoing decline of important supply of ES 

provided by the watershed due to increasing human pressure to clear natural and semi-natural habitats 

and expansion of human dominated land use activities. This implies designing optimized resource 

management strategies to amend ecosystem's function. For instance, natural forest patch which is 

predominately located in steep slope area of the current study is a part of the great Wof-Washa forest, 

that proved to have substantial implications for biodiversity conservation and climate mitigation 

(Abiyou Tilahun, 2018). Moreover, as ecosystems are interconnected entities, the impact of ecological 

degradation can be transferred to other areas in the Blue Nile basin of Ethiopia and elsewhere. 

Hydrological ES changes of the study area, in particular will have national and international 

implications because the Ethiopian highlands are potential source of water and sediment supply to the 

Blue Nile and play a key role in the hydrology of the Nile region (Hurni et al., 2005; Roth et al., 2018).  

5.7 Model sensitivity and uncertainty  

The modeled WY showed high sensitivity to precipitation, reference evapotranspiration, and plant 

evapotranspiration, and low sensitivity to changes in root depth and Z parameters. This finding is in 

agreement with previous studies (Sánchez-Canales et al., 2012; Hamel and Guswa, 2015; Redhead et 

al., 2016; Thellmann et al., 2017). The InVEST model is primary depend on precipitation, thus 

parameter related with rainfall data input is expected to influence the output at most. The insensitivity 

for soil and rainfall seasonality characteristics probably related with the model flexibility to accept 

alternative soil data as proxy and the annual basis of the model to simulate the water yield, 
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respectively.  SE was highly sensitive to Borselli k coefficient, and C and R factors, and less sensitive 

to threshold flow accumulation and Borselli ICo, confirming the findings of Thellmann et al. (2017). 

The strong influence of the value of Borselli k coefficient is as it regulates the steepness of the 

landscape (Vigiak et al., 2012). Land cover management factor (C factor) influence is due to the 

assumption of sediment delivery model which primary examine the effect of land use on erosion 

process. The low sensitivity to Borselli ICo inputs might be related with the landscape independence 

characteristics of the variable. The result of InVEST-HQ model high sensitive to threat data (as HQ 

simulated based on the treat status) was supported by Duarte et al. (2016), finding who found HQ 

highly influenced by the habitat threat values. This study finding of CS high sensitivity to SOC (due to 

various land use types of the watershed) was in contrast with the finding of Duarte et al. (2016), who 

evidenced the highest influence of AGB due to the variation of vegetation types and  dominance of 

forest cover.  

An important limitation of this study was its models’ assumptions. Using a simple ecological tool such 

as the InVEST model to determine general HQ has its advantages for data sparse region. However, it 

also includes uncertainties. The model’s biodiversity index focuses on HQ, which favors vegetation 

diversity but lacks detailed vegetation assessment as input (Sharp et al., 2018). This study used NDVI 

data to support field investigation and identify the relationship with HQ. The model also has little 

consideration for other habitat site conditions variables such as climate, soil, water and energy (Gong et 

al., 2019). This study integrated soil degradation index with aboveground habitat condition to define 

habitat suitability. The weight of the threats and sensitivity of the habitat type to the threat sources were 

determined based on expert’s knowledge, consequently some subjectivity was inevitable, although this 

study did incorporate AHP modeling into the process to minimize possible errors associated with these 

judgments and to add objectivity. 

The InVEST hydrology tool also has some limitations. The WY model does not differentiate between 

surface and base flow in the water supply, but assumes that all WY within a pixel reaches the point of 

interest via one of these pathways (Sharp et al., 2018). Despite the potential of the sediment 

connectivity approach, used in the SDR model, to quantify sediment retention services, uncertainty 

associated with prediction may derive from the model’s representation of rill and inter-rill erosion only, 

and exclusion of other sources of sediment delivery like gully erosion, stream bank erosion, and mass 
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erosion. Sharp et al. (2018) suggest that the relative importance of these processes in any given 

landscape needs to be determined. Sheet and rill erosion are the dominant form of erosion observed in 

the study area, as supported by Aklilu Amsalu (2006).  

Besides model uncertainty, this study has certain limitations such as the study area classified into seven 

LULC types.  This resulted in limited ability of detailed evaluation of the ESs dynamics, as emphasized 

by Rimal et al. (2019). Additionally, though the current study area is cropped and grazed ecosystem, it 

can provide variety of services such as pollination, recreation and a range of soil-based services, but the 

current study quantified and mapped five ESs. This study also assessed landscape structural change 

using freely available medium-resolution Landsat data. However, measuring landscape pattern is a 

function of scale, and using high resolution data is important to evaluate the landscape heterogeneity 

appropriately, as metrics involving edge and perimeter can be affected by resolution levels (Cushman 

et al., 2008).  Moreover, higher-resolution analysis of ES provisions prove to be useful to visualize the 

ES hotspots areas (Tapaneeyakul, 2015). Finally, the current study dealt only the supply side of ES 

assessment thus the demand and economic valuation for the service were not evaluated.  
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CHAPTER SIX 

6. CONCLUSION AND RECOMMENDATIONS 

6.1 Conclusion  

The present study indicated that LULC and associated landscape pattern changed substantially between 

1972 and 2017 and it is predicted that these types of change would continue in the next decades. A 

sharp decline in natural vegetation, grassland, barren land, waterbody and a concomitant increase in 

plantation, settlement and farmland land covers were noted. Areas of natural and semi-natural habitats 

were lost and fragmented while the mean patch size of anthropogenic habitats increased. The landscape 

has become human-dominated as a result of rapid LULC change. Farmland is currently the 

predominant LULC with spatially less isolated patches and shows consistent growth in both past and 

future periods. Plantation and settlement patches also expanded and exhibited a pattern of simpler patch 

shape which is expected to be aggregated over time. At the same time, natural vegetation and 

waterbody categories have declined and become more fragmented. Grassland and barren land covers 

have also declined and become more fragmented as the number of patches has increased, indicating the 

natural and semi-natural land covers have reduced with time in the Beressa watershed. 

These changes have resulted in loss of the supply of ESs with a varying degree in space and time. WY 

and SE increased significantly over time, while the capacity of the landscape to control erosion and 

retain sediment decreased. The overall provision of HQ, CS and CP also declined over time. The 

spatial distribution revealed that habitat maintenance, sediment, and water retention showed somewhat 

similar spatial gradient tendencies, high in the west (lower elevation) and low in the east (upper 

elevation), climate regulation displayed the reverse pattern, and high crop yield roughly concentrated in 

southeastern during the first two periods, then shifts to western areas in the later periods.  

The ES indicators also varied among LULC types. Natural vegetation and grassland contributed more 

for HQ and CS, but these services decreasing over time. Plantation also contributed more to CS with 

increasing trend but have low score for HQ. Farmland and plantation areas showed higher WY and 

sediment transport (low hydrological services). The change in the provision of services was strongly 

linked with landscape pattern change and topography. Therefore, landscape composition and 

configuration influence the provision of ESs, though composition is more influential than 



134 

 

configuration. The landscape pattern characteristics (mainly LPI, PLAND and MPS) of anthropogenic 

land had more influence on ESs than the other landscape classes.  

The ES interaction results pointed out spatial and temporal correlative interaction within hydrological 

regulating services and between hydrological regulating services and supporting services. The 

interaction of crop yield with other services changed both in direction and magnitude over the study 

period. Four distinct ES bundles were found across the whole study area. Most of the landscape is 

occupied by bundle 3 and 4, most of the area allied with coldspots that contribute to low supply of ESs. 

ES coldspots increased with time, whereas the ES hotspots decreased, and there will be no area that 

could have very high ESs in the future.  

This study provided new insights into long-term landscape pattern changes and linking this change with 

the supply of ESs in the Beressa watershed.  Observed landscape structural change, a result of large-

scale ongoing modifications to LULC, has several environmental and socio-economic implications, 

including a decline in land productivity, biodiversity loss, all of which are detrimental to long-term 

environmental sustainability. Anthropogenic activities such as expansion of human settlement and 

urban areas, Eucalyptus plantation, overgrazing, deforestation and farming practices will adversely 

impact ESs and disrupt regional ecological balances and processes, unless effective and sustainable 

landscape management plans are designed, implemented and enforced to bring a halt to loss of the ESs 

and allow ecological restoration to occur. Understanding the change in multiple ES provisions and their 

interaction using spatially explicit method also can help to identify where ecosystem protection 

investment can be designed in the future. In general, the results of this study have important 

implications for landscape managers and planners who can integrate findings of this work into 

operational planning processes to limit the negative impacts of anthropogenic activities in landscape. 
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6.2 Recommendations  

The landscape of the Beressa watershed has experienced profound LULC and associated structural 

change since 1972. The area of natural vegetation, grassland, waterbody, and barren land, has reduced 

and the patches become fragmented while the patches of farmland, plantation and settlement increased 

over time. Human-induced pressures are threatening the ecosystem capability to deliver important ESs. 

Therefore, based on the finding of this work, the following recommendations are suggested to strength 

the current management efforts and lessen the anthropogenic threats.  

▪ The ES supply is lower in the upper elevation areas (ES coldspot) particularly the hydrological 

regulating and habitat maintenance supporting services, though the natural forest patches 

predominately situated there, indicating degradation severity in the area. Therefore, there is an 

urgent need of intervention measures such as reforestation using promising indigenous trees and 

strengthening implementation of physical measures including contour ploughing and stone 

terraces.  

▪ Although, the lower elevation areas have better supply of services (ES hotspot) where the 

grassland is predominately located adjacent to urban center, an ongoing decline of the services, 

indicating the need to regulate human activities and reduce the pressure on grassland and degraded 

habitats via planting multi-purpose plants including Phalaris grass and tree lucerne shrubs, which 

has been found to be effective and should be promoted in the study area to mediate ES provisions.  

▪ The rareness of ES hotspot areas and the consistent escalating of coldspot areas, suggests distinct 

management strategies of conservation and restoration based on the landscape habitats' preference 

should be planned to amend ecosystem's function. 

▪ Contribution of landscape composition of anthropogenic habitats (Eucalyptus dominated 

plantation, farmland and settlement) is high for the change in the ESs. The ecological issue of 

Eucalyptus tree is a pressing concern, as it aggravates the erosion process and has poor HQ. 

Therefore, further expansion of such LULC should be controlled to minimize the determinant 

effect via replacing by promising multi-purpose trees and/or mixed species system mainly 

indigenous species proved to be an option to replace the demand for fodder, fuelwood, timber and 

pools.   
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▪  Though the landscape is agricultural dominated area, the productivity of the land has declined 

over time, suggesting integration of agro-forestry practices to sustain the productivity and provide 

alternative source of incomes. 

▪ This study used 30 m Landsat data for assessing landscape structure and modeling ESs, which 

denounce for detail ecological assessment. In future, simulation of ES using high resolution data 

and reanalyzing the metrics using a range of spatial scales is important to better evaluate the ES 

supply and landscape heterogeneity.  

▪ Besides understanding the spatio-temporal changes in ES provisions further research is needed to 

evaluate demand side of the service including socioeconomic assessment for comprehensive ES 

assessment in the area and extend such studies in different part of Ethiopia to design scientifically 

evidenced management interventions and develop comprehensive ecological database in the 

country. 
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LIST OF APPENDICES 

Appendix 1. Accuracy assessment of 1972, 1987, 2002 and 2017 classified images 

 

 Year 

1972 1987 2002 2017 

Allocation disagreement 8.18 7. 96 7.7 6.5 

Quantity disagreement 1.73 1.55 0.6 0.4 

 

 

Appendix 2. Transitional suitability maps used for LULC prediction 

 

* NV: Natural vegetation; PL: Plantation; GL: Grassland; ST: Settlement; BL: Barren land; FL: Farmland and 

WB: Waterbody 
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Appendix 3. Shapiro-Wilk (S-W) Tests of normality for each landscape metrics. Significance level is 

measured at α = 0.05  
Landscape metrics Statistic df Sig.* 

Percentage of landscape (PLAND) 0.926 42 0.135 

 Largest patch index (LPI) 0.973 42 0.718 

Mean patch size (MPS) 0.936 42 0.262 

Area weighted mean patch size (AWMPS) 0.450 42 0.000 

Area weighted mean radius of gyration (AWGYRATE) 0.516 42 0.000 

Area weighted mean shape index (AWMSI) 0.527 42 0.000 

Area weighted mean fractal dimension index (AWMPFD) 0.970 42 0.628 

 Landscape division index (DIVISION) 0.439 42 0.000 

 Effective mesh size (MESH) 0.439 42 0.000 

 Number of patch (NP) 0.921 42 0.185 

 Patch density (PD) 0.916 42 0.005 

 Landscape shape index (LSI) 0.960 42 0.151 

 Aggregation index (AI) 0.958 42 0.728 

 Splitting index (SPLIT) 0.143 42 0.000 

Patch cohesion index (COHESION) 0.853 42 0.000 

* significance level above 0.05 express the normal distribution of the data 

Appendix 4. Map of soil sample point location 
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Appendix 5. Laboratory analytical methods for selected soil properties 

Soil parameters Abbreviation Laboratory examination standards 

Acidity pH-KCl ISO 10390: 2014 (1:2)  (ISO 10390, 2005) 

Soil texture  Bouyoucos Hydrometer Method (Gee and Bauder, 

1986). 

Bulk density BD Core method (Blake and Hartge, 1986) 

Organic carbon OC Walkley and Black method (Walkley and Black, 1934) 

Total Nitrogen TN ISO 11261: 2015 (modified Kjekdahl Method) (ISO 

11261, 1995).  

Available Phosphorus P ISO 11263: 2015 (Olsens Method) (ISO 11263, 1994) 

Cation Exchange Capacity CEC Ammonium Acetate Method (Chapman, 1965) 

Potassium K Mehlich-3 (Mehlich, 1984). 

Field capacity FC Plate pressure extraction method (Dane and Hopmans, 

2002). 

Permanent wilting point PWP Plate pressure extraction method (Dane and Hopmans, 

2002). 

 

Appendix 6. Mean value of selected soil properties and SDI for each LULC in studied area 

 

Soil property 

LULC 

Natural 

vegetation 

Plantation Grassland Settlement Barren 

land 

Farmland 

Sand, % 32 55 20 36 18 24 

Clay, % 42 20 43 34 44 42 

Silt, % 26 25 37 30 38 34 

Bulk density, gm cm-3    1.02 1.20 0.95 1.20 1.00 1.20 

Field capacity, cm3 water/ 

cm3 soil 0.40 0.32 0.39 0.32 0.33 0.33 

Permanent wilting point, 

cm3 water/ cm3 soil 0.24 0.23 0.23 0.19 0.25 0.23 

Cation exchange capacity, 

Meq 100g soil 57.79 25.80 31.38 24.78 26.46 23.18 

pH 4.57 4.34 4.50 4.39 4.57 4.72 

Organic carbon, % 8.49 2.93 3.71 3.32 2.09 1.92 

Total nitrogen, % 0.81 0.18 0.29 0.29 0.18 0.15 

Available Phosphorus, mg 

kg-1 10.20 16.34 11.65 10.84 9.29 18.91 

Sulphate, mg kg-1 23.43 19.63 16.56 19.88 11.72 14.14 

Potassium, mg kg-1 321.95 323.11 213.61 217.30 153.25 268.48 

SDI  -319.17 -150.82 -277.59 -239.88 -170.94 
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Appendix 7. Input data used for HQ model 

 

 

Threats 

Maximum 

distance 

(km)  

Weight  

(0 to 1) 

LULC considered as habitat 

Natural 

vegetation 

Plantation Grassland Farm

land 

Water

body 

   Habitat suitability score 

   1 0.1 1 0.6 0.9 

Habitat sensitivity for threats 

Eucalyptus dominated 

plantation 

4 0.92 0.9 0 0.5 0.8 1.0 

Settlement  5 1.0 0.5 0 0.7 0.4 1.0 

Degraded land  2 0.44 0.8 0 1.0 0.4 0.8 

Cultivated land 4 0.63 0.5 0 0.5 0 1.0 

Roads 3 0.52 0.4 0 0.6 0.5 0.6 

 

 

Appendix 8. Calibration of InVEST model for Z parameter 
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Appendix 9. Biophysical table used for InVEST model water yield run 

LULC categories LULC code LULC_veg Maximum root depth Kc 

Natural vegetation 1 1 5000 1.05 

Plantation 2 1 3000 0.95 

Grassland 3 1 2000 0.75 

Settlement 4 0 500 0.3 

Barren land 5 0 300 0.5 

Farmland 6 1 2100 0.65 

Waterbody 7 0 500 0.9 

 

Appendix 10. Biophysical table used for SDR model 

LULC categories LULC code C factor P factor 

Natural vegetation 1 0.11 1 

Plantation 2 0.10 1 

Grassland 3 0.08 1 

Settlement 4 0.07 1 

Barren land 5 0.07 1 

Farmland 6 0.07 0.19 

Waterbody 7 0.05 1 

 

 

Appendix 11. Input carbon pool values for each LULC used for InVEST carbon model 

LULC  C_above C_below C_soil T_carbon 

Natural vegetation 102.79 20.55 259.641 382.981 

Plantation 50.47 10.09 105.39 165.95 

Grassland 2.3 0.46 105.83 108.59 

Settlement 0 0 99.66 99.66 

Barren land 0 0 62.7 62.7 

Farmland 0 0 69.048 69.048 

Waterbody 0 0 0 0 
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Appendix 12. Descriptive statistics and test of normality for ecosystem service indicators with years 

(a) Normality test 

Statistics Habitat quality Water yield Sediment export Carbon storage Crop production 

Shapiro-Wilk test      

Statistic 0.971 0.953 0.942 0.945 0.985 

df 90 90 90 90 90 

Sig. 0.41 0.13 0.11 0.12 0.749 

(b) Descriptive statistics 

Minimum 0.36 1602.67 0.67 71.05 0.23 

Maximum 0.81 8831.30 13.32 238.26 2.11 

Mean 0.51 5420.49 4.90 124.06 0.87 

Std. Deviation 0.08 2070.10 3.16 35.17 0.32 

Skewness 0.10 -0.17 0.88 -0.13 0.21 

Kurtosis -0.11 -1.00 0.31 -0.19 0.07 

 

Appendix 13. Test of normality and equality of error variances for ecosystem indicators among LULC 

types 

ES 

indicators 

LULC Shapiro-Wilk test Levene's Test 

Statistic df Sig. 

Levene 

Statistic df1 df2 Sig. 

Habitat 

quality 

BL . 6 . 2.540 6 35 .038 

FL 0.914 6 0.466 

GL 0.968 6 0.882 

NV 0.960 6 0.819 

PL 0.703 6 0.007 

ST . 6 . 

WB 0.741 6 0.016 

Water 

yield 

BL 0.894 6 0.342 3.539 6 35 .008 

FL 0.829 6 0.106 

GL 0.868 6 0.218 

NV 0.918 6 0.491 

PL 0.927 6 0.558 

ST 0.858 6 0.184 

WB 0.835 6 0.119 
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Sediment 

export 

BL 0.819 6 0.087 4.635 6 35 .001 

FL 0.897 6 0.357 

GL 0.822 6 0.091 

NV 0.963 6 0.840 

PL 0.846 6 0.146 

ST 0.835 6 0.118 

WB 0.991 6 0.991 

Carbon 

storage 

BL 0.885 6 0.293 4.570 6 35 .002 

FL 0.962 6 0.833 

GL 0.876 6 0.250 

 NV 0.838 6 0.126     

PL 0.927 6 .555 

ST 0.883 6 .283 

WB . 6 . 
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Appendix 14. Transition area matrix (1972-2047) 

 

 

     

    

             

1972-1987 

2002-2017 2017-2032 

1987-2002 

2032-2047 
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Appendix 15. Significant differences among land use classes for ES indicators using Dunn´s test with 

Bonferroni corrections (*p<0.05; **p<0.01; ***p<0.00l) 

ES 

indicators  

1972-2017 2017-2047 

LULC Comparison Z P.adj Z P.adj 

Habitat 

quality 

Farmland and grassland -1.585 0.226 -1.933 0.053 

Farmland and natural vegetation -1.944 0.173 -1.472 0.141 

Grassland and natural vegetation -0.359 0.720 0.460 0.645 

Farmland and Plantation 1.376 0.241 0.828 0.408 

Grassland and plantation 2.960 0.015* 2.761 0.006** 

Natural vegetation and plantation 3.319 0.009** 2.301 0.021* 

Farmland and waterbody -0.538 0.656 -1.565 0.118 

Grassland and waterbody 1.047 0.369 0.368 0.713 

Natural vegetation and waterbody 1.405 0.266 -0.092 0.927 

Plantation and waterbody -1.914 0.139 -2.393 0.017* 

 

 

 

 

 

Water yield 

 

 

 

 

 

 

Barren land and farmland -0.344 0.853 -0.461 0.645 

Barren land and grassland 2.235 0.089 1.053 0.292 

Farmland and grassland 2.579 0.042* 1.513 0.130 

Barren land and natural vegetation 0.301 0.844 1.053 0.292 

Farmland and natural vegetation 0.645 0.681 1.513 0.130 

Grassland and natural vegetation  -1.934 0.139 0.000 1.000 

Barren land and plantation 0.215 0.871 -0.329 0.742 

Farmland and plantation 0.559 0.712 0.132 0.895 

Grassland and plantation -2.020 0.130 -1.382 0.167 

Natural vegetation and plantation -0.086 0.931 -1.382 0.167 

Barren land and settlement 1.547 0.256 1.974 0.048* 

Farmland and settlement 1.891 0.137 2.434 0.015* 

Grassland and settlement -0.688 0.688 0.921 0.357 

natural vegetation and settlement 1.246 0.343 0.921 0.357 

Plantation and settlement 1.332 0.320 2.303 0.021* 

Barren land and waterbody 2.966 0.032* 2.237 0.025* 

Farmland and waterbody 3.309 0.019* 2.698 0.007** 

Grassland and waterbody 0.731 0.697 1.184 0.236 
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ES 

indicators  

1972-2017 2017-2047 

LULC Comparison Z P.adj Z P.adj 

Natural vegetation and waterbody 2.665 0.040* 1.184 0.236 

Plantation and waterbody 2.751 0.042* 2.566 0.010* 

Settlement and waterbody 1.418 0.298 0.263 0.792 

 

 

Sediment 

export 

Barren land and farmland -0.860 0.482 -1.250 0.370 

Barren land and grassland 2.536 0.039* 0.197 0.844 

Farmland and grassland 3.395 0.007** 1.447 0.345 

Barren land and natural vegetation 1.160 0.397 0.921 0.500 

Farmland and natural vegetation 2.020 0.114 2.171 0.126 

Grassland and natural vegetation  -1.375 0.296 0.724 0.547 

Barren land and plantation 0.043 0.966 -0.526 0.662 

Farmland and plantation 0.903 0.481 0.724 0.580 

Grassland and plantation -2.493 0.038* -0.724 0.616 

Natural vegetation and plantation -1.117 0.396 -1.447 0.388 

Barren land and settlement 1.848 0.151 1.250 0.403 

Farmland and settlement 2.708 0.028* 2.500 0.087 

Grassland and settlement -0.688 0.543 1.053 0.472 

natural vegetation and settlement 0.688 0.574 0.329 0.779 

Plantation and settlement 1.805 0.149 1.776 0.227 

Barren land and waterbody 2.794 0.036* 2.171 0.157 

Farmland and waterbody 3.653 0.005** 3.421 0.013* 

Grassland and waterbody 0.258 0.836 1.974 0.169 

Natural vegetation and waterbody 1.633 0.196 1.250 0.444 

Plantation and waterbody 2.751 0.031* 2.698 0.073 

Settlement and waterbody 0.946 0.482 0.921 0.535 

Carbon 

storage 

Barren land and Farmland -0.80 0.454 -0.688 0.491 

Barren land and Grassland -3.00 0.013* -1.606 0.108 

Farmland and Grassland -2.20 0.070 -0.918 0.359 

Barren land and natural vegetation -4.00 0.001** -2.982 0.003** 

Farmland and natural vegetation -3.20 0.010* -2.294 0.022* 

Grassland and natural vegetation -1.00 0.397 -1.376 0.169 
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ES 

indicators  

1972-2017 2017-2047 

LULC Comparison Z P.adj Z P.adj 

Barren land and plantation -2.60 0.035* -3.212 0.001** 

 Farmland and plantation -1.80 0.154 -2.524 0.012* 

Grassland and plantation 0.40 0.689 -1.606 0.108 

Natural vegetation and plantation 1.40 0.242 -0.229 0.819 

Barren land and settlement -1.60 0.205 -1.835 0.066 

Farmland and settlement -0.80 0.489 -1.147 0.251 

Grassland and settlement 1.40 0.269 -0.229 0.819 

Natural vegetation and settlement 2.40 0.049* 1.147 0.251 

Plantation and settlement 1.00 0.433 1.376 0.169 

 

Appendix 16. Estimated mean and total soil loss among LULC types 

Year Output* BL FL GL NV PL ST WB 

1972 MSL 41.94 48.92 23.94 33.55 38.52 30.33 27.61 

 
TSL 116.81 581.11 83.23 67.79 14.61 19.41 5.15 

1987 MSL 40.31 53.43 22.42 35.25 47.36 28.1 22.71 

 
TSL 103.09 694.22 62.35 39.52 40.44 24.96 3.92 

2002 MSL 43.69 71.69 26.28 36.49 43.01 29.87 16.01 

 
TSL 61.98 951.05 77.82 18.19 85.51 32.48 2.36 

2017 MSL 55.7 84.04 35.73 40.62 50.38 37.97 23.76 

 
TSL 50.02 1215.56 39.93 8.27 151.34 57.84 3.73 

2032 MSL 80.48 104.07 62.99 42.33 63.19 38.57 32.43 

 
TSL 45.82 1560.66 51.05 0.54 202.92 65.35 2.36 

2047 MSL 95.48 157.06 81.43 46.29 72.58 42.89 38.67 

 
TSL 39.00 2394.10 35.50 0.05 227.84 89.94 1.64 

Change TSL 
       

1972-2017 -66.79 634.46 -43.31 -59.53 136.73 38.43 -1.43 

2017-2047 -11.02 1178.53 -4.42 -8.22 76.51 32.10 -2.09 

*MSL: mean soil loss in t/ha/yr; TSL: total soil loss kiloton (kt) 
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Appendix 17. Mean value of ES indicators at sub-watershed level 

Year HQ WY SE CS CP Year HQ WY SE CS CP 

1972 0.75 2632.94 1.77 176.44 0.78 2002 0.56 2998.19 2.05 145.60 0.67 

1972 0.53 6165.48 7.95 186.97 0.89 2002 0.51 7163.89 8.25 146.10 0.61 

1972 0.61 2151.85 2.42 181.09 0.70 2002 0.44 2694.00 2.56 141.17 0.46 

1972 0.55 1602.67 0.67 116.90 0.92 2002 0.48 2299.62 0.77 112.75 0.83 

1972 0.51 7406.83 2.78 103.28 1.10 2002 0.52 8386.67 3.07 87.36 1.14 

1972 0.58 5679.31 7.07 191.73 0.91 2002 0.50 6230.49 8.36 151.10 0.67 

1972 0.65 2580.41 3.33 118.65 0.85 2002 0.53 3366.46 3.42 134.13 0.71 

1972 0.61 6570.21 6.33 238.26 0.98 2002 0.48 7411.58 6.85 143.13 0.95 

1972 0.81 2609.57 1.30 208.72 0.96 2002 0.67 3056.66 1.15 194.62 0.38 

1972 0.55 5855.37 2.77 144.21 2.11 2002 0.43 6914.97 3.17 138.70 1.42 

1972 0.47 5850.43 2.74 156.08 1.14 2002 0.49 6833.56 3.18 138.42 1.18 

1972 0.69 2418.46 1.73 173.11 0.98 2002 0.61 2961.44 2.20 141.39 0.71 

1972 0.59 5203.64 2.59 174.38 1.01 2002 0.50 5749.51 3.11 116.46 0.88 

1972 0.49 4742.62 2.74 163.95 0.83 2002 0.42 5328.07 3.75 127.10 0.72 

1972 0.67 5043.05 2.91 149.52 1.00 2002 0.54 5757.98 3.71 127.02 0.78 

1987 0.78 2609.92 2.33 151.78 0.52 2017 0.59 3561.89 2.61 105.74 0.75 

1987 0.47 6386.77 7.82 151.13 0.76 2017 0.47 7427.88 9.66 135.66 0.70 

1987 0.50 2295.74 2.68 151.95 0.23 2017 0.43 3252.99 3.25 136.56 0.43 

1987 0.51 1772.60 0.67 108.73 0.75 2017 0.50 2521.04 0.98 135.82 1.03 

1987 0.51 7625.98 3.16 92.73 0.93 2017 0.50 8561.03 4.53 79.88 0.99 

1987 0.54 5884.45 7.62 202.91 0.86 2017 0.48 6825.91 9.08 165.65 0.60 

1987 0.56 2821.86 3.49 129.45 0.79 2017 0.48 4079.33 4.46 137.14 1.01 

1987 0.54 6849.73 6.63 149.06 1.01 2017 0.42 7771.57 8.57 138.16 0.61 

1987 0.63 2480.88 0.98 151.55 0.79 2017 0.52 3549.49 0.87 139.10 0.78 

1987 0.52 6165.96 3.28 124.23 1.15 2017 0.48 7662.47 4.32 105.01 1.52 

1987 0.49 6124.87 3.24 128.62 0.92 2017 0.49 7557.53 4.37 109.43 1.17 

1987 0.61 2436.70 2.31 138.70 0.66 2017 0.55 3502.84 2.81 107.05 0.97 

1987 0.52 5277.55 2.96 131.15 0.68 2017 0.46 6252.90 4.67 138.49 0.94 
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1987 0.51 4932.73 3.08 131.12 0.54 2017 0.41 5845.83 5.44 144.20 0.74 

1987 0.61 5259.96 3.24 128.75 0.68 2017 0.47 6345.91 5.47 126.46 0.85 

2032 0.57 4418.29 3.79 73.67 1.20 2047 0.57 4654.75 5.86 71.05 1.43 

2032 0.42 7786.36 11.90 94.43 0.38 2047 0.40 7930.65 13.32 93.60 0.31 

2032 0.41 3959.20 4.66 90.98 0.55 2047 0.38 4012.22 6.74 89.22 0.57 

2032 0.50 3124.57 0.98 86.11 1.54 2047 0.49 2996.51 1.03 81.14 1.56 

2032 0.48 8738.16 6.09 86.11 1.05 2047 0.47 8831.30 8.42 84.77 1.11 

2032 0.48 7454.22 10.38 96.40 0.55 2047 0.45 7600.39 12.93 91.41 0.50 

2032 0.48 4961.64 6.19 89.33 1.08 2047 0.45 5051.92 8.51 86.14 1.03 

2032 0.40 8200.29 10.81 92.22 0.46 2047 0.39 8476.35 12.76 92.25 0.44 

2032 0.56 4302.32 0.89 89.26 1.13 2047 0.52 4314.29 1.00 84.99 1.33 

2032 0.48 8620.46 5.83 91.27 1.03 2047 0.48 8679.06 8.08 92.55 0.97 

2032 0.49 8500.15 5.86 90.81 1.00 2047 0.48 8554.09 8.12 92.08 0.94 

2032 0.53 4323.25 4.00 85.12 1.26 2047 0.50 4456.46 6.08 83.00 1.46 

2032 0.46 6878.60 6.17 91.70 0.82 2047 0.44 6905.42 8.49 92.12 0.76 

2032 0.39 6324.58 7.08 92.16 0.52 2047 0.36 6463.74 9.45 90.41 0.44 

2032 0.46 6962.34 7.04 93.44 0.62 2047 0.44 7052.27 9.50 92.85 0.53 
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Appendix 18. Summary of the PLSR model for ecosystem service indicators in Beressa watershed 
(a) Landscape pattern 

Variable R2 R2
cum Q2 Comp. R2X (%)  R2Xcum (%) Q2

cum 

Total 0.77 0.77 0.58 1 88.5 88.5 0.58 

0.16 0.93 0.53 2 5.1 93.6 0.80 

HQ 0.70 0.70 0.63 1 85.7 85.7 0.63 

 0.32 0.89 0.30 2 7.8 93.5 0.93 

WY 0.84 0.84 0.73 1 89.3 89.3 0.73 

0.13 0.97 0.71 2 2.5 91.8 0.92 

SE 0.94 0.94 0.87 1 90.8 90.8 0.87 

0.02 0.96 0.39 2 3.1 93.9 0.94 

CS 0.66 0.66 0.70 1 87.5 87.5 0.70 

0.21 0.87 0.13 2 2.6 90.1 0.83 

CP 0.76 0.76 0.57 1 62.3 62.3 0.57 

0.06 0.83 0.24 2 14.2 76.5 0.68 

(b) Topographic gradient 

Total 0.76 0.76 0.56 1 86.3 86.3 0.56 

 0.07 0.83 0.08 2 5.4 91.7 0.76 

HQ 0.47 0.47 0.43 1 50.3 50.3 0.43 

 0.01 0.48 0.12 2 1.38 51.7 0.51 

WY 0.93 0.93 0.92 1 95.1 95.1 0.92 

 0.01 0.94 0.03 2 2.3 97.4 0.95 

SE 0.61 0.61 0.89 1 83.4 83.4 0.89 

 0.05 0.66 0.04 2 1.3 84.7 0.94 

CS 0.46 0.46 0.42 1 55.1 55.1 0.42 

 0.01 0.47 0.03 2 1.8 56.9 0.53 

CP 0.45 0.45 0.41 1 49.6 49.6 0.41 

 0.03 0.48 0.12 2 1.3 50.9 0.50 

(c) landscape pattern and topography gradient 

Variable R2 R2
cum Q2 Comp. R2X (%)  R2Xcum (%) Q2

cum 

Total 0.80 0.80 0.66 1 90.29 90.29 0.66 

 0.12 0.92 0.42 2 4.62 94.91 0.81 

HQ 0.64 0.64 0.44 1 87.62 87.62 0.44 

 0.28 0.92 0.76 2 5.81 93.43 0.86 

WY 0.92 0.92 0.86 1 89.93 89.93 0.86 

 0.05 0.97 0.46 2 4.32 94.25 0.92 

SE 0.97 0.97 0.91 1 81.34 81.34 0.91 

 0.01 0.96 0.10 2 5.29 86.63 0.90 

CS 0.71 0.71 0.48 1 88.08 88.08 0.48 

 0.26 0.96 0.75 2 6.14 94.22 0.86 

CP 0.75 0.75 0.58 1 85.3 85.3 0.58 

 0..03 0.79 0.04 2 6.87 92.17 0.54 



190 

 

Appendix 19. The ecosystem service indicators mean values determined for each topographic class 

Year Class 

Habitat 

quality 

Water 

 yield 

Sediment 

export 

Carbon 

 storage 

Crop 

production 

1972 LE 0.63 2499.79 2.14 161.06 0.82 

 ME 0.56 4973.50 3.21 166.09 1.26 

 UE 0.65 5869.15 4.44 169.03 0.99 

 GS 0.60 2346.69 1.98 163.01 0.85 

 MS 0.57 4994.74 3.56 166.03 1.16 

 SS 0.63 5921.44 4.29 168.08 1.01 

1987 LE 0.58 2510.23 2.16 137.02 0.58 

 ME 0.53 5044.30 3.33 138.17 1.00 

 UE 0.57 6167.39 5.39 139.17 0.75 

 GS 0.60 2358.02 2.02 137.26 0.59 

 MS 0.53 5180.60 3.55 138.07 0.92 

 SS 0.54 6304.19 4.99 139.01 0.69 

2002 LE 0.52 2831.57 2.03 136.60 0.65 

 ME 0.50 5546.80 3.92 139.48 0.96 

 UE 0.50 7091.00 5.25 134.84 0.80 

 GS 0.54 2714.08 1.87 134.89 0.62 

 MS 0.51 5577.00 4.32 138.15 0.97 

 SS 0.50 7100.56 4.90 134.10 0.82 

2017 LE 0.50 3416.93 2.35 117.78 0.82 

 ME 0.49 5980.82 4.82 126.81 1.03 

 UE 0.41 7638.91 6.64 134.46 0.77 

 GS 0.52 3416.94 2.36 120.89 0.80 

 MS 0.51 5902.78 4.99 129.67 1.08 

 SS 0.46 7531.11 7.30 132.17 0.72 

2032 LE 0.50 4089.52 3.67 84.27 0.97 

 ME 0.49 7211.50 5.56 91.30 0.87 

 UE 0.40 8320.75 8.88 92.87 0.77 

 GS 0.51 4000.62 3.43 84.13 1.01 

 MS 0.49 6512.23 6.45 91.95 0.87 

 SS 0.44 7687.00 8.72 92.68 0.82 

2047 LE 0.48 4249.69 5.49 80.97 0.98 

 ME 0.46 6590.45 7.70 90.76 0.89 

 UE 0.39 8538.75 11.25 92.61 0.79 

 GS 0.52 4179.43 5.11 80.79 1.03 

 MS 0.46 6451.21 8.13 89.47 0.88 

 SS 0.40 8382.11 10.47 92.45 0.80 

LE: lower elevation (2056-2800 m); ME: middle elevation (2800-3000 m); UE: upper elevation (>3000 

m); GS: gentle slope (0-10%); MS: middle slope (10-32%); SS: steep slope (> 32%).  
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Appendix 20. Sensitivity of the output of (a) water yield; (b) sediment export; (c) habitat quality, (d) 

carbon storage and (e) crop production to the input parameters 

 
 

(a) 

(b) 
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