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General Abstract 

Terrestrial vegetation plays a key role in land surface-atmosphere interactions as the primary link 

for moisture (evapotranspiration) and energy (latent) exchange. Consequently, the regional to 

global effects of historical and expected land use/cover changes (LUCCs) due to both natural and 

human factors remains a key subject in environmental research. In the East Africa region, LUCC 

is a key subject as approximately 30% of the region has been converted to cropland or urban areas 

in the recent past. The recent effects of droughts on vegetation dynamics in the region have also 

put a spotlight on the potential effects of climate change on ecosystems in the region. This study 

focuses on the assessment of the vegetation dynamics and effects of land cover changes on the 

water and energy balance in the East Africa. To address the complexity of the research, an 

integrated approach was adopted linking climate observations, remote sensing data on vegetation 

phenology and land surface fluxes, and a land surface model (Variable Infiltration Capacity (VIC) 

model). Satellite-based Leaf Area Index (LAI) observations over the 1982 to 2011 period showed 

a significant increasing trend in about 25% of the region while decreasing trend was recorded in 

4% of the region. The spatial-temporal vegetation dynamics showed varied relationship with both 

climate anomalies and human activities. Long-term vegetation dynamics derived from MODIS 

datasets were used to parameterize VIC model in order to assess the regional sensitivity of the 

surface water and energy fluxes to varying seasonal and interannual vegetation changes. The 

results were compared to globally tested datasets on Evapotranspiration (ET), Latent heat and 

Sensible heat based on FLUXCOM global datasets on surface energy balance as well as MODIS 

evapotranspiration data. The adoption of vegetation parameter values varying spatially and in time 

indicated a more realistic representation of the water and energy fluxes in the region. Across the 

region, the variations in vegetation parameters is found to impose higher standard deviation on 

mean annual sensible heat (0.3 Wm-2) than on latent heat (0.03 Wm-2) but generally has small 

effect on ground heat (0.02 Wm-2). However, the percentage of positive variance imposed on 

ground heat by varying vegetation parameters across the region is higher (33%) compared to 13% 

and 14% for ET/latent heat and sensible heat, respectively. Using the newly configured VIC model 

for east Africa, effects of LUCCs were simulated mainly focusing on the potential effects of 

increased tree cover through afforestation or/and reforestation efforts on regional LAI, FVC and 

albedo. The land cover changes were simulated using the Dynamic Global Vegetation Model with 
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managed Land, (LPJmL4) with parameters adapted for the east Africa region. This approach 

allowed for simulation of increased spread of tree cover in bare areas and areas covered by shrubs 

and grass, while accounting for habitat suitability for growth of different tree vegetation types. The 

simulated increase in tree cover across the region showed potential increase in mean LAI and 

fractional vegetation cover by 1.5 m2/m2 and 0.16 respectively, while albedo decreased by 0.02 

averaged across the region. The simulated changes in the water balance due to increased tree cover 

were mainly linked to the increased transpiration and canopy evaporation as well as decrease in 

soil evaporation. Particularly, increased tree cover led to increased latent and sensible heat while 

land surface temperature and canopy temperature decreased by -1.0°C and -1.9°C respectively. 

Based on the findings of the study, increasing forest cover in the region will play a pivotal role in 

climate change adaptation by inducing a highly needed local cooling effect. However, there is still 

need for extensive analysis of the potential impacts of natural and human-induced vegetation 

dynamics in East Africa at a much smaller scale. This will particularly require reduced 

uncertainties in the region’s assessment studies particularly through better parameterization of 

small-scale variations in vegetation as well improved regional constraining of land surface models 

using multiple datasets.  
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Chapter 1: Introduction 

1.1 Background of the research 

Sustainable management of natural resources is a critical component in the achievement of 

effective livelihood systems, particularly for the communities most vulnerable to climate change 

impacts. Among the critical environmental challenges that many communities must address 

include the Land Use and Land Cover Changes (LULCCs) not only due to their mark on the global 

environmental change but also because of their effects on ecosystem vulnerability which pose 

severe impacts on community livelihoods (Olson et al., 2008). Such changes are evident not only 

in local to global vegetation phenological dynamics, but also through the biophysical and 

biogeochemical feedbacks between the land surface and the atmosphere. As noted by Lambin et 

al. (2003), during the 1990’s approximately 16.1 million hectares of the world’s natural forests 

were lost by per year on average.  

Changes in the structure and density of vegetation through land cover conversions causes dramatic 

modifications of the water and energy budgets. This occurs through alterations in the biophysical 

landscape characteristics such as, leaf area, fraction vegetation cover, surface roughness, and 

canopy conductance at varying spatial and temporal scales (Anderson et al., 2011; Li et al., 2015b). 

These changes have been associated with biophysical effects composed of both radiative forcing 

(due to changes in albedo) and non-radiative forcing (due to changes in the hydrological cycle 

through evapotranspiration rates) on local and regional climate (Davin and de Noblet-Ducoudre, 

2010). For instance, compared to rangelands and croplands, forests have lower albedo and more 

heterogeneous canopies, thus they absorb more sunlight and allow air mixing.  

In addition to the direct impacts on the local to regional latent and sensible heat fluxes, LULCC 

has shown significant impacts on the magnitude of turbulent energy fluxes by altering surface 

temperatures through changes in evapotranspiration and surface roughness (Davin and de Noblet-

Ducoudre, 2010). These competing biophysical effects of LULCC not only vary spatially but also 

seasonally, with the magnitude of warming or cooling being conditional to the specific vegetation 

change and background climatic conditions (Duveiller et al., 2018c). What’s more, the biophysical 

effects of LULCC on global climate have shown comparable magnitudes to the biochemical 

effects, as demonstrated in previous global modelling studies (Davin and de Noblet-Ducoudre, 
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2010; Devaraju et al., 2015; Pongratz et al., 2010). Consequently, it has been recommended that 

the biogeochemical considerations mainly adopted in the crediting of forestry projects should be 

expanded to include the potential biophysical effects of such projects.  

1.2 Problem statement  

In east Africa, political, economic, demographic, and social factors have been linked to widespread 

changes in land use/cover, and this is projected to continue. Much of the land that was previously 

covered by natural ecosystems has been cleared to create room for farmlands, grazing lands, human 

settlements and urban areas, thus posing a threat to the ecological systems in the region (Brink et 

al., 2014; Jacobson et al., 2015; Maitima et al., 2009; Pricope et al., 2013). As reported by Jacobson 

et al. (2015), approximately 30% of the region has been converted to cropland or urban areas, with 

Burundi and Rwanda showing the highest proportions, 85.99% and 82.27% respectively. Between 

1990 and 2010, Brink et al. (2014) found that agricultural area in East Africa (comprising Djibouti, 

Eritrea, Ethiopia, Kenya, Somalia, Sudan and Uganda) increased by 28% with an alarming shift in 

the rate of deforestation from 0.2% per year in 1990-2000 period to 0.4% per year in 2000-2010 

period. Pricope et al. (2013) addressed the spatial interaction between climate, vegetation 

variations and degradation, and population density changes in the East Africa Horn’s pastoral and 

agro-pastoral livelihoods zones. They established a potential long-term degradation of rangelands 

mainly due to population pressures and land use change.  

The trade-off in the LULCC for supply of food and fiber is the biophysical impacts on the surface 

water and energy balance (Li et al., 2015b, 2016; Prevedello et al., 2019). The capacity of 

ecosystems to supply food for human consumption is influenced by the exchange of water and 

energy fluxes and therefore, the long-term productivity of these ecosystems is affected by LULCC. 

Due to the high dependence of livelihoods on rain-fed agriculture, there is high vulnerability to 

extreme negative effects of climate change in the region (Ayana et al., 2016; Grace et al., 2014; 

Pricope et al., 2013). 
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1.3 Justification of the study  

Despite the wide range of existing research on the impacts of LULCC, the east Africa region has 

not been adequately studied. Although the basics of the influence of land surface on water and 

energy balance are considerably well known, the fragmented and dynamic landscape patterns in 

East Africa pose substantial challenges and uncertainty in assessment of the potential regional 

biophysical effects of LULCC. The vegetation dynamics in this region are characterized by highly 

transient systems which are mainly vulnerable to not only herbivore pressure and fire regimes but 

also human activities and climate change (Pfeifer et al., 2012). Given the spatio-temporal 

complexity of the radiative forcing of LULCC, efficient and reliable regional assessments are 

crucial for adaptive management amid rapid socio-economic and environmental changes. 

1.4 Research objectives 

1.4.1 General objective 

The overall goal of this study was to assess the impacts of land cover change on water and energy 

balance in East Africa.  

1.4.2 Specific objectives 

i. To assess the spatio-temporal patterns and trends in vegetation dynamics in east Africa 

region using time series data derived from Earth observations 

ii. To evaluate the water and energy fluxes in east Africa region using the Variable Infiltration 

Capacity (VIC) model and an improved parameterization of land surface heterogeneity 

iii. To assess the impacts of land cover changes on the water and energy balance in East Africa 

1.4.3 Research questions 

i. Are there any trends in observed vegetation dynamics, and how do they relate to climate 

anomalies in East Africa? (Chapter 3) 

ii. Can we simulate the current water and energy balance in East Africa better using an 

improved parameterization of spatial and temporal land surface heterogeneity? (Chapter 4) 
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iii. What are the potential impacts of land cover change on water and energy balance in East 

Africa region? (Chapter 5) 

1.5 Thesis outline 

This thesis is structured into six chapters with the first chapter providing a general 

introduction of the research. Chapter 2 provides a review of literature related to the research topic. 

Chapter 3 addresses the first objective, namely the spatio-temporal patterns and trends in 

vegetation dynamics in east Africa based time series data derived from Earth observations. Chapter 

4 addresses the second objective that is use of the Earth observations to parameterize vegetation 

dynamics in a land surface model for simulation of water and energy fluxes. The model was 

adapted to realistically reproduce the water and energy fluxes in the region by replacing the default 

climatological statistic vegetation parameter values with time and spatially varying Leaf Area 

Index, Fractional Vegetation Cover, and albedo derived from various MODIS products covering 

the period 2001 to 2011. Chapter 5 addresses the third objective that is assessment of land cover 

change impacts on regional water and energy balance. The last chapter provides a general 

discussion and conclusions of the study based on the posed research questions.  
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Chapter 2: Literature Review 

2.1 Introduction 

The increasingly changing environmental conditions calls for enhanced capacity to both monitor 

and predict alterations in the carbon and water cycles. Consequently, significant efforts have been 

exerted on the monitoring and modelling of surface water and energy balance at local, regional 

and global scales (Hibbard et al., 2010; Mallick et al., 2014; Pitman, 2003; Renner and Bernhofer, 

2012). Over the past decades, land surface characteristics have been widely recognized as a crucial 

factor in the regulation of the local, regional and global land-atmosphere exchanges (Anav et al., 

2010; Delire et al., 2011; Foley et al., 1998, 2000; Lee et al., 2015; Snyder et al., 2004). In the soil-

vegetation-atmosphere interface, vegetation plays a key role in regulating biophysical and 

biogeochemical processes and facilitates complex feedbacks varying in space and within a range 

of timescales (Arora, 2002; Berry et al., 2016; Donohue et al., 2006; Xin and Liu, 2010). 

2.2 Modelling land surface water and energy balance  

2.2.1 Role of remote sensing data 

The monitoring and simulation of water and energy balance components require long-term data of 

the biochemical and biophysical variables. Measurement of these components at scales relevant to 

decision makers has been identified as key area of interest (Verma et al., 2015; Williams et al., 

2009). Even with access to point measurements, mapping of these quantities at a regional scale is 

limited as the heat and moisture fluxes across the land-atmosphere interface vary over a range of 

spatial and temporal scales due to the large heterogeneities in the land surface. Numerous data 

collection campaigns and inter-comparison studies have been carried out in the recent past which 

sought to promote eco-hydrological studies through access to datasets at regional and global scales.  

Satellite remote sensing has evolved into an exceptional data source for calculating and validating 

simulated water and energy fluxes at scales relevant for decision making. In the recent past, time 

series datasets for various biophysical variables spanning 30+ years at various spatial and temporal 

resolutions have been developed and used to evaluate land surface-atmosphere interactions at 

regional, continental and global scales (Fensholt and Proud, 2012; Zhu et al., 2013). The 

availability of long-term, repetitive satellite-derived datasets has greatly improved the monitoring 
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and characterization of the land surface at varying spatial and temporal scales (Peng et al., 2012; 

Zhu et al., 2013). Multispectral band combinations of these datasets have aided the retrieval of 

long time series of land surface variables widely used to examine trends in vegetation dynamics at 

global, regional and national scales (Bao et al., 2014; Julien and Sobrino, 2009), as well as the 

impacts of vegetation on water and energy flux (Hu et al., 2009). Routine estimates of 

precipitation, land surface temperature and emissivity, snow water equivalent and soil moisture, 

vegetation phenology and land cover change can be readily obtained from data acquired by passive 

and active sensors orbiting the earth (AghaKouchak et al., 2015; Lakshmi, 2013). This availability 

of multiple datasets has facilitated water and energy balance studies by increasing the types and 

number of observations linked to surface parameters that are useful in estimating the land surface-

atmosphere interactions (Li et al., 2015a). 

2.2.2 Application of land surface models (LSMs) 

In the recent past, LSMs have advanced in complexity and applicability in increasingly higher 

resolutions which has been occasioned by availability of remote sensing data. The present day 

LSMs have evolved through three distinct generations from the simple bucket model to advanced 

multilayer soil and plant canopy models (Pitman, 2003; Sato et al., 2015; Yang, 2004; Zhao and 

Li, 2015). The advances in the development of LSMs is marked mainly by the representation of 

the carbon cycle and the close coupling of the water and heat exchanges on the land  surface 

including withing canopy and bare areas (Sellers et al., 1996). This coupling of water and heat 

fluxes and CO2 was occasioned by the optimization role played by physiological control of 

evapotranspiration by plants to minimize water loss by closing stomata and maximize carbon 

fluxes by photosynthesis. In addition, consideration of subgrid-scale variability of land surface 

characteristics such as elevation, soils and vegetation as well as precipitation is a key highlight in 

development these models (Bohn and Vivoni, 2016; Guillevic et al., 2002) . Such subgrid 

variations are likely to affect the accuracy of the simulated surface water and energy budgets by 

accounting for key non-linear physical processes in the land surface-atmosphere interface. Other 

crucial developments include a more optimized integration of a cascade of physical and biological 

processes on the land surface with varying intrinsic time scales through asynchronous coupling 

thus integrating faster and slower land surface processes (Fatichi and Ivanov, 2014; Ivanov et al., 
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2008). However, the appropriate level of complexity, scales and trade-offs in representation of 

various process in LSMs is still under discussion. 

In LSMs, the surface water balance is expressed as follows (Deng et al., 2015): 

𝑃 = 𝐸 + 𝑅 +    (2.1) 

Where P, E, R and dS/dt, are precipitation, evaporation (comprised of evaporation from soil and 

canopy, and transpiration), runoff, and change of water storage. The water budget in the land 

surface is mainly controlled by the atmosphere and vegetation/soil through precipitation and 

evapotranspiration respectively. During high soil moisture conditions, the atmospheric moisture 

content in the near-surface determines the potential evaporation. When the soil moisture drops 

below a certain level, physiological mechanism in vegetation reduce water supply from the root 

layer to the atmosphere thus reducing potential evaporation. During additional precipitation when 

soil is dry, infiltration is high up to a certain threshold when runoff is generated (Liang et al., 1994; 

Milly et al., 2014). The ET is mainly driven by not only net radiation and an advection factor given 

by the saturation deficit but also by physiological control by plants (Bohn and Vivoni, 2016). Thus, 

ET acts as a crucial link between the water and energy balance. The various ET components are 

simulated based on the Penman-Monteith equation as follows: 

𝐸 =
( ) /

(∆ )
  (2.2) 

Where ∆ is rate of change of saturated vapor pressure with temperature, 𝑅  is net radiation, 𝐺 is 

ground heat flux, 𝜌  and 𝑐  are density and specific heat capacity of dry air, respectively, 𝛿  is 

vapor pressure deficit, 𝑟  and 𝑟  are aerodynamic and canopy resistances, respectively, and 𝐿  is 

latent heat of vaporization. The canopy resistance is calculated as 𝑟 =  𝑟 + 𝑟 , where 𝑟 is the 

architectural resistance linked to the canopy structure and 𝑟  is the aggregate stomatal resistance 

(Bohn and Vivoni, 2016; Guo and Shen, 2015b; Liang et al., 1994). 

On the other hand, the energy balances for wet and dry canopy as well as bare soil are used to 

calculate surface temperature and the sensible and ground heat fluxes. Given a moderately 
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homogeneous surface, the energy balance equation for a layer of the air column from ground 

surface to given height in the atmosphere can be expressed as:  

𝑅 =  𝐻 + 𝜌 𝐿 𝐸 +  𝐺 + ∆𝐻    (2.3) 

Where 𝑅 is the net radiation, 𝐻is sensible heat flux, 𝜌 is the density of liquid water, 𝐿  is the 

latent heat of vaporization, 𝜌 𝐿 𝐸 is the latent heat flux, 𝐺 is the ground heat flux and ∆𝐻  is the 

change in the energy storage in the layer for a given duration over a given unit area. The 

distribution of net radiation into sensible, latent and soil heat fluxes is influenced by multifaceted 

inter-dependent processes in the soil-vegetation-atmosphere continuum. Soil heat fluxes are 

mainly influenced by soil moisture and thermal characteristics of the soil matrix. The net radiation 

is given by: 

𝑅 = (1 − 𝛼)𝑅 + 𝜀 ∙ (𝑅 − 𝜎𝑇 )   (2.4) 

Where 𝛼 is the albedo of the land surface cover and represents the fraction of the solar radiation 

reflected by the surface, 𝑅  is the downward shortwave radiation, 𝜀 is the emissivity of the land 

surface cover, 𝑅  is the downward long-wave radiation, 𝜎is the Stefan-Boltzmann constant and 𝑇  

is the temperature of the wet canopy, dry canopy, or bare-soil surface. 

Based on the several reviews on the evolution of LSMs, a few conclusions can be drawn. Across 

the different model structures, only the vertical interactions of the land surface process are well 

parameterized hence they can be regarded as one-dimensional with little or no explicit horizontal 

interactions between grid cells. The “big-leaf” approach is the commonly used which basically 

assumes a homogenous surface type per grid cell (Overgaard et al., 2006). This approach does not 

capture the surface heterogeneities. In addition, the number and areal coverage of vegetation types 

and their associated secondary parameters (e.g roughness length, zero-plane displace height, leaf 

area index, canopy height, minimum stomatal resistance) within a grid cell are often prescribed 

using static monthly estimates. The choice of any model is often a function of trade-offs between 

desired realism and complexity. Realistic and consequently complex models provide more realistic 

outputs at a cost of immense number of parameters which should be accurately estimated at the 
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scale of the application. Contrary, simple models require less parameters, data and computational 

demand but their outputs require extensive calibration (Overgaard et al., 2006). 

2.2.3 Parameterization of surface heterogeneity in LSMs 

The current climate research challenges have led to the development of various land surface-

atmosphere schemes to realistically simulated land-vegetation-atmosphere exchanges of water and 

energy for global and regional climate modeling (Lin and Brunsell, 2013; Maneta and Silverman, 

2013). The advancement in the LSMs has mainly focused on varied complexity in the 

representation of the different components of the soil-vegetation systems. This includes the 

changes in the number of soil and vegetation layers, grid resolution, description of bio-physical 

and physiological processes as well as the numerical approaches used (Bronstert et al., 2005).  

Generally the land-atmosphere interactions are characterized by a wide range of spatial and 

temporal scales that are highly influenced by the spatial distribution of land surface properties 

(Giorgi, 1997; Stoll and Porte´-Agel, 2009). Heterogeneities in land surface should therefore be 

explicitly considered in any efforts to realistically simulate the partitioning of water and energy 

balance components. According to Giorgi and Avissar (1997), land surface heterogeneities come 

in form of variations in ecosystem diversity thus different vegetation cover/surface types, terrain 

morphology, soil characteristics, and climatic forcing.  

The traditional lumped model concept assumes that the spatially variable inputs and parameters 

are homogeneous. Thus, the applicability of lumped-surface parameterizations is undermined as 

the model response is highly dominated by parameterizations of inputs and parameters at sub-grid 

scale. An ideal land surface parameterization must both efficiently account for all of the dynamic 

interaction between the land surface and the atmosphere at sub-grid scale and be computationally 

realistic. Several studies comparing simulations with and without consideration of subgrid-scale 

heterogeneity have proven the sensitivity of simulated fluxes to the details of how these variations 

are represented in very patchy surfaces (Albertson et al., 2001; Arola and Lettenmaier, 1996; 

Esserya et al., 2003; Guillevic et al., 2002; Koster and Suarez, 1992a; Kure et al., 2011). 

Surface heterogeneity can be addressed using approaches ranging from averaging techniques to 

tile or mosaic approach (Su et al., 1999).  A multiplicity of studies has been published on different 
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averaging techniques which can be used to obtain effective or aggregated parameters to account 

for the non-linear effects of surface variations (Albertson et al., 2001). Parameter aggregation 

methods include using either the most prevalent parameter or a weighted mean of the parameters 

for all surface types within the grid cell to define the effective parameters used in the simulation 

(Giorgi and Avissar, 1997). To account for local nonlinear processes, additional weighting 

functions can be included in the parameter averaging (Lhomme, 1992). In addition, theoretical 

basis for an appropriate parameter averaging can be derived for some parameters. An example is 

use of the concept of blending height to estimate area-averaged roughness (Claussen, 1991). 

The statistical dynamical approach is another commonly used aggregation method which assumes 

that surface variations in vegetation, soil and climatic conditions can be described by distributions 

that can be approximated by probability density functions (PDFs) (Avissar, 1992; Kure et al., 

2010). The surface fluxes for the grid cell are then estimated by numerical or analytical integration 

of non-linear terms over the appropriate PDFs. The efficiency and computational cost of this 

approach is particularly compromised if it is applied to the full set of N parameters in state-of-the-

art LSMs which would require numerical solution of integrals of order N and the solution of the 

whole system over IN intervals. According to Giorgi and Avissar (1997), three strategies can be 

adopted to circumvent these challenge. First, based on the assumption that heterogeneity of key 

parameters is more instrumental than full depiction of biophysical processes, the original set of 

equations in LSMs can be simplified and the number of independent parameters reduced. 

Alternatively, the LSMs can be drastically simplified to allow full analytical integration of the 

model equations over the PDF. The third strategy entails maintaining the entire set of LSM 

equations and PDF integration only for a few critical variables and over some of the non-linear 

terms in the equations.  

In conditions of moderate heterogeneity, area-averaged effective parameters can be adequate in 

representing surface heterogeneity.  However, in highly heterogeneous areas, the more detailed 

mosaic, mixture and explicit sub-grid approaches can be used (Seth et al., 1994). In the mixture 

approach, a tightly coupled mixture of surface types is assumed for an entire grid cell thus 

accounting for small scale variations in the horizontal and vertical structure of the surface resulting 

in an homogeneous interface layer (Giorgi and Avissar, 1997). However, as surface fluxes mix in 
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the interface layer prior to interaction with atmosphere, the dominant sub-area is likely have more 

effect leading to unrealistic fluxes. The mosaic approach overcomes this challenge. In the mosaic 

approach, similar vegetation within a grid cell is regrouped into patches which are assumed to be 

completely covered by the particular vegetation. The patches have independent connections with 

mean grid cell atmospheric forcing and the separate water and energy balances are computed for 

each patch and area-weighted mean fluxes calculated for the grid cell. Due to the non-linear 

dependence of surface fluxes on land surface characteristics, fluxes calculated separately for sub-

grids/tiles lead to improved predictions and reduced uncertainties in large-scale applications (Bohn 

and Vivoni, 2016; Guo and Shen, 2015b). This helps to achieve horizontal complexity and to 

increase physical rationality of the simulated water and energy fluxes. 

Both the mosaic and mixture approaches assume a well-mixed atmosphere hence same 

atmospheric forcing is used across the grid cell. Unlike these approaches, the explicit sub-grid 

approach developed by Seth et al., (1994) allows spatially varying atmospheric forcing within a 

grid. In addition, the similar vegetation patches are not regrouped but instead a higher resolution 

grid is defined with each sub-grid consisting of single vegetation type or bare soil. This approach 

therefore maintains the spatial location of the sub-grids hence spatially varying atmospheric 

forcing can be applied in a physically realistic manner. This is the ultimate strength of this 

approach since the memory of sub-grid water and energy budgets is maintained across time scales 

thus ensuring the consistency in the time evolution of surface fluxes. The patches used in the 

mosaic and explicit sub-grid approaches are assumed to be homogeneous yet some of the some of 

the characteristics such as roughness lengths and stomatal resistances are obviously heterogeneous. 

To account for these intra-patch variations, a continuous rather than discrete representation is 

required hence the statistical–dynamical approach can be used (Avissar, 1991, 1992; Giorgi, 1997; 

Giorgi and Avissar, 1997; Xinmin et al., 2000). As noted by Avissar (1992) and Brunsell et al. 

(2011), spatial heterogeneity is fundamentally a question of grid scale with reference to modelling 

and observation resolution. A large grid cell allows counter balancing feedback mechanisms in 

different cover types while, on the other hand, large grid size leads to complications in the 

parameterization of key dynamical processes in the land surface. 
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2.3 Biophysical impacts of vegetation dynamics  

Among the most prominent impacts of human activities is the modification of the land surface 

through extensive land cover changes, mainly involving the conversion of forests to grassland and 

cropland (Pongratz et al., 2008). Changes in in land cover properties have been linked to 

widespread biochemical and biophysical effects with the potential to influence the earth’s 

ecological and environmental systems at varying spatial and temporal scales (Bright et al., 2017; 

Devaraju et al., 2015; He et al., 2014; Lucia et al., 2017). Vegetation plays a crucial role in the 

land-atmosphere interface through the regulation of exchanges of water, heat, radiation and 

momentum. The need to address the increasingly inevitable effects of climate change has therefore 

been accompanied by an increasingly mounting interest on the role of ecosystems in mitigating 

climate change impacts. In addition, land cover change has been shown as a major threat to the 

strength of ecosystems as carbon sinks and threatens to transform these ecosystems into sources 

of greenhouse gases, thus accelerating global warming. Therefore, reforestation and/or 

afforestation have been recommended as key strategies for climate change mitigation due to their 

immense potential in rising and conserving the regional and global terrestrial carbon pools. 

However, most of the studies addressing this subject have mainly adopted a carbon-centric 

perspective in evaluating the role of different ecosystem properties in climate change mitigation 

(Quéré et al., 2018; Sleeter et al., 2018). On the contrary, the biophysical implications of land 

cover change, particularly at the local to regional level, have been largely overlooked.  

The evaluation of the biophysical effects of vegetation on surface fluxes based solely on 

observations is still a challenge. Multiple studies have applied satellite-based approaches to assess 

the present-day vegetation impacts on global or regional surface fluxes (Abera et al., 2019; 

Duveiller et al., 2018c; Li et al., 2015b; Prevedello et al., 2019). On the hand, contribution of land 

surface models’ applications is immense in the current understanding of how vegetation dynamics 

affect surface fluxes in different regions across the globe (Chen et al., 2012; Duveiller et al., 2018b; 

Forzieri et al., 2018). In these studies, the main mechanisms proposed to explain the biophysical 

effects of vegetation are LAI, albedo, evapotranspiration (ET) and surface roughness. While the 

spatial and temporal vegetation dynamics are highly controlled by climatic conditions, the 

vegetation also influence climate through bio-geophysical and biogeochemical mechanisms. 
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Therefore, land surface properties present a high potential to drive not only the local climate but 

also regional to global atmospheric processes thus regulating the climate through multiple positive 

and negative feedbacks (Duveiller et al., 2018b; Forzieri et al., 2018). As noted by Bonan (2008), 

land cover changes modify surface properties such as leaf area index (LAI), fractional Vegetation 

Cover (FVC), albedo, surface roughness, vegetation height , among others, which in turn affects 

surface fluxes of moisture, energy, and momentum. Figure 2-1 shows the main local feedbacks 

involved for changes in physical vegetation characteristics and the consequent effects on 

portioning of water and energy fluxes. The dominant and sign of these mechanisms varies 

depending on the geographical regions, seasons, and climate variable of interest.  

 

Figure 2-1: Impacts of vegetation dynamics on land surface energy and water balance. The blue 
(blue) arrows linking variables indicates a positive (negative) response, while the black arrow 
means that the sign of response depends on other environmental conditions 
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For instance, changes in vegetation structure due to forestry activities, such as afforestation, 

reforestation, and forest management are expected to increase leaf Area Index (LAI) and Fractional 

Vegetation Cover (FVC) as well as influencing other surface properties such as rooting depth. 

Increased vegetation cover decreases the amount of ground downward incident shortwave 

radiation which in turn lowers the ground heat flux. Compared to bare areas, vegetation cover has 

a lower albedo causing an increase in proportion of energy absorbed by the surface which leads to 

increased surface temperature and potential increase in precipitation through the albedo 

mechanism. On the other hand, increased vegetation cover leads to enhanced evapotranspiration 

thus causing increased portioning of energy into latent heat. This causes a decrease in surface air 

temperature and potential increase in precipitation through the evapotranspiration mechanism. The 

high roughness length caused by increased vegetation cover leads to an increase in turbulent fluxes 

(latent heat and sensible heat), which lowers surface temperature. In addition, high roughness 

length is associated with enhanced mass convergence which increases upward moisture transport 

and convective clouds. The mechanism leads to increased precipitation and decrease in surface 

temperature (Chen et al., 2012; Li et al., 2017, 2016; Peng et al., 2014) .  

In the recent past, new global estimates of land cover change impacts have been produced (Alkama 

and Cescatti, 2016; Duveiller et al., 2018a) and multiple approaches developed to assess response 

to land-use change in various land surface models (Duveiller et al., 2018c, 2018b; Forzieri et al., 

2018). The availability of observational datasets and model analysis methods provide analogous 

metrics at varying spatial scales for the assessment of surface fluxes. However, effective 

assessment of land cover change impacts has been derailed by substantial model disagreements as 

well as inadequate observations to constrain the various components of the surface water and 

energy budgets (Winckler et al., 2017b). The long-term resilience of ecosystems and the fate of 

their supply of goods and services which support livelihoods of millions is largely contingent on 

the ecosystem response to environmental changes. The local and regional ecosystem changes 

extend to larger scales, thus affecting the interregional and global environment. In addition, the 

physical, chemical, and biological features of the land surface vary across different regions, so the 

effects of land cover changes are expected to vary significantly. Consequently, assessment of local 

and regional effects of vegetation dynamics is crucial in understanding environmental change 

effects.   
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Chapter 3: Vegetation Dynamics and Responses to Climate Anomalies in East Africa 

3.1 Abstract 

Across the vast and heterogeneous landscapes in East Africa, vegetation dynamics support a wide 

range of community livelihoods. Given the potential impacts of climatic changes and human 

activities, there is a pressing need to adequately evaluate and quantify the variations in vegetation 

dynamics and their vulnerability to environmental changes in the region. This study aims to 

provide novel insight into the vegetation trends and responses to climate anomalies using Leaf 

Area Index (LAI) and Standardized Precipitation Evapotranspiration Index (SPEI). The long-term 

vegetation trends were assessed based on non-parametric trend test while a liner relationship 

between LAI and SPEI was used to evaluate vegetation response to climate anomalies. For period 

1982 to 2011, about 25% of the region showed significant increasing LAI trend while decreasing 

trend in LAI was recorded in 4% of the region. However, analysis of the temporal consistency in 

the LAI trends showed that non-monotonic vegetation changes were widespread in the region, with 

about 73.2% of the study area (or approx. 93.5% of all cases of significant LAI changes) showing 

statistically significant (p<0.05) abrupt changes (composed of the interrupted and reversed trend 

classes) in the general long-term LAI trends during the study period. The interrupted trends 

accounted for 46.9% (composed of 26.6% showing greening with a setback while 20.3% showed 

browning with a burst) of the area with vegetation cover. On the other hand, reversed trends were 

identified in 26.3% of the region, composed of greening to browning in 18.4% and browning to 

greening in 7.8% of region. The timing for the interruptions in the long-term LAI trends was 

predominantly in 1993 – 1997 for Kenya and after 2002 for Tanzania. The annual average water 

balance showed higher influence on vegetation resistance to drought anomalies compared to the 

human footprint. In conclusion, the spatially heterogeneous landscapes of East Africa showed 

profound transformation driven by both climatic and human factors over the period 1982 to 2011. 

Management and policy strategies are therefore required to control the utilization of ecosystem 

resources and to promote sustainability in the region. 

3.2 Introduction 

Terrestrial vegetation plays a key role in land surface-atmosphere interactions as the primary link 

for moisture (evapotranspiration) and energy (latent) exchange through its physiological properties 
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(Leaf Area Index (LAI), rooting depth and stomatal resistance), and its influence on surface 

roughness, and albedo (Arora, 2002; Bao et al., 2014; Ning et al., 2015). An improved 

characterization of spatial and temporal vegetation patterns is therefore important to not only 

assess landscape conditions but also to improve understanding of the vegetation response to 

climate at varying spatial and temporal scales. Global and regional studies on the causes of 

variations in vegetation have shown that climatic factors, particularly precipitation and 

temperature, significantly influence vegetation dynamics (Jiapaer et al., 2015; Liu et al., 2015; 

Montaldo et al., 2008; Tagesson et al., 2015).  

The availability of long-term, repetitive satellite-derived datasets has greatly improved the 

monitoring and characterization of the land surface at varying spatial and temporal scales (Peng et 

al., 2012; Zhu et al., 2013). Multispectral band combinations of these datasets have aided the 

retrieval of long time series of land surface variables widely used to examine trends in vegetation 

dynamics at global, regional and national scales (Bao et al., 2014; Julien and Sobrino, 2009), 

impacts of vegetation on water and energy flux (Hu et al., 2009), as well as the correlation between 

vegetation and climate conditions (Bao et al., 2014). Particularly, LAI, which is defined in 

broadleaf canopies as the one-sided green leaf area per unit vegetated ground area, and in 

coniferous canopies as one-half the total needle surface area per unit vegetated ground area, 

characterizes the physiologically functioning surface area for energy, mass and momentum 

exchange between the vegetated land surface and the planetary boundary layer. Hence, it is widely 

used by the global change research community to assess and quantify vegetation dynamics and 

their effects (Bobée et al., 2012; Cook and Pau, 2013; Ford and Quiring, 2013; Pfeifer et al., 2014; 

Verhoef et al., 2012).  

The East Africa region, covered in this study, exhibits a wide range of climatic and ecological 

zones leading to diverse land cover types and land cover change dynamics (Brink et al., 2014). 

Due to the high dependence of livelihoods on rain-fed agriculture, there is high vulnerability to the 

extreme negative effects of climate change in the region (Ayana et al., 2016; Grace et al., 2014; 

Pricope et al., 2013). Land cover/use change is a major threat to the ecological systems in East 

Africa (Brink et al., 2014; Jacobson et al., 2015; Maitima et al., 2009; Pricope et al., 2013). As 

reported by Jacobson et al. (2015), approximately 30% of the region has been converted to 
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cropland or urban areas, with Burundi and Rwanda showing the highest proportions, 85.99% and 

82.27% respectively. Between 1990 and 2010, Brink et al. (2014) found that agricultural area in 

East Africa (comprising Djibouti, Eritrea, Ethiopia, Kenya, Somalia, Sudan and Uganda) increased 

by 28% with an alarming shift in the rate of deforestation from 0.2% per year in 1990-2000 period 

to 0.4% per year in 2000-2010 period. Pricope et al. (2013) studied the spatial interaction between 

climate, vegetation variations and degradation, and population density changes in the East Africa 

Horn’s pastoral and agro-pastoral livelihoods zones. They established a potential long-term 

degradation of rangelands mainly due to population pressures and land use change.  

One of the most disastrous and damaging hazards in East Africa is drought. As noted by Ayana et 

al. (2016), the frequency of drought in the greater horn of Africa has doubled from once every 6 

years to once every 3 years, and has partly contributed to the increase in resource-based conflicts 

in the region. Despite the central role of combined precipitation and temperature effects on 

vegetation productivity in East Africa, the vegetation trends and the vegetation-climate 

relationships across the East Africa region have not been adequately evaluated. Investigation of 

the vegetation trends and its response to the precipitation and temperature conditions across the 

region will help in better understanding of the impacts on terrestrial ecosystems and identification 

of emerging vulnerable areas in the region. This is vital for better planning and management to 

mitigate ecological and economic loss. This study seeks to shed new light on vegetation trends and 

responses to climate anomalies across East Africa and in different land cover types in the region. 

In addition, we have evaluated the impacts of biogeographical factors on vegetation response to 

combined precipitation and temperature index. Specifically, this study aims to: (i) investigate 

spatiotemporal patterns of long-term vegetation trends based on LAI dataset for the period 1982-

2011 at 8 km spatial resolution; (ii) evaluate vegetation response to a simple multi-scalar drought 

index (the Standardized Precipitation-Evaporation Index (SPEI, (Vicente-Serrano et al., 2010)) 

that combines precipitation and temperature data at varying time scales, and (iii) understand the 

relationship of vegetation responses to SPEI and biogeographical factors.   
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3.3 Materials and Methods  

3.3.1 Study area 

Our study area spans 2,267,136 km2 (bounded by 5.52ºN and 11.76ºS latitude, 28.8ºW and 41.92ºE 

longitude) and comprises the countries of Burundi, Kenya, Tanzania, Rwanda and Uganda, and 

portions of the Congo, Ethiopia, Malawi, Mozambique, Somalia, South Sudan and Zambia (Figure 

3-1). The northward migration of the Intertropical Convergence Zone (ITCZ) in the summer 

months initiates a bimodal precipitation pattern in the majority of the region with a main rain 

season during March to May and short (monsoonal) rains during October to November (McNally 

et al., 2016). A broad overview of the spatial patterns of the key vegetation zones in the region is 

described in White (1983). The Somalia-Masai ecoregion covers most of Kenya between the 

highlands and coastal belt as well as the dry lowlands of north and central Tanzania. This ecoregion 

consists mainly of arid and semi-arid climate with a mean annual rainfall less than 500 mm and 

high mean monthly temperature of between 25°C and 30°C.  

The Sudanian ecoregion extends from South Sudan to West Uganda and it is mainly characterized 

by a semi-arid and equatorial savanna type of climate with a severe dry season. The highlands and 

mountain areas of Kenya as well as most of the southern and western parts of Uganda, with more 

than 1000 mm mean annual rainfall in the forest zone are defined as Afromontane. Along the 

Kenyan, Tanzania and Southern Somalia coastline is the Zanzibar-Inhambane ecoregion, which 

consists of forests and Mangroves and is characterized by mean annual rainfall between 800 and 

1200 mm. Most parts of Uganda, and some parts of western Kenya, northern Tanzania and Eastern 

Congo as well as the whole of Eastern Rwanda and Burundi comprise the Lake Victoria ecoregion, 

which is characterized by rain forest with semi-evergreen forest and woodland/shrubland as the 

dominant vegetation type. 
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Figure 3-1: Location of the study area and land cover types based on the Synergetic land cover 
product (SYNMAP) at 1-km spatial resolution. 

3.3.2 Data 

We used the third generation Global Inventory Monitoring and Modelling Studies LAI (GIMMS 

LAI3g) dataset spanning the period 1982 to 2011, at approximately 8 km spatial resolution and a 

15-day interval, to characterize vegetation dynamics. The dataset was produced by the fusion of 

GIMMS NDVI3g (Pinzon and Tucker, 2014) and an improved version of the Moderate Resolution 

Imaging Spectroradiometer (MODIS) LAI using a Feed Forward Neural Network (FFNN) 

algorithm (Zhu et al., 2013). The GIMMS LAI3g data has been validated using ground based 

observations measured across East Africa (Pfeifer et al., 2014) and has also been used to study 

vegetation dynamics at a global scale (Cook and Pau, 2013; Mao et al., 2013; Zhu et al., 2016). To 

remove superfluous values in the data, the biweekly LAI data were smoothed using an optimized 
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Savitzky-Golay filter commonly used to correct Earth observation data (Chen et al., 2004). In the 

Savitzky-Golay filtering process, the seasonality parameter was set to account for areas with two 

rainfall seasons. The start and end of season was set at around 20% of the seasonal amplitude while 

median filtering approach was used to detected and smooth the spikes in the data. The smoothed 

biweekly dataset was then aggregated using the maximum value composites (MVC) approach to 

create a monthly LAI time series from 1982 to 2011. The MVC approach obtains monthly values 

as the maximum value per pixel in each pair of bi-monthly datasets.  

The climatic data sets used included precipitation, minimum and maximum temperature. The 

precipitation data was obtained from version 2 of the Climate Hazards group Infrared Precipitation 

with Stations (CHIRPS) dataset (Funk et al., 2015). The CHIRPS dataset is a 0.05° spatial 

resolution global gridded dataset of daily precipitation available from 1981 to 2015. It is obtained 

by merging satellite observations, weighted average precipitation from stations for a given pixel, 

and precipitation predictors such as elevation, latitude and longitude (Funk et al., 2015). The 

suitability of this dataset for has been demonstrated through multiple comparisons with other 

satellite precipitation estimates and observed rain gauge data (Ayehu et al., 2018; Ceccherini et 

al., 2015; Dembélé and Zwart, 2016; Toté et al., 2015) and has also been widely used in East Africa 

(Ayana et al., 2016; Pricope et al., 2013). Minimum and maximum air temperature data were 

obtained from a high resolution daily meteorological dataset developed by the Princeton university 

hydrology group for East Africa (Chaney et al., 2014; Sheffield et al., 2006). All climatic datasets 

were also resampled to 1/12 degree * 1/12-degree spatial resolution using the bilinear interpolation 

method to match the resolution if the LAI data. 

The Synergetic land cover product (SYNMAP) (Jung et al., 2006) was used in this study to 

delineate major land cover classes. This is an improved global land cover product reflecting global 

land covers around year 2000 at 1-km spatial resolution and consisting of 48 different classes. This 

dataset was selected particularly for this study as it covers a period approximately at the middle of 

our study period. The dataset is derived based on fuzzy agreement of different global land cover 

products, including, Global Land Cover Characterization Database (GLCC), GLC2000, and the 

2001 MODIS land cover product, with consideration of individual strengths and weaknesses of 

mapping approaches. The main land cover types in our study area include evergreen broadleaf 
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forest (EBF), deciduous broadleaf forest (DBF), mixed forest (MF), shrubs, grasses, crops and 

bare areas (Figure 3-1). In this study, dynamic land cover changes were not considered, which may 

bring in uncertainties due to change of vegetation type and land use activities. The land cover data 

was reclassified in to six main classes namely forest (evergreen broadleaf trees, deciduous 

broadleaf trees and mixed trees), shrubland (shrubs, trees-shrubs mosaic, and shrub-barren 

mosaic), wooded grassland (trees-grasses mosaic, and shrubs-grasses mosaic), grassland (grasses), 

cropland (cropland and cropland/natural vegetation mosaic) and bare areas. The reclassified land 

cover data was then aggregated to 1/12 degree * 1/12 degree grid cells, using the most prevalent 

land cover class per grid cell, to be consistent with the resolution of LAI and climate datasets. The 

Global Human Footprint Index (HFI) dataset (LWP-2) was used as a proxy for anthropogenic 

effects (WCS and CIESIN, 2005) to assess the human influence on vegetation dynamics and 

response to climatic conditions. The HFI dataset is derived from the Human Influence Index (HII) 

normalized by biome and realm. The HII is generated from nine global data layers comprising 

human population density, land use/land cover and human access datasets. 

3.3.3 Long-term trend analysis 

We applied the Mann-Kendall (MK) trend test method to verify the existence and direction of 

significant long-term trends in the data, and Thiel-Sen median slope estimator (TSE) to quantify 

the strength of the trend. The MK test is a non-parametric method which measures the degree to 

which a trend is a monotonic increase or decrease over time. Kendall’s τ ranges from -1 to 1 where 

-1 indicates a consistently decreasing trend while 1 indicates a consistently increasing trend and 

zero indicates no consistent trend. The MK test for the statistical significance (p<0.05) of Kendall’s 

τ was considered appropriate since the assumption of normality in data distribution does not affect 

its validity. The TSE, used to quantify the strength of a trend, is a rank-based regression approach 

which is resistant to outliers. Its wide application has demonstrated good potential in estimating 

trends in vegetation and climatic time series data (Fensholt et al., 2012, 2013; Marshall et al., 2012; 

Teferi et al., 2015).  

The serial correlation in high frequency time series data (daily, weekly or monthly) has been shown 

as a major challenge in long-term trend analysis due to its effects on trend overestimation and 

detection even when there is none, thereby creating false rejections of the null hypothesis of a trend 
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test (Wang et al., 2015; Yue and Wang, 2002). To address this, we opted to avoid seasonality in 

the time series data by using yearly aggregated data, which has been suggested in previous studies 

(Boschetti et al., 2013; de Jong et al., 2011; de Jong and de Bruin, 2012). Furthermore, the Trend 

Free Pre-whitening (TFPW) procedure proposed by Yue et al. (Yue et al., 2002) was used to 

remove serial correlation from the time series based on a lag-one autoregressive (AR1) model. In 

this procedure, if the slope estimated by the TSE is not equal to zero, a linear trend is removed 

from the data. A lag-1 serial correlation coefficient of the de-trended data is then computed and 

the AR(1) component is removed from the data. The pre-whitened residuals and the initially 

estimated trend are then added, and the MK test is applied to the new series to measure the 

significance of the trend. 

We used monthly LAI values as a proxy for vegetation dynamics in the region. This dataset has 

been used previously to investigate long-term vegetation trends (Cook and Pau, 2013). The long-

term trends were analyzed on per-pixel basis on annual and seasonal basis. The two main rain 

seasons in the region (long rains: March to May (MAM) and short rains: October to December 

(OND)) were considered. The spatial heterogeneity in the long-term vegetation trends based on 

per-pixel analysis of LAI anomalies was particularly preferred to reflect the spatial inconsistencies 

within the region.  

3.3.4 Temporal consistency of LAI trends 

We used the Breaks For Additive Season and Trend (BFAST) algorithm (Verbesselt et al., 2010) 

to identify shifts in the trend and seasonal components of the LAI time series. This algorithm 

iteratively splits the time series into seasonal, trend, and residual components, while trend and 

seasonal breakpoints and their associated confidence intervals are estimated for the seasonality and 

trend components. This allows extraction of the anomaly time series while explicitly accounting 

for the non-stationarity (gradual and abrupt changes) in the trend and seasonal components of the 

time series. Based on the information output by BFAST, the largest magnitude break was detected, 

and its sign was used to characterize the non-stationarity of LAI trends. These trends were 

categorized into the following 8 classes while non-significant (P < 0.05) breakpoints are not 

shown: (i) monotonic increase, (ii) monotonic decrease, (iii) monotonic increase (with a positive 

trend break), (iv) monotonic decrease (with a negative trend break), (v) interruption: increase with 
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negative trend break, (vi) interruption: decrease with positive trend break, (vii) reversal: increase 

to decrease, and (viii) reversal: decrease to increase (De Jong et al., 2013). The trend breaks 

represent abrupt positive or negative changes in long term trend slope.  

3.3.5 Characterizing drought/wetness conditions  

We used the Standardized Precipitation-Evaporation Index (SPEI) (Vicente-Serrano et al., 2010), 

which is based on precipitation and Potential Evapotranspiration (PET) data, to characterize the 

drought/wetness conditions in a given area at dynamic time-scales. Compared to climatic indices 

based on precipitation or temperature data alone, SPEI is considered a superior climatic indicator 

as it considers the effect of temperature on water balance through its influence on the atmospheric 

evaporative demand. SPEI is multi-scalar and can therefore be calculated at a range of time-scales 

(1 to 48 months) to assess water deficit impacts at short- and long-time scales. A user-defined 

calibration period (reference period) is used to calculate the average water balance while the 

deviations from this average are determined at varying time-scales. Positive SPEI values represent 

wet conditions, whereas negative values represent drought conditions. Due to differences in 

physiological or edaphic factors, some vegetation types may respond to short-term soil water 

deficit periods, while others may be more resistant and only respond to soil water deficits of longer 

durations. Therefore, at a regional scale, time scales of optimum SPEI-vegetation correlation are 

expected to vary spatially (Vicente-Serrano et al., 2013). We used the climate data described in 

section 2.2 to compute PET based on a modified-Hargreaves (MH) method, which includes a 

rainfall term (Droogers and Allen, 2002; Hargreaves, 1994). SPEI was then estimated using the 

climatic water balance defined as precipitation minus PET (Vicente-Serrano et al., 2010, 2013) in 

R software using the SPEI package.  

3.3.6 Short-term vegetation response to climate  

We analyzed vegetation response to climatic conditions using LAI anomaly obtained from BFAST 

analysis to account for the breakpoints in the trend and seasonal components of the time series.  In 

addition, SPEI obtained at a three-month timescale (i.e. SPEI calculated on cumulative water 

balance over previous 3 months) was used. Although the maximum LAI-SPEI correlation is 

characterized by variations in the SPEI timescales in different vegetation types, we used a three-



24 

 

month time-scale to assess the short-term vegetation response. Following De Keersmaecker et al. 

(2015), three response metrics were used to described the short-term vegetation response: (i) 

variance metric (the standard deviation of the LAI anomaly time series); (ii) resistance metric (the 

association between the LAI anomaly and SPEI time series); and (iii) resilience metric (the auto-

correlation at lag one of the LAI anomaly).  

To obtain the latter two metrics, we used a lag-1 autoregressive (AR1) model (De Keersmaecker 

et al., 2015, 2017) to compute the linear relationship between monthly LAI anomalies and SPEI at 

three-month timescale defined as follows. 

𝑳𝑨𝑰𝒕 = 𝜶 ∙ 𝑺𝑷𝑬𝑰𝒕 + 𝝓 ∙ 𝑳𝑨𝑰𝒕 𝟏 + 𝜺𝒕      (3.1) 

Where 𝐿𝐴𝐼  is the standardized LAI anomaly at time t, 𝑆𝑃𝐸𝐼  the standardized SPEI at time t, and 

𝜀  is the residual term at time t. 𝛼 and 𝜙 are the model’s coefficients. α is an indicator of the extent 

to which the vegetation deviates from its equilibrium due to droughts anomalies, thus expressing 

the resistance against drought. Similarly, 𝜙 relates to vegetation resilience as it gives an indication 

of the dependency of the anomalies on previous values. Large absolute values of 𝛼 indicate a low 

resistance to droughts anomalies, hence a large vegetation response to short term droughts 

anomalies. On the other hand, large absolute values of ϕ imply that the anomalies are strongly 

determined by the anomaly at time t−1 and indicate a low resilience, i.e. a slow return to ecosystem 

equilibrium after disturbance. The time series were standardized to assure comparability between 

the model coefficients.  

In addition to the response metrics obtained for the entire study period, a twelve-year moving 

window was used to obtain time series of response metrics. The trend of these time series (obtained 

using the non-parametric Kendall τ rank correlation coefficient) was used to define the temporal 

non-Stationarity of the short-term vegetation response to climatic conditions. To reveal the 

climatic impacts on LAI variance metric, we applied a similar approach on monthly SPEI data to 

obtain the time series of climatic variance. We further calculated the Kendal τ rank correlation 

coefficient between the vegetation and climatic variance time series.  

As noted by Hawinkel et al. (2016), vegetation response to climate variability in East Africa is 

influenced by a set of biogeographical factors. We therefore analyzed the spatial variations in the 
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vegetation response metrics based on their relationship with the annual average climatic water 

balance (precipitation minus PET) and human activities. As the vegetation response is not linearly 

related to all explanatory factors, we used a generalized additive model with integrated smoothness 

estimation (Hastie and Tibshirani, 1990). The effect of these factors on vegetation response is 

modelled using data across the region as well as per land cover type.  

3.4 Results  

3.4.1 Long-term trends in LAI and climatic conditions 

Figure 3-2 shows the spatial heterogeneity in LAI trends. Considering only the statistically 

significant pixels (p ≤ 0.05) and the total vegetated area in the region, the increasing and decreasing 

annual LAI trends accounted for 25.37% and 3.94% respectively. During the MAM season, 

positive trends showed a wider coverage at 31.04% compared to 3.87% for the negative trends. 

Compared to annual and MAM trends, the OND season shows more widespread declining 

vegetation trends at 12.68% while positive trends covered 18.91% of the area.  

 
Figure 3-2: Spatial patterns of long term (a) annual, (b) MAM, and (c) OND LAI trends. 
Significance of the trends is based on 95% confidence level.  Non-significant (p=0.05) positive 
and negative trends are represented in grey. 

Northern parts of Kenya show significant negative LAI trends, while increasing trends are 

prevalent in the East Sudanese Savanna (extending from South Sudan to North Uganda and mainly 

composed of trees and shrub cover) and the southern parts of Tanzania (mainly covered by 

deciduous broadleaf and mixed trees) for annual and MAM season. During the OND season, 

negative trends are prevalent in the deciduous broadleaf and mixed tree covered areas in Tanzania 
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and Malawi. Along the coast region of Kenya (mainly composed of Evergreen broadleaf trees, 

tree/grass mosaic and cropland) and the East Sudanese Savanna significant positive trends were 

prevalent during the OND season.  

3.4.2 Temporal consistency of LAI trends 

Based on the BFAST trend analysis, about 78% of the study area showed statistically significant 

(p<0.05) LAI changes for the study period (Table 3-1 and Figure A. 1). As shown in Table 3-1, 

across the areas with significant LAI trend, pixels with significant interrupted trends were 

composed of 26.3% showing greening with a setback while 20.2% showed browning with a burst. 

In comparison, reversed trends were identified in 26.1% of the region, composed of greening to 

browning in 18.3% and browning to greening in 7.8%. On the other hand, 5.3% of the study area 

showed monotonic greening (4.9%) and monotonic browning (0.4%). The observed trend types in 

the region were therefore dominated by, in a descending order, increasing trend with negative 

break, decreasing trend with positive break, reversed increase (increase to decrease) and reversed 

decrease (decrease to increase). 

Large patches of decreasing trend with a positive break were particularly noted in the North-eastern 

Kenya and Tanzania (Figure A. 1), areas mainly covered by grass and xeric shrubs.  Interruptions 

of decreasing trends were mainly recorded in the 1993-1997 period. Majority of the areas with 

significant change in both segments was characterized by an increasing trend with a negative 

break. Large areas showing significant change only in the second segment mainly showed a 

decreasing trend with a positive break while their timing of the break was predominantly 1993 – 

1997 for Kenya and after 2002 for Tanzania. When compared across the region, these two classes 

of timing of trend shifts appeared to be the most common. A detailed analysis of significance of 

the trend segments showed that more than 25% of the respective total coverage of cropland, forest, 

wooded grassland and shrubland showed significant trends in both segments or no break and 

significant change. In addition, irrespective of the land cover type, pixels with significant change 

in only one of the two segments often showed significant trend in the second segment. This 

analysis also revealed that major changes observed in the LAI trends across the region occurred 

recently. Irrespective of the land cover type, about 25% of the shifts in the LAI dynamics were 

noted in the period after 2002 while the periods before 1988 and between 1988 and 1992 are 
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characterized by the lowest proportions of the detected trend shifts at 2.1% and 8.9%, respectively.  

Trends shifts in the 1998 – 2002 period were predominantly composed of increasing trend with 

negative break and reversed increasing trend (increase to decrease). 

Table 3-1: Frequency of (a) Type, (b) timing and (c) significance of trend shift in monthly LAI 
time series across the study area. Trends and breaks are considered as significant when P-value 
is below 0.05. Pixels with no significant (P < 0.05) change for all segments and/or no significant 
(P < 0.05) breakpoint are not shown. The trend shifts types in (a) are: (1) monotonic increase, 
(2) monotonic decrease, (3) monotonic increase (with positive break), (4) monotonic decrease 
(with negative break), (5) interruption: increase with negative break, (6) interruption: decrease 
with positive break, (7) reversal: increase to decrease, and (8) reversal: decrease to increase. 
The significance classes are: (1) both segments significant (or no break and significant), (2) 
only first segment significant, and (3) only 2nd segment significant. 

(A) 
Break 
Type 

Frequency 
(%) 

(B)               
Break          

Timing  
Frequency 

(%) 

(C) 
Significance 

Classes 
Frequency 

(%) 
1 2 Before 1988 2.1 1 29.2 
2 0.3 1988-1992 8.9 2 19 
3 2.9 1993-1997 20.5 3 29.7 
4 0.1 1998-2002 21.4   
5 26.3 After 2002 25   
6 20.2      
7 18.3      

8 7.8         
 

3.4.3 Vegetation response to climatic conditions 

Figure 3-3 shows the spatial pattern of long-term average water balance (i.e., precipitation minus 

PET) across East Africa. The water balance shows values increasing from the north-east to the 

south-west of the region. In northwest Kenya the long-term average water balance is below -1500 

mm being a typical arid area also characterized by rock outcrops and bare areas. Semi-arid areas 

are shown extending from south Ethiopia through central Kenya into north and central Tanzania. 

These areas are mainly composed of grasslands, cropland, wooded grassland and shrubland. The 

humid and semi-humid areas are found in west of the region, western Kenya and southern parts of 

the region. These areas are mainly composed of forests, tress/shrub/grass mosaics and cropland. 
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We selected twelve regions representatively, shown by solid boxes in Figure 3-3, for case studies 

on LAI-SPEI correlation at various timescales.   

 
Figure 3-3: Spatial distribution of average annual water balance (mm) during the period of 
1982–2011. Regions circled by thick solid box are denoted as the typical water balance regions 
selected for case studies on LAI-SPEI correlation at various timescales. 

Although a three-month time scale was selected for vegetation response analysis in our study, the 

maximum LAI-SPEI correlation is expected to occur at varying timescales across the region. 

Figure 3-4 shows the variations in LAI-SPEI correlation at different time-scales for the selected 
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case study areas (shown in Figure 3-3). While these selected locations represent different water 

balance regions in the study area, they also coincide with different land cover types. As shown in 

this figure, differing vegetation response to SPEI time-scales is evident in different water balance 

regions. Particularly, locations b, d, e, f, g and i show stronger positive LAI-SPEI correlation while 

locations a, k and l shows strong negative LAI-SPEI correlation. Weak correlation is shown in 

locations c, h, and j at varying time-scales. Location a, which comprises of trees-grass mosaic is 

characterized by prevalent negative correlations while potential weak positive relationship is 

indicated during the March-May season across all the time-scales. Both locations c and j, which 

are characterized by semi-arid and semi-humid climatic conditions as well as shrubs and trees-

shrub mosaic land covert types, respectively, do not show distinctive patterns in the LAI-SPEI 

correlations. Locations f and h, which are respectively covered by crop-vegetation mosaic and 

grassland, showed a similar pattern in the LAI-SPEI correlation characterized by low correlation 

values in the May-August period.  

 
Figure 3-4: Correlation coefficients (R) between LAI and multi-timescale SPEI at points 
sampled across the study area as shown in Figure 3-3. The SPEI timescales (shown in the 
vertical axis) range from 1 to 24 months while the horizontal axis represents seasonal cycle 
(January to December). 

Figure 3-5(a) shows the increase/decrease in LAI anomaly variance given by the Kendall τ 

coefficient for the standard deviation derived over a twelve-year running window. The trend in 

vegetation variance/stability is positive and statistically significant in most parts of the region. 

Figure 3-5(b) shows the Kendall τ rank correlation coefficient between the LAI and SPEI variance 
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time series. As shown in this figure, variations in vegetation stability can be linked to climatic 

conditions. Most of the pixels indicated a positive relationship between the LAI and SPEI 

variances which implies that an increase/decrease in vegetation variance is linked to 

increase/decrease in climate variability. Stronger positive trend in vegetation variance shows a 

similar spatial pattern compared to the LAI-SPEI stability correlation, implying widespread 

influence of precipitation on vegetation trends in the region.  

A correlation analysis between the two metrics (i.e. Kendall τ coefficient for LAI variance time 

series and Kendall τ rank correlation coefficient between the LAI and SPEI variance time series) 

showed that, although not strong (r = 0.44), the spatial relationship between both coefficients was 

positive and significant. This indicates that positive SPEI variance trends tend to favor positive 

LAI variance trends across the region. The spatial variations in vegetation stability and relationship 

between vegetation and SPEI variance also reflect differences in land cover types. The LAI 

variance shows widespread increasing trend across all the land cover types but predominantly in 

the grasslands and wooded grasslands. A similar pattern is indicated in the correlation between 

LAI variance and SPEI variance. However, a decrease in this correlation is prevalent in forests, 

shrubland and cropland which also showed large proportions of decreasing trend in LAI variance.  

 
Figure 3-5: Spatial overview of the Kendall τ coefficient for (a) LAI standard deviation time 
series derived over a twelve-year running window and (b) correlation between the LAI and SPEI 
twelve-year running window standard deviation time series. Only significant pixels are shown. 
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Figure 3-6 shows the spatial distribution of vegetation drought-resistance and resilience 

coefficients over the complete period (1982 to 2011) computed using the AR1 model. Although 

the model converged effectively with RMSE <0.9 in all pixels, coefficients were not significant in 

some pixels at 95% confidence level, which were masked from the analysis. Vegetation drought-

resistance coefficients were positive and largely significant, emphasizing the influence of moisture 

availability on vegetation in the region. The spatial distribution of this coefficient generally reflects 

the spatial patterns of the different land cover types in the region. High and significant drought-

resistance coefficient is evident in the stretch extending from south-eastern area of South Sudan to 

east of Uganda and western Kenya into northern parts of Tanzania. This is indicative of the low 

resistance thus large vegetation response to short term drought anomalies in these areas. These 

areas are mainly composed of grassland, cropland and crop/natural vegetation mosaic land cover 

types. However, some areas showed insignificant drought-resistance coefficients, mainly in 

western and southern parts of the region that composed of deciduous and evergreen broadleaf and 

mixed tree cover.  

  
Figure 3-6: Spatial patterns of vegetation (a) drought-resistance coefficient and (b) resilience 
coefficient obtained using the AR-1 model. The pixels with insignificant coefficients are 
masked. 

On the other hand, resilience coefficients were positive and significant across the region. High 

vegetation resilience coefficients were prevalent in Kenya, Tanzania and eastern parts of Uganda, 

which implies slow return to ecosystem equilibrium after potential disturbance in those areas. In 

addition, the two coefficients (vegetation resistance and resilience) showed widespread contrast in 
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their spatial distributions. The areas with low drought-resistance coefficients (i.e. high resistance 

to drought) also show high resilience coefficients (i.e. low resilience) and vice versa. For instance, 

the north-eastern Kenya region (mainly composed of grassland and shrubland) showed low 

drought resistance coefficient and a high resilience coefficient.  

The sensitivity of vegetation response to water balance and human footprint index in different land 

cover types was compared to the regional sensitivity across East Africa (Figure 3-7). Across the 

region, vegetation dynamics are dependent on the climatic conditions, human activities as well as 

the intensity and structural features of the vegetation itself. As shown in Figure 3-7a and b, 

vegetation resistance coefficient is significantly and negatively related to the annual water balance 

across the region which shows that vegetation in the drier areas is more sensitive to drought 

anomalies compared to relatively humid areas. The sensitivity of the resistance coefficient in 

different land cover types across the region also shows significant variations. Areas dominated by 

herbaceous vegetation cover (wooded grassland, grassland and croplands) show larger overall 

sensitivity to short-term SPEI anomalies in arid and humid areas. Particularly, cropland show 

higher sensitivity compared to the regional curve in the areas with annual water balance less than 

-750 mm and greater than -200 mm while resistance in grassland shows high sensitivity beyond -

750 mm of annual water balance (Figure 3-7a). On the other hand, drought resistance in grassland 

and wooded grassland shows a higher sensitivity to human influence while cropland shows a lower 

sensitivity compared to the regional curve. In shrublands, the impact of annual average water 

balance on vegetation resistance approaches the average regional curve with a decreasing 

sensitivity beyond -250 mm of annual water balance. Drought resistance in forests shows a 

consistently lower sensitivity to both annual water balance and human influence.   
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Figure 3-7: The effect of mean annual water balance and human footprint index on the inter-
annual vegetation response to SPEI anomalies. The local response in different land cover types 
is compared to the overall curve for East Africa (red line). 

On the other hand, vegetation resilience coefficient is negatively related to both annual water 

balance and human footprint index in the region (Figure 3-7c and d). Unlike the resistance 

coefficient, the sensitivity of vegetation resilience to both factors does not vary widely across 

different land cover types. Except in cropland, the different land cover types show a rapid 

decreasing sensitivity of vegetation resilience coefficient to water balance below -1000 mm. Both 

shrubland and wooded grassland show a relatively complicated sensitivity of resilience to water 

balance. On the other hand, except in cropland, human influence on vegetation resilience is 

relatively higher in other land cover types compared to the regional curve. Sensitivity of forest 

resilience is fairly constant across the region. 

In addition to the vegetation response across the complete period of analysis, the temporal changes 

in the drought resistance and resilience coefficients were also analyzed. Figure 3-8 shows the 

spatial heterogeneity in the temporal variations of vegetation drought-resistance and vegetation 

resilience coefficients. The vegetation resistance metric shows the largest increase in forest, 

wooded grassland and grasslands. These land cover types are also characterized by the largest 
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increase in the resilience metric.  Forests and cropland showed the highest spatial variance in the 

trend of resistance metric while the trend of resilience metric varied widely in wooded grassland 

and grasslands.  

 
Figure 3-8: Spatial overview of Kendall τ coefficient for (a) vegetation drought-resistance 
coefficient, and (b) vegetation resilience coefficient for the period 1982-2011. Only significant 
pixels are shown. 

3.5 Discussion 

3.5.1 Spatio-temporal variations in vegetation 

The east Africa region, which is mainly characterized by vast dryland ecosystems, was focused in 

this study. These ecosystems are often over-utilized for pastoral grazing and mixed cereal cropping 

systems thus exacerbating their vulnerability to extended drought occurrences leading to severe 

negative implications on food security and community livelihoods (Hoscilo et al., 2015; Landmann 

and Dubovyk, 2013; Pricope et al., 2013). The results presented here provide a view of vegetation 

dynamics that could be used to fully appreciate where significant changes in ecosystem functioning 

have occurred in the region. Vegetation trend analysis based on LAI time-series showed a 

significant increase in the annual vegetation condition in over 25.37% of study area for the period 

1982–2011. In northern parts of Uganda and DRC, increasing LAI trends were found in the annual 
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and MAM time series. These areas are characterized by savanna-forest transition land cover types 

mainly composed of grassland, shrubland and wooded grassland. These areas were also identified 

in a global NDVI trend analysis by Mueller et al. (2014) as part of eco-regional extremes for NDVI 

increase. As noted by Kim et al. (2013) this increase has been linked to land use planning and 

reforestation activities targeting the northern Congo basin which is designated as a high-priority 

conservation zone. The southern parts of Tanzania, particularly the Tanzania’s Eastern Arc 

mountain ranges, also showed increasing annual LAI trends which was linked to increasing 

vegetation greenness during the MAM rain season. Widespread decreasing LAI trend found in 

Tanzania during the OND season coincides with Vrieling et al. (2013) finding of a decrease in the 

length of growing season. The significant and persistent negative trends in north-central and 

southern Kenya coincide with a significant decline in precipitation and can be attributed to climatic 

effects, as also reported by Hoscilo et al. (2015). In addition, the decline in LAI shown in our 

analysis could also be a combined effect of climate as well as replacement of shrubs by grass and 

crops with lower LAI values in areas characterized by intensive pastoral activities.   

The temporal non-stationarity of LAI trends derived over the complete study period varies spatially 

and depends on the land cover type. Although the regional variations in LAI are closely linked to 

climatic and human-induced factors, it is still unclear how the increasing and decreasing trends 

shown from the timeseries analysis are influenced by the different land-use changes in the region. 

A wide coverage of significant reversed increasing trends (increase to decrease), particularly in 

Kenya and Tanzania, coincides with both significant and non-significant decreasing trend in the 

long-term trend analysis. This indicates the need to consider potential turning points in long-term 

vegetation index time series analysis. Interrupted positive trends (increase with negative break) 

across the region leads to a decline in areas identified as indicating increase in long-term trends. 

Further analysis of the potential effects of sensor errors in the data is recommended to provide the 

clear link between the trend breaks and climatic conditions and human activities. 

3.5.2 Vegetation response to climate 

The stability of natural and productive ecosystems and their flow of services is crucial especially 

amid potential climate change impacts. Assessment and quantification of this stability has been 

largely aided by the availability of regional to global scale and long-term time series of vegetation 
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indices derived from readily available remote sensing datasets. The vegetation response metrics 

derived in this study revealed contrasting spatial patterns. For instance, a sample set of pixels 

representing different land cover types under varied water balance regions across the study area 

showed highest LAI-SPEI monthly correlations at various time-scales.  

The vegetation variance, resistance, and resilience metrics varied across the study area, signifying 

the influence of land cover types on vegetation response to short-term droughts and memory 

effects. The fact that vegetation response is stronger for a given range of annual water balance 

emphasizes also the effects of different vegetation formations. The vegetation resistance 

coefficient in forest environments was evidently very small and statistically insignificant, which 

implies that the greenness of trees is not largely influenced by short-term variations in the water 

balance. This corresponds with the findings of Camberlin et al. (2007) based on NDVI-rainfall 

regression analysis in tropical Africa. In addition to the lack of vegetation response to inter-annual 

water balance variability, seasonal LAI variations in most of these areas do not match seasonal 

rainfall variability. In these areas, leafing can be induced by rainfall amounts even lower than 

average while the effects of moisture deficit are hampered by the capability of the vegetation to 

tap deep soil water resources. In addition, the lack of significant vegetation response in such 

vegetation formations may be attributed to other biases in the LAI time series such as cloud 

contamination as well as predominance of other vegetation growth constraints (Huxman et al., 

2004)  

The annual average water balance emerged as the key factor determining the level of vegetation 

resistance to drought anomalies compared to the human footprint. A high sensitivity of vegetation 

resistance coefficient across the region coincides with intermediate water balance areas (-1000 to 

-500 mm). The major peak of the vegetation resilience sensitivity to water balance is shown at -

750 mm. This relates with findings of Huxman et al. (2004) based on the correlation analysis of 

net primary production and annual precipitation data at sites sampled from major global biomes. 

However, the influence of annual average water balance on vegetation resistance coefficient is 

somewhat intricate: a positive effect is shown in areas with annual average water balance below -

750 mm, which changes to decreasing influence between -750 mm and 0 mm and then to relatively 

constant sensitivity in areas with annual average water balance greater than 0 mm. The low 
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sensitivity in drier areas has been linked to vegetation drought resistance strategies such as low 

specific leaf area, high root–shoot ratio and low stomatal conductance (Paruelo et al., 1999). While 

in wetter areas, the vegetation is also well-adapted to the temporary seasonal constraint in water 

availability (Camberlin et al., 2007).  

In addition to response metrics derived across the complete study period, this study also quantified 

the magnitude and direction of temporal changes in vegetation response to climate. The temporal 

changes in the vegetation response metrics imply the effects of both natural and anthropogenic 

factors. Therefore, the assumption of stationarity in whole time series is not realistic for the 

analysis of vegetation dynamics. However, this study did aim to disentangle the separate effects 

induced by human and natural factors on vegetation dynamics.  In addition, results are likely to 

differ significantly depending on the time series length as well the data sources (De Keersmaecker 

et al., 2017).  

3.6 Conclusions 

This chapter focused on understanding the spatial-temporal variations in LAI during 1982-2011 

period over East Africa based on robust non-parametric trend tests. Our results show extensive 

spatial variability in LAI trend with both increasing and decreasing trends during 1982–2011 

period. Most parts of East Africa show significant increasing trend in MAM and OND seasons as 

well as in the annual time series over the 30-year period. We also found hotspots with significant 

LAI declines over the last 30 years, thus signifying potential degradation of vegetation cover and 

thus increased vulnerability to climate change in the future. Although vegetation degradation 

linked to climatic factors has been cited in these areas, other factors such as population pressures 

and declining land health should be considered in future studies in the region. In addition, LAI 

trends showed multi-year variations, showing widespread abrupt changes in the long-term trends 

particularly between 1992 and 2000. More than 70% of the region show changes in long-term 

trends characterized by interrupted monotonic trends and reversed trend types.  The region is 

mainly characterized by sparse vegetation that is composed of grass and shrubs. At the 1/12-degree 

spatial resolution used in this study, some gradual and abrupt vegetation changes may have been 

masked. We therefore recommend further analysis at higher spatial resolution. The BFAST 

decomposition is a useful approach for the detection of abrupt intra-annual changes within the 
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trend and seasonal components and their time of occurrence, as well as the quantification of the 

magnitude of these abrupt changes detected during the study period. This approach provides 

valuable support in decision-making on potential ecosystem degradation hot-spots and further 

unravelling of human and climatic related disturbances to ecosystem functioning.  

The vegetation-climate regression analysis provided a view of the interactions between vegetation 

and climate. However, due to the coarse spatial resolution of the data, the obtained vegetation 

response is comprised of the response by the dominant vegetation type as well contamination by 

spurious signal attributed to other vegetation types in the pixels. In addition, there is need for 

further analysis of the multifaceted connection between vegetation production patterns to human 

and climatic drivers in the region to account for the individual and coupled effects of both natural 

and anthropogenic determinants of terrestrial ecosystem functioning. The significant correlation 

between climatic water balance and the vegetation drought-resistance and resilience coefficients 

emphasizes the role of variations in vegetation structure and type in adaption to changes in climatic 

conditions. Despite the coarse resolution of the dataset used, our findings demonstrate that climate 

variations are crucial in vegetation dynamics across the region. Further analysis is required to 

precisely explain and quantify the influence of climatic factor and human activities as well as their 

interaction on vegetation changes in the region. 
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Chapter 4: Modelling Water and Energy balance in East Africa Using Multi-year 

Vegetation Parameters 

4.1 Abstract 

The role of vegetation, particularly its spatial and temporal dynamics, is often understated in the 

land surface water and energy balance simulations. Land Surface Models (LSMs) have been used 

to assess the global role of land surface heterogeneity in portioning of surface water and energy 

budgets. However, the regional validity of this studies is not guaranteed. This work puts emphasis 

on the connections of vegetation dynamics to water and energy balance in East Africa by 

considering their linkages at seasonal and interannual time scales. Two long‐term simulations with 

the Variable Infiltration Capacity (VIC) model are conducted: an experimental simulation (EXP) 

with varying Leaf Area Index (LAI), Fractional Vegetation Cover (FVC) and albedo obtained from 

MODIS products over 2001 – 2011 period, and a control simulation (CTL) based on the 

climatological means of these land surface parameters. The EXP simulation reproduced the spatial 

patterns of ET, latent, and sensible heat fluxes over East Africa comparatively well although some 

biases exist in comparison to MODIS ET and FLUXCOM energy balance data. The variation in 

vegetation parameters was found to impose more than half of the variance in the evapotranspiration 

in the study area. Across the region, the variations in vegetation parameters is found to impose 

higher standard deviation on mean annual sensible heat (0.3 Wm-2) than on latent heat (0.03 Wm-

2) but generally has small effect on ground heat (0.02 Wm-2). However, the percentage of positive 

variance imposed on ground heat by varying vegetation parameters across the region is higher 

(33%) compared to 13% and 14% for ET/latent heat and sensible heat, respectively. The model 

setup adopted in this study provides a starting point for assessing the potential impacts of land 

cover change on water and energy balance in the region 

4.2 Introduction  

Over the past decades, land surface characteristics have been widely recognized as a crucial factor 

in the regulation of the local, regional and global  land-atmosphere exchanges (Anav et al., 2010; 

Delire et al., 2011; Foley et al., 1998, 2000; Lee et al., 2015; Snyder et al., 2004). In the soil-

vegetation-atmosphere interface, vegetation plays a key role in regulating biophysical and 

biogeochemical processes and facilitates complex feedbacks varying in space and within a range 
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of timescales (Arora, 2002; Berry et al., 2016; Donohue et al., 2006; Xin and Liu, 2010). 

Vegetation properties (e.g leaf area index (LAI) and fractional vegetation coverage (FVC)) as well 

as the surface radiative properties (e.g albedo) significantly regulate the land-atmosphere 

exchanges of water and energy fluxes. LAI and FVC has been shown to significantly influence 

water balance by affecting rainfall interception, canopy evapotranspiration, throughfall, surface 

runoff, baseflow and soil moisture (Kim et al., 2005; Twine et al., 2004). On the hand, surface 

albedo affects the energy balance by impacting the portioning of sensible, latent and ground heat 

fluxes (Bright et al., 2015; Burakowski et al., 2018). 

The structure and distribution of vegetation across the globe is subject to the effects of human 

activities, increased atmospheric CO2 concentration as well as changes in climatic conditions (Cuo 

et al., 2016; Hély et al., 2006; Pricope et al., 2013). Therefore, vegetation characteristics are 

expected to vary spatially and over time due to only phenological patterns but also due to changes 

caused by human and natural disturbances such as forest management, overgrazing, deforestation 

and wildfires. However, application of dynamic vegetation properties in modelling surface water 

and energy fluxes is still underexplored. This has been attributed to several factors including 

oversimplified representation of the water and energy balance components, as well as inadequate 

validation of the models using observed flux datasets (Murray et al., 2011; Ren et al., 2013). 

Although there is recognized need to prescribe realistic temporal and spatial variations in 

vegetation properties in land surface models (LSMs), few of these models have the capability to 

simulate dynamic vegetation conditions with reasonable seasonal and interannual variability as 

well as spatial heterogeneity. The significance of time-varying vegetation conditions on the 

simulation of water and energy balance in East Africa has not been studied. Particularly, the 

combined effects of the time-varying vegetation properties (i.e LAI and FVC) and albedo in East 

Africa have not been explored.  

Use of such time-varying land surface properties is expected to significantly influence simulated 

surface water and energy balance. This motivated us to apply the Variable Infiltration Capcity 

(VIC) model explicitly for the region with improved vegetation properties and albedo derived from 

MODIS products to test the effects on simulated water and energy fluxes. Therefore, this study 

hypothesizes that using realistic spatially and temporally varying LAI, FVC and albedo strongly 
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impact the simulations of seasonal and inter-annual evapotranspiration, surface energy fluxes in 

East Africa. We first developed continuous high-quality surface properties datasets from MODIS 

products over East Africa at 0.05° spatial resolution and daily time-step for the 2001 – 2011 period. 

These datasets were prescribed to the Variable Infiltration Capacity (VIC) model to simulate water 

and energy balance in the region. Two modeling experiments were designed to systematically 

assess the combined impacts of the derived surface properties. The study region, VIC model, and 

methodology for deriving the land surface parameters as well as the experimental design are 

described in section 4.3. Section 4.4 presents the results on the developed datasets and comparison 

to a control model setup while section 4.5 and 4.6 provide further discussion and conclusions of 

the study, respectively.  

4.3 Materials and Methods 

4.3.1 Study Region 

We focused our analysis on the region spanning approximately 2,267,136 km2 (bounded by N5.52 

and S11.76 latitude, W28.8 and E41.92 longitude) and encompassing the countries of Burundi, 

Kenya, Tanzania, Rwanda and Uganda, and portions of the Congo, Ethiopia, Malawi, 

Mozambique, Somalia, South Sudan and Zambia (Figure 4-1). A broad overview of the relation 

between climate and the key vegetation zones in the region is described in White (1983). The 

northward migration of the Intertropical Convergence Zone (ITCZ) in the summer months initiates 

a bimodal precipitation pattern in the majority of the region with a main rain season during March 

to May and short (monsoonal) rains during October to November (McNally et al., 2016). The 

Somalia-Masai ecoregion covers most of Kenya between the highlands and coastal belt as well as 

the dry lowlands of north and central Tanzania. This ecoregion consists mainly of arid and semi-

arid climate with a mean annual rainfall less than 500 mm and high mean monthly temperature of 

between 25°C and 30°C. The Sudanian ecoregion covers extends from South Sudan to West 

Uganda. It is mainly characterized by a semi-arid and equatorial savanna type of climate with a 

severe dry season. The highlands and mountain areas of Kenya as well as most of southern and 

western parts of Uganda with more than 1000 mm mean annual rainfall in the forest zone are 

defined as Afromontane. Along the Kenyan, Tanzania and Southern Somalia coastline is the 

Zanzibar-Inhambane ecoregion, which consists of forests and Mangroves and characterized by 
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mean annual rainfall between 800 and 1200 mm. Most parts of Uganda, and some parts of western 

Kenya, northern Tanzania and Eastern Congo as well as the whole of Eastern Rwanda and Burundi 

comprise the Lake Victoria ecoregion, which is characterized by rain forest with semi-evergreen 

forest and wood- and shrubland as the dominant vegetation. This area receives high and well 

distributed rainfall. 

 

Figure 4-1: Location of the study area and land cover types based on the Synergetic land cover 
product (SYNMAP) at 1-km spatial resolution. 

4.3.2 Model description 

We applied the three-layer Variable Infiltration Capacity (VIC) model (Liang et al., 1994) version 

4.2.d in this study. The VIC model is a grid-based, semi-distributed process-based land surface 

and hydrologic model which can be forced with meteorological data in an offline mode or directly 
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coupled to General Circulation Models (GCMs). This model has been widely applied and 

evaluated at global and continental levels as well as across large river basins. In this study, the 

model was preferred due to its three main features: (1) a simple conceptual rainfall–runoff model 

that enables the representation of spatial heterogeneity based on gridded topography, infiltration 

rate, soil properties, climate variables, and land covers; (2) consideration of both infiltration and 

saturation excess runoff generation mechanisms; and (3) improved algorithms on bare soil 

evaporation in the sparsely vegetated land covers such as open shrubland and grassland which are 

prevalent in the East Africa region (Bohn and Vivoni, 2016). The following paragraphs give a 

summary of the model’s main computation steps, with special emphasis on processes related to 

LAI, albedo and FVC. 

The vertical energy and moisture fluxes at each grid cell are calculated in the model by resolving 

full water and energy balances based on the vegetation properties and coverage as well as soil 

characteristics. Land surface heterogeneity is represented in the model through consideration of 

multiple vegetation classes within a single grid cell as vegetation mosaics. For each land cover 

tile, biophysical parameters (LAI, FVC, albedo, root fraction and depth, etc.) are assigned inform 

of climatological means or as daily time series. The simulated fluxes from each land cover mosaic 

within a grid cell are then combined as weighted sum for a given grid cell. The adopted VIC 

version also includes modified vegetation formulation which accounts for vegetated and non-

vegetated area fractions in each vegetation tile based on a “clumped” approach. This alteration 

approximates the effects of exposed soil between plants thus allowing for a time-variant bare soil 

area and accounting for the effects of shading and wind attenuation from nearby vegetation (Bohn 

and Vivoni, 2016).  

The ET components are simulated based on the Penman-Monteith equation which computes 

evaporation rate, 𝐸 ,as: 

𝐸 =  
∆( ) /

∆ ( / )
,  (4.1) 

Where ∆ is rate of change of saturated vapor pressure with temperature, 𝑅  is net radiation, 𝐺 is 

ground heat flux, 𝜌  and 𝑐  are density and specific heat capacity of dry air, respectively, 𝛿  is 
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vapor pressure deficit, 𝑟  and 𝑟  are aerodynamic and canopy resistances, respectively, and 𝐿  is 

latent heat of vaporization. The canopy resistance is calculated as 𝑟 =  𝑟 + 𝑟 , where 𝑟 is the 

architectural resistance linked to the canopy structure and 𝑟  is the aggregate stomatal resistance 

calculated as: 

𝑟 = 𝑟 . / 𝐿𝐴𝐼. 𝑓 , 𝑓 𝑓 𝑓 ,  (4.2) 

Where 𝑟 .  is the minimum stomatal resistance per unit leaf area, 𝐿𝐴𝐼 is the leaf area index, while 

the functions 𝑓 , , 𝑓 , 𝑓  𝑎𝑛𝑑 𝑓 , represent the dependence of 𝑟  on root zone soil moisture, air 

temperature, solar radiation and vapor pressure deficit, respectively, and they all range from 0 to 

1 (Liang et al., 1994). The canopy evaporation, 𝐸  is then estimated as: 

𝐸 =
,

/

𝐸 ,  (4.3) 

Where 𝑤  represents the water intercepted by canopy water, 𝑤 ,  is the canopy storage 

capacity proportional to LAI, and 𝐸 is obtained using equation (1) with 𝑟  set to 0. Likewise, 

transpiration is calculated as:  

𝑇 = 1 −
,

/

𝐸 ,  (4.4) 

where 𝐸  is calculated from equation (1) using 𝑟  determined by equation (2). Lastly, soil 

evaporation in unvegetated classes, such as bare soil, is computed as: 

𝐸 = 𝐸 𝑓 , ,  (4.5) 

where 𝐸  is calculated with equation (1) with 𝑟  and 𝑟  set to 0, while 𝑓 ,  is a function applied 

to the top soil layer (10 cm depth) and ranges from 0 (signifying completely dry conditions) to 1 

(at saturation) (Franchini and Pacciani, 1991). To account for evaporation in the canopy gaps or 

exposed soil between plants in sparsely vegetated land cover types, Bohn and Vivoni (2016b) 

developed a “clumped” vegetation formulation which, based on the provided FVC, splits each 

vegetation tile into vegetated (𝑓 ) and non-vegetated (1 − 𝑓 ) area fractions. Then, in each grid cell 

the spatial average of LAI (𝐿𝐴𝐼) is scaled by a factor of (1/𝑓 ) to obtain the plant-specific LAI in 
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the vegetated fraction of the tile (𝑓 ). Total ET is then computed as a weighted average over the 

vegetated and non-vegetated fractions of the tile as: 

𝐸𝑇 = 𝑓 (𝐸 + 𝑇) + (1 − 𝑓 )𝐸 ,  (4.6) 

The energy balances for wet and dry canopy as well as bare soil are used to calculate surface 

temperature and the sensible and ground heat fluxes. Given a moderately homogeneous surface, 

the energy balance equation for a layer of the air column from ground surface to given height in 

the atmosphere can be expressed as:  

𝑅 = 𝜌 𝐿𝐸 + 𝐻 + 𝐺 + ∆𝐻   (4.7) 

Where 𝑅 is the net radiation, 𝜌 is the density of liquid water, 𝜌 𝐿𝐸is the latent heat flux to the 

atmosphere, 𝐻is sensible heat flux into the atmosphere, 𝐺 is the ground heat flux and ∆𝐻  is the 

change in the energy storage in the layer for a given duration over a given unit area. The net 

radiation is given by: 

𝑅 = (1 − 𝛼)𝑅 + 𝜀 ∙ (𝑅 − 𝜎𝑇 )  (4.8) 

Where 𝛼 is the albedo of the land surface cover, 𝑅  is the downward shortwave radiation, 𝜀 is the 

emissivity of the land surface cover, 𝑅  is the downward long-wave radiation, 𝜎is the Stefan-

Boltzmann constant and 𝑇  is the temperature of the wet canopy, dry canopy, or bare-soil surface. 

The latent heat flux, which is the link between the water and energy balances, is obtained as: 

𝜌 𝐿𝐸 =
( )

(𝑒∗(𝑇 ) − 𝑒 )  (4.9) 

Where 𝜌 is the density of air, 𝑐  is the specific heat of air at constant pressure, 𝛾 is the psychometric 

constant, 𝑟  is the canopy resistance, 𝑟  is the aerodynamic resistance, 𝑒∗(𝑇 ) is the saturation 

vapor pressure at the surfacet emperature 𝑇  and 𝑒  is the vapor pressure at a given height above 

the canopy or soil surface. The sensible heat flux is expressed as: 

𝐻 = (𝑇 − 𝑇 )  (4.10) 
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Where 𝑟  the aerodynamic resistance to heat flow and 𝑇  is the surface temperature, and 𝑇 is the 

air temperature. Bohn and Vivoni (2016b) modified the attenuations of wind and radiation fluxes 

through the canopy to include the influence of plant shading and turbulence over nearby 

unvegetated areas. The fraction 𝜏  of solar radiation transmitted through the vegetative canopy to 

the ground is expressed as: 

𝜏 = 𝑓 exp −𝑘 + (1 − 𝑓 )  (4.11) 

where 𝑘 is a canopy extinction coefficient and set to 0.5 for all land cover types. 

4.3.3 Data 

4.3.3.1 Forcing data 

VIC model simulations require various forcing data sets comprising of meteorological, vegetation 

and soil parameters. The precipitation data was obtained from version 2 of the Climate Hazards 

group Infrared Precipitation with Stations (CHIRPS) dataset (Funk et al., 2015). The CHIRPS 

dataset is a 0.05° (~5 km) spatial resolution global gridded dataset of daily precipitation obtained 

by merging satellite observations, average precipitation from stations, and precipitation predictors 

such as elevation, latitude and longitude. Minimum and maximum temperature, as well as wind 

speed datasets were obtained from a high resolution daily meteorological dataset developed by 

Princeton university hydrology group for East Africa (Chaney et al., 2014; Sheffield et al., 2006). 

This dataset is created by downscaling the National Centers for Environmental Prediction–

National Center for Atmospheric Research (NCEP–NCAR) reanalysis, adjusting for temporal 

inconsistencies and assimilating quality controlled and gap-filled Global Summary of the Day 

(GSOD) in situ measurements to remove random errors. The model was set up using three soil 

layers with varying depths. For each grid cell, the soil classes and properties at top and subsurface 

layers were obtained from the Africa Soil Information Service (AfSIS) project database 

(http://africasoils.net) while the root zone depth and fraction of root zones of each vegetation type 

were estimated according to Zeng (2001). The pedo-transfer functions of Saxton and Rawls (2006) 

were used to estimate the saturated hydraulic conductivity for each soil layer. Spatial variation in 

elevation were estimated using SRTM dataset (Jarvis et al., 2008). All the input datasets obtained 
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from different sources at different resolutions were processed to 0.05º spatial resolution for the 

VIC model simulation. 

4.3.3.2 Time-varying vegetation parameters 

In VIC model, the effects of vegetation phenology on water and energy balance can be 

parameterized using either constant climatological vegetation parameter values (i.e., no year-to-

year variability) or a time series of spatially varying vegetation parameter values. To improve the 

representation of spatial and temporal land surface heterogeneity and realistically capture the 

vegetation phenology, MODIS Version 6 products were used to derive time varying vegetation 

properties at ~500m for the period spanning 2001 to 2011 following Bohn and Vivoni (2016 & 

2019). Compared to version 5 MODIS products, the Version 6 products feature improvements 

such as use of daily Level 2 Gridded (L2G)-lite surface reflectance as input instead of a MODIS 

daily aggregated surface reflectance product used in Version 5. Also, the products are generated 

at native resolution of 500 meters based on an improved multi-year land cover product thus not 

only account for the interannual variability in vegetation phenology but also the impacts of land 

cover conversion.  

The LAI values were derived from 8-day MOD15A2H.006 product for the period spanning 2001-

01-01 to 2002-03-30 and the MCD15A2H.006 product for the period 2002-04-07 to end of 2011. 

The MCD15A2H was preferred as the adopted algorithm selects the best pixel available from all 

the acquisitions of both MODIS sensors located on NASA’s Terra and Aqua satellites from within 

the 8-day period. However, MOD15A2H was used to provide data for the missing dates in 

MCD15A2H in the years 2001 and 2002. The Enhanced Vegetation Index (EVI) data from the 16-

day MOD13A1.006 product was used to derive the fractional vegetation cover (FVC) for the entire 

period 2001-2011 using the “Mosaic Pixel” approach. This approach assumes that the quantity (∅) 

measure in a pixel can be understood as a mosaic with linear contributions from the vegetated area 

(𝜎 ) and bare soil (1-𝜎 ):  

∅ =  ∅ 𝜎 +  ∅ (1 −  𝜎 )   (4.12) 
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where the subscripts v and s represent values for fully vegetated and bare soil areas, respectively. 

Based on this equation, we derived the FVC as follows:  

𝐹𝑉𝐶 =

0,                      𝐸𝑉𝐼 ≤ 𝐸𝑉𝐼

, 𝐸𝑉𝐼 ≤ 𝐸𝑉𝐼 ≤ 𝐸𝑉𝐼

1,                  𝐸𝑉𝐼 ≥ 𝐸𝑉𝐼

    (4.13) 

Where 𝐸𝑉𝐼  and 𝐸𝑉𝐼  were seasonally and spatially invariant values set at 0.05 and 0.85 to 

correspond to the yearly minimum EVI of bare areas in northern Kenya, and yearly maximum EVI 

recorded at Congo Forest, respectively.  

The albedo values for 2001-2011 period were obtained from “White-Sky Albedo from shortwave 

broadband” variable in the daily MCD43A3.006 product (Schaaf et al., 2002). In order to ensure 

consistency with LAI data, the albedo observations for the days corresponding to the 8-day LAI 

were used. We computed land cover fractional areas from the MCD12Q1v006 product which 

provides global land cover types at yearly intervals (2001-2017) based on six different 

classification schemes. To account for land cover variations in East Africa during our study period 

we considered land cover maps for the period 2001- 2011 and selected the most frequent land 

cover class in each pixel and used this to determine time invariant land cover fractions in each 

0.05° by 0.05° grid cell. Since the land cover and phenology data was defined at same spatial 

resolution (500m), each phenology pixel therefore corresponded to a single land cover pixel. Pixels 

classified as bare areas were not considered in our analysis.  

The Quality Control (QC) files provided with each of the considered MODIS products were used 

to exclude pixels with poor retrievals due to various contaminations, thus leading to missing values 

in some pixels for one or more acquisition dates. These gaps were therefore filled using several 

steps for all biophysical variables. First the climatological mean and standard deviation were 

derived and any pixel with fewer than 5 observations in a particular day of the year across the 2001 

– 2011 period was set as missing for that particular day. These gaps were interpolated spatially 

from values of the same land cover class in neighboring cells. Using the gap-filled climatological 

mean and standard deviation, we derived standardized anomalies for all pixels. In cases where the 

first- or last-time steps in the anomaly time series were missing or where the nearest valid data 
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points were more than 2 intervals away, such cases were set to 0, and remaining gaps approximated 

using linear interpolation. The anomaly time series was then recombined with climatological mean 

and standard deviation to obtain the final gap-filled time series. The gap-filled variables were then 

aggregated from the 500m resolution to 0.05° simulation grid size by calculating a spatial average 

value for each land cover class in each 0.05° grid cell as follows (Bohn and Vivoni, 2019): 

�̅�(𝑐, 𝑡, 𝑖, 𝑗) =
( )

∑ 𝑥(𝑘 (𝑘 ), 𝑡)
( )        (4.14) 

Where 𝑥 is a vegetation phenology variable, 𝑘  is an index of the set of 𝑁 (𝑐) land cover pixels of 

class 𝑐 within the 0.05°grid cell, 𝑘 (𝑘 ) is the index within the cell of the MODIS pixel containing 

land cover pixel 𝑘 ,, t is the time index (at 8-day intervals), and 𝑖 and 𝑗 are the row and column 

indices of the grid cell. 

4.3.4 Experimental design and analysis  

To address the aim of the study, we considered two modeling experiments at 0.05º spatial 

resolution based on climatological mean of vegetation parameters as well as freely varying 

vegetation parameters derived from MODIS time series data. For simplicity, the VIC simulation 

based on climatological vegetation parameters is hereafter referred to as the control run (CTL) 

while that using timeseries MODIS data is the experimental run (EXP). The EXP simulation adopts 

the most realistic land surface conditions by using the spatially and temporally varying vegetation 

properties derived from MODIS data and therefore provides the reference for VIC model 

validation and sensitivity analysis of the water and energy balance to vegetation dynamics. 

Uncertainty in the initial states of the water and energy balance can significantly affect simulation 

in the long-term. We therefore repeated the 11-year simulation (2001-2011) three times based on 

final states from the previous simulation as initial conditions to for the next simulation until the 

change in the selected fluxes was within 1% tolerance both CTL and EXP simulations. 

In both simulations, the model was initialized using the forcing data described in section 4.3.3. 

The full energy mode in VIC model was used in which surface temperature is iterated to close the 

surface energy balance unlike the water balance mode which assumes land surface temperature to 

be equal to the surface air temperature. Further model configurations adopted in both simulations 
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included closed energy balance calculations, ARNO baseflow parameterization, and implicit 

solution for soil heat flux equation. In addition, the initial 2 years are used as a spin-up period and 

not considered in the analysis of model results.  

4.3.4.1 Model evaluation 

To evaluate the model performance, we compared the ET, latent heat and sensible heat from the 

EXP simulation with gridded estimates over the 2003 – 2011 period. The EXP simulation was 

specifically used for model evaluation as it is based on the more realistic representation of the land 

surface temporal and spatial heterogeneity. The model evaluation datasets used in this study have 

been widely evaluated and exhibit acceptable quality and reliability in multiple regions. The 

MODIS ET product (Mu et al., 2011, 2013) is based on an improved Remote Sensing-Penman- 

Monteith (RS-PM) approach which accounts for not only plant transpiration but also soil and 

canopy evaporation. The latent and sensible heat datasets are based on the FLUXCOM energy 

balance products (www.fluxcom.org) developed using an ensemble of machine learning models 

trained using global flux data (Jung et al., 2018). Two complementary approaches are used in the 

development FLUXCOM datasets. The first is a remote sensing approach in which energy fluxes 

are estimated exclusively from Moderate Resolution Imaging Spectroradiometer (MODIS) 

satellite data. The second approach includes meteorological data as covariates. In this study, we 

averaged latent and sensible heat data derived from both approaches to obtain empirical data for 

evaluation of the energy balance fluxes simulated in this study. We use several statistical measures, 

including the percent bias (PBIAS), root mean squared error (RMSE) and coefficient of 

determination (R2), to evaluate the EXP simulation results. These measures indicate the average 

error magnitude as well as direction of the error bias between the VIC model results and validation 

data  

4.3.4.2 Analysis of impacts of vegetation parameter variability 

The contribution of inter-annual vegetation dynamics on water and energy balance variability were 

objectively quantified using a variance analyses approach. The two experiments we adopted enable 

separation of the effect of vegetation dynamics on the interannual variability of a surface water 
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and energy ℳ variable from the other factors. First, we analyzed the difference in standard 

deviation of mean seasonal ℳ.  

𝛥𝑠𝑑ℳ = 𝜎ℳ(𝐸𝑋𝑃) − 𝜎ℳ(𝐶𝑇𝐿)  (4.15) 

Where 𝜎ℳ(𝐶𝑇𝐿) and 𝜎ℳ(𝐸𝑋𝑃) represent the interannual standard deviation of seasonal mean ℳ 

in the CTL and EXP simulations, respectively. 𝛥𝑠𝑑ℳ  provides a spatially varying measure of 

absolute influence of vegetation dynamics on seasonal water and energy balance variability. We 

also computed a percentage parameter 𝑃𝑉ℳwhich measures the relative influence of vegetation 

dynamics on seasonal water and energy balance variability. 

𝑃𝑉ℳ = ℳ( ) ℳ( )

ℳ( )
   (4.16) 

Where 𝜎ℳ(𝐶𝑇𝐿) and 𝜎ℳ(𝐸𝑋𝑃) represent the interannual variance of seasonal mean ℳ in the 

CTL and EXP simulations, respectively. 𝑃𝑉ℳ represents the fraction of the variance of a specific 

water and energy balance variable in CTL simulation that results from interannual vegetation 

dynamics. 

4.4 Result 

4.4.1 Time-varying vegetation parameters 

The fractional contribution of different MODIS land cover types per 0.05° grid box is shown in 

Figure 4-2. An evaluation of the dominant cover types from the MODIS land cover product shows 

that Evergreen forest are dominant in DRC and west Uganda while in Kenya the dominant cover 

types were open shrubland, Savanna and grassland. Across Tanzania, the dominant cover types 

are wooded Savanna, Savanna and crop/natural vegetation mosaics. In the north of Lake Victoria 

and extending into south Uganda savanna and crop/natural vegetation mosaic are dominant while 

open and closed shrubland types dominate in the northern parts of Kenya.  
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Figure 4-2: Fractional contribution per 0.05° grid box of MODIS land cover types (a) 
Evergreen broadleaf forest, (b) Deciduous broadleaf forest, (c) Mixed forest, (d) Closed 
Shrubland, (e) Open Shrubland, (f) Wooded Savanna, (g) Savanna, (h) Grassland, (i) 

Cropland, and (j) Cropland/natural mosaic  

We first examined the differences between the default LAI, FVC and albedo and the corresponding 

time-varying datasets derived from MODIS data. Although the default parameter values represent 

inter-annual averages of monthly climatology of the MODIS data for the 2001 – 2011 period, there 

are significant differences to the time-varying parameters. These differences are attributable to 

temporal variations linked to natural and human activities affecting the not only the vegetation 

phenology but also vegetation type in the study area. Figure 4-3 show the spatial distributions in 

seasonal coefficient of variation for LAI, FVC and albedo during the January-February, March-

May, June-September and October-December seasons. The long-term LAI data shows higher 

variance in most of the region during MAM and OND seasons, particularly in northern Kenya and 

Tanzania. The coefficient of variation of time-varying FVC generally corresponds to the LAI 

variations. The coefficient of variation in the time-varying albedo data is small across all seasons. 

As shown in Figure 4-3 the coefficient of variation for the albedo data varies between 0.0 to 0.4. 

compared to 0.0 to 1.45 for LAI and FVC.  
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Figure 4-3: Spatial variations in seasonal coefficient of variation for LAI, FVC and albedo 
during the January-February, March-May, June-September and October-December seasons.  

4.4.2 VIC Model evaluation 

To evaluate the simulated water and energy balance, we compared the EXP simulation with 

multiple datasets for 2003 – 2011 period. Figure 4-4 shows mean and standard deviation of 

monthly ET in the EXP simulation and MODIS ET product. Overall, the VIC model simulated 

well the geographical distribution of monthly mean ET in the study region with RMSE of 19.6, 

PBIAS of -20.4%, and R2 of 0.59. Both simulated and MODIS ET datasets show a clear gradient 

along the equator with high ET exhibited along the coast, Lake Victoria basin, Congo forest and 

Arc mountains in southern Tanzania. On the hand, low ET in both datasets is shown in an area 

extending from southern Ethiopia through Kenya to north eastern Tanzania. Across the region, 

high ET fluxes occurred in the Evergreen forests and cropland/natural vegetation mosaic (>35 

mm/month) signifying that these ecosystems are vital ET source areas in the region, while low ET 

amounts (<20 mm/month) were found in grassland and open shrubland. The ET variability shows 
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a similar pattern to that of mean ET in both the observations and the EXP simulation. Overall, the 

EXP simulation represents well the ET variability in comparison to the MODIS ET with RMSE 

of 6.3, PBIAS of 10%, and R2 of 0.72. While the simulated ET variability is overestimated in the 

northern and eastern parts of the region, the EXP simulation underestimates ET variability over 

the north western and south eastern parts of the region, which also exhibited large mean ET values.  

 

Figure 4-4: The mean and standard deviation of monthly ET (mm/month) in (left) EXP 
simulation and (right) MODIS data: (a, b) mean and (c, d) standard deviation 

The monthly mean and standard deviation of latent and sensible heat from the EXP simulation and 

FLUXCOM datasets is shown in Figure 4-5. With regard to the spatial patterns, a general 

agreement is exhibited between mean latent and sensible heat in the EXP simulation and 

FLUXCOM data with RMSE of 37.4, PBIAS of -40.5%, and R2 of 0.6 for latent heat, and RMSE 
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of 21.9, PBIAS of 46.2%, and R2 of 0.5 for sensible heat. However, the VIC model underestimated 

the latent heat flux and overestimated the sensible heat across the region. In addition, the VIC 

model reproduced effectively the regional gradients in energy balance fluxes as well as simulating 

realistically the magnitude of the interannual variability in the latent and sensible heat fluxes. The 

standard deviation of both latent and sensible heat is smallest in the Congo forest, north of Lake 

Victoria, norther Kenya and along the coast.  

 

Figure 4-5: The mean and standard deviation of latent heat and sensible heat (Wm-2): (a, e) 
mean and standard deviation of EXP simulation latent heat, (b, f) mean and standard deviation 
of FLUXCOM latent heat, (c, g) mean and standard deviation of EXP simulation sensible heat, 
and (d, h) mean and standard deviation of FLUXCOM sensible heat 

4.4.3 Influence of vegetation dynamics on water and energy balance  

In this section, we examined the effects of the vegetation parameters on water and energy balance 

components as simulated with the mean climatological and long-term vegetation parameters 
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during 2001-2011 period. By comparing the variability of evapotranspiration, latent heat, sensible 

heat, ground heat and vegetation canopy temperature fluxes from the CTL and EXP simulations, 

we evaluated the influence of the interannual vegetation parameters on the simulated water and 

energy balance components across the region.  

4.4.3.1 Effects on Evapotranspiration 

Figure 4-6 presents differences in standard deviations of seasonal mean daily evapotranspiration 

(mm/day) between EXP and CTL simulations (𝛥𝑠𝑑 ) for JF, MAM, JJAS and OND seasons. 

Since the variability of land surface parameters is removed in the CTL simulation, the differences 

seasonal ET variability indicate changes in ET due to interannual vegetation variations. Across the 

seasons, the interannual variability of seasonal ET is generally enhanced by time-varying 

vegetation parameters over the northern Uganda, western Kenya and north eastern Tanzania during 

the January-February and March-May seasons. Particularly, during the MAM and OND seasons, 

ET variability shows widespread enhancement by to time-varying vegetation parameters as 

exhibited by positive Δsd . The proportions of areas in which varying parameters were found to 

increase seasonal ET variability were 75%, 81%, 64% and 92% during the JF, MAM, JJAS, and 

OND seasons, respectively. Decrease in ET variability in the EXP simulation is mainly shown in 

JJAS, particularly in areas with increased variability during the MAM and OND seasons.  
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Figure 4-6: Difference in standard deviation of seasonal Evapotranspiration (mm/day) 
between EXP and CTL simulations (𝑫𝒔𝒅𝑬𝑻): (a) JF, (b) MAM, (c) JJAS and (d) OND.  

To address the heterogeneity in effects of vegetation parameters on ET, we computed the 

percentage of interannual variance caused by varying vegetation parameters during the MAM and 

OND seasons (Figure 4-7). This measure shows that the vegetation dynamics amplifies 

evapotranspiration variability during the rain seasons across the region except in western parts of 

the region, mainly characterised by evergreen forest cover. Interannual variations in land surface 

parameters accounted for 16%, 12%, 23% and 15% of the positive variance in ET across the region 

in the respective seasons. Therefore, although the spatial coverage of positive influence on ET 

variability is higher during the rain seasons (i.e MAM and OND) than in dry seasons, the 

magnitude of the influence is higher during dry season than in rain seasons. Although the positive 
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vegetation influence on ET is predominant across the region, at 76% and 81% of the region during 

MAM and OND respectively, there are negative signs particularly in western parts of the region. 

 

Figure 4-7: Percentage of interannual evapotranspiration variance due to vegetation 
dynamics (𝑷𝑽𝑬𝑻) during (a) MAM and (b) OND seasons.  

4.4.3.2 Effects on latent heat 

The differences in standard deviations of Latent heat flux between EXP and CTL simulations for 

JF, MAM, JJAS and OND seasons are shown in Figure 4-8. The differences indicate the influence 

induced by interannual vegetation variations since dynamic vegetation properties are a disabled in 

the CTL simulation. The results show enhanced variability in Latent heat in the EXP simulation. 

During the JF season, which mainly dry across the region, large variations in Latent heat due to 

dynamic vegetation properties are particularly simulated in most of central and eastern parts of 

Kenya, Northern parts of Uganda and southern parts of Tanzania, with magnitude of 5 – 20 Wm-

2. These areas are particularly composed of wooded savanna, grassland and shrubland land cover 

types. However, the areas with enhanced LE during the JF season show contrasting results in OND 

season. On the other hand, vegetation variations generally play a minimal role in influencing LE 

variability in JJAS season. In this period, vegetation variations exert negative influence on LE 
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standard deviation over the North western parts of the region with magnitude of up to -10 Wm-2. 

These areas also show increasing LAI trend as indicated in Figure 3-2. During the rain seasons 

(MAM and OND), interannual vegetation variations exert negative influence on LE in most parts 

of the region.  

 

Figure 4-8: Difference in standard deviation of seasonal Latent heat (Wm-2) between EXP and 
CTL (𝑫𝒔𝒅𝑳𝑬) simulations: (a) JF, (b) MAM, (c) JJAS and (d) OND.  

4.4.3.3 Effects on sensible heat 

Figure 4-9 shows differences between EXP and CTL in standard deviations of sensible heat during 

JF, MAM, JJAS and OND seasons. Generally, time-varying vegetation parameters results in an 

increase in standard deviation of seasonal sensible heat, particularly over a region extending from 
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western Kenya to norther Tanzania to southeast Tanzania. We further calculated the role of the 

vegetation dynamics on interannual seasonal sensible heat variability using the variance method 

(Figure 4-10). This parameter shows that interannual vegetation variations exert a strong influence 

on sensible heat variability in the Lake Victoria basin and northern Tanzania during MAM season, 

and an area extending from central to the Kenya coastline as well in Rwanda and Burundi during 

the OND season, accounting for about 40–80% of the total interannual sensible heat variance. 

 

Figure 4-9: Difference in standard deviation of seasonal Sensible heat (Wm-2) between EXP 
and CTL (𝑫𝒔𝒅𝑯): (a) JF, (b) MAM, (c) JJAS and (d) OND. 
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Figure 4-10: Percentage of interannual sensible heat variance due to vegetation dynamics 
(𝑷𝑽𝑯) during (a) MAM and (b) OND seasons. 

4.4.3.4 Effects on ground heat 

Figure 4-11 shows the differences between CTL and EXP in standard deviations of ground heat 

flux. Generally, the varying vegetation parameters causes an increase in interannual seasonal 

variability of ground heat over north eastern Uganda, central Kenya, and northern Tanzania. 

Across the region, proportion of areas showing positive effects are 43%, 71%, 78%, and 65% for 

the JF, MAM, JJAS and OND seasons respectively. Therefore, positive effects show strong 

dominance across the region for MAM and JJAS seasons. The magnitude of ground heat variability 

over the region are generally small as compared to latent and sensible heat variability changes. 

Figure 4-12 shows the percentage of ground heat interannual seasonal variance due to varying 

vegetation parameters. This measure reinforces the strong contribution of vegetation parameters 

on ground heat interannual seasonal variability accounting for about 17%, 31%, 35%, and 31% of 

the interannual ground heat variance during the JF, MAM, JJAS and OND seasons respectively.  
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Figure 4-11: Difference in standard deviation of seasonal Ground heat (Wm-2) between EXP 
and CTL (𝑫𝒔𝒅𝑮): (a) DJF, (b) MAM, (c) JJA and (d) SON. 

4.5 Discussion 

The application of land surface models is vital particularly in the assessment of the potential effects 

of environmental changes as well as in assessment of effectiveness of different climate change 

impact mitigation measures adopted at varying spatial scales. One of the crucial steps in 

application of these models is realistic parameterization of the land surface characteristics in the 

models and thus reducing uncertainties due to prescribed land surface parameters. In this study, 

two simulations (CTL and EXP) were conducted with the same meteorological forcing data 

covering the 2001 – 2011 period. The EXP simulation allows the land surface parameters to vary 

over time while in the CTL simulation the variability in land surface parameters is disabled by 
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prescribing the climatology of the surface parameters used in EXP. We therefore isolated the 

effects of interannual variations in vegetation on water and energy balance by comparing the two 

simulations.  

 

Figure 4-12: Percentage of interannual ground heat variance due to vegetation dynamics 
(𝑷𝑽𝑮) during (a) MAM and (b) OND seasons. 

VIC simulations of evapotranspiration, latent heat, and sensible heat were improved by the 

incorporation of time varying LAI, FVC and albedo data into the model, as demonstrated by the 

RMSE and R2 values between simulated and validation datasets. The model evaluation results 

shows performance statistics comparable to previous studies on regional water balance simulation 

(Ghilain et al., 2012; Guo and Shen, 2015a; Moriasi et al., 2007). As shown in Figure 4-6 to Figure 

4-12, using time varying land surface parameters accounts for increased variance in simulated 

water and energy fluxes. Although both the CTL and EXP simulations reproduced the seasonal 

characteristics of the land surface water and energy balance in the East Africa, the EXP simulation 

captured the interannual variance in these land surface fluxes more ardently. The findings of this 

study advance the greater knowledge on the impacts of time-varying land surface parameters on 
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the performance of VIC model, which is valuable for many applications, particularly for land 

surface and climate modelling.  

The spatial and seasonal patterns of the effects of vegetation dynamics on water and energy fluxes 

differ across the region. Compared to changes in standard deviation of sensible and ground heat, 

varying vegetation parameters shows larger effects on latent heat variability. However, despite the 

weaker influence on sensible and ground heat, the vegetation influence on these fluxes is still vital 

over many parts of the region as shown in Figure 4-10 and Figure 4-12. Although vegetation 

dynamics mainly enhance variability in seasonal water and energy balance, it also shows 

dampening effect in some parts of the region. For instance, vegetation dynamics may lead to 

decreased ET variability over north western parts of the region as well as other isolated areas in 

central Tanzania during the MAM and OND seasons and decreased sensible heat variability over 

the areas from North Uganda to eastern part of Kenya during MAM and OND seasons. 

Nevertheless, the negative differences between EXP and CTL simulations are limited to relatively 

small areas.  

The results of this study emphasis that improved modeling practices which consider the physical 

realism of spatial and temporal vegetation dynamics adequately represent surface water and energy 

balance as also concluded in multiple previous studies (Molod and Salmun, 2002; Pitman, 1991; 

Seth et al., 1994; Wood et al., 1992). The following key questions arising from the results of the 

study are discussed below: (1) Are the MODIS LAI, FVC and albedo datasets appropriate for 

water and energy balance modelling in East Africa? (2) What is the link between the new 

parameterization scheme and improved water and energy predictions? and (3) What are the key 

modelling factors affecting use of time-varying vegetation parameters in VIC model? These 

questions are addressed in the following sections.  

Are the MODIS LAI, FVC and albedo datasets appropriate for water and energy balance 

modelling in East Africa? 

In addition to meteorological forcing and soil parameters, the VIC model requires vegetation 

parameters (i.e LAI, FVC and albedo) which can be prescribed either as long-term monthly means 

or as a monthly time-series covering the period of study. The spatio-temporal variations in these 
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variables is a key underlying factor in the variations of land surface water and energy partitioning 

at local and regional scales as also concluded in multiple previous studies (Ke et al., 2012; Su et 

al., 1999). In this study, we used the widely applied VIC model to assess the effects of time-varying 

LAI, FVC and albedo input data on water and energy balance in East Africa. Most previous 

applications of the VIC model are based on the Advanced Very High-Resolution Radiometer 

(AVHRR) datasets at spatial resolutions greater than 0.05° and temporal resolutions of 1 month. 

In addition, these applications use the dominant land cover type in a grid to characterize the entire 

grid cell. Consequently, MODIS datasets provide a capability for reliable and consistent 

characterization of the land surface properties at higher spatial resolutions compared to the 

AVHRR data.  

What is the link between the new parameterization scheme and improved surface water and 

energy predictions? 

In order to improve simulation of surface fluxes, land surface parametrization schemes must 

address two crucial aspects: (1) sub-grid spatial variability in vegetation parameters, and (2) inter-

annual variability of the vegetation parameters due to both climatic and human factors.  As the 

regional surfaces over the typically resolvable scales in land surface models are extremely 

heterogeneous, surface parameterizations that assume homogeneity do not accurately characterize 

the surface forcing. The two types of sub-grid spatial heterogeneities accounted for in this study 

are differences between vegetation “tiles” and intra-tile heterogeneity. The former is considered 

through accounting for fractional coverage of different land cover types (e.g Evergreen deciduous 

forest, shrubs, and cropland) per grid cell while consideration of canopy gaps or exposed soil 

between plants in a particular tile accounts for the latter through a clumped vegetation scheme. In 

addition, vegetation parameters for a particular land cover type are allowed to vary from one grid 

cell to another based on MODIS data. Contrary to the “dominant” approach to land cover 

characterization (where the parameters of most dominant land cover type per grid cell are assumed 

to cover the entire cell), the “mosaic” approach adopted in this study allows for the water and 

energy fluxes to be calculated explicitly for every vegetation tile and the fluxes for each grid cell 

to be calculated as weighted averages of the tiles (Koster and Suarez, 1992a, 1992b; Melton and 

Arora, 2014). The inter-annual variability in land surface properties was captured more 
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realistically by using a time series of LAI, FVC and albedo obtained from various MODIS products 

following Bohn and Vivoni (2016 & 2019).  

What are the key modelling factors affecting use of time-varying vegetation parameters in VIC 

model? 

The efficient use of satellite remote sensing data in land surface modelling is dependent on not 

only the quality of the data but also the interoperability between the model and data (Kumar et al., 

2006; Rajib et al., 2020). The interoperability between the VIC model and MODIS data was 

addressed in terms of compatibility of the derived datasets with the model architecture (Bohn and 

Vivoni, 2019). Using this approach, MODIS data can be assimilated in VIC model across other 

regions in the Africa continent for improved simulation of surface water and energy balance. 

However, the optimum level of complexity required in parameterization of spatial and temporal 

land surface heterogeneities is still an unresolved issue. This is a crucial subject due to the trade-

off between higher resolution parameterization of land surface and the computation feasibility for 

continental to global simulations.  On other hand, there is need for extensive sensitivity analysis 

of the potential advective effects between the different patches within a grid cell and they may 

affect long-term simulation of water and energy balance.  

4.6 Conclusion  

In the current study, we create and evaluate the usefulness of a long-term MODIS-based land 

surface parameter data set using the VIC model over the East Africa region. As shown in our 

results, the use of time-varying land surface datasets in VIC model improves its capacity to 

accurately simulate the interannual variability in surface water and energy balance in East Africa. 

In addition, due to the land cover/use changes in East Africa, the long-term parameter set provides 

a better representation of the dynamic vegetation properties and is therefore more suitable for water 

and energy balance simulations. Nevertheless, prior to adopting the MODIS parameters in land 

surface simulations, it is crucial to compare the vegetation parameters derived from MODIS data 

to field observations and therefore link their differences to the variations in simulated regional 

water and energy fluxes. 
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In this study, we first derived a new vegetation parameter set based MODIS datasets for period 

2001-2011 which were then used in the simulation of regional water and energy balance fluxes. 

The derived parameter set showed that MODIS land cover provided significant variations in 

dominant vegetation covers compared to other regional land cover products over East Africa and 

specifically in the northern Uganda, and norther Kenya through to Tanzania which are areas mainly 

characterized by cropland/natural mosaic, savanna and shrubland cover types. In addition, the 

long-term LAI and FVC parameters showed significant spatial and temporal variations. As a result 

of the large discrepancies between the long-term and seasonally averaged vegetation parameters, 

the simulated regional water and energy fluxes during 2001 – 2011 period differ significantly 

between the two simulations.  

Based on our results, the use of long-term parameters in VIC model considerably increases the 

model performance in ET simulation across the study domain and particularly over the central 

Kenya and north west and central Tanzania, which are characterized by intensive human effects 

on vegetation dynamics through agriculture and livestock keeping activities. In addition, the strong 

coupling between land surface characteristics and regional water and energy balance is further 

demonstrated by the differences between the surface sensible heat fluxes simulated based on the 

two parameter sets. In southern parts of the region characterized by sparse savanna vegetation, 

long-term vegetation parameters lead to a decrease in evapotranspiration which increases the 

sensible heat flux, and this has the potential to increase in surface temperature in the area.  

Regardless of the improvements in the EXP simulation, both the CTL and EXP simulations are 

characterized by uncertainties attributed to not only errors in forcing meteorological data but also 

uncertainties in physical or empirical parameterizations in the model. In addition, the validation 

datasets used are characterized by uncertainties emanating from the empirical upscaling algorithms 

used to derive them. These uncertainties call for further analysis to improve regional water and 

energy balance simulations in East Africa. 
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Chapter 5: Effects of Land Cover Change on Water and Energy Balance in East Africa  

5.1 Abstract 

Changes in land cover characteristics due to human and natural causes affects not only the carbon 

storage capacity of the terrestrial ecosystems but also the biophysical characteristics of the earth’s 

surface. Particularly, increasing tree cover though afforestation, reforestation and other forest 

management practices affects not only the surface albedo, but also roughness length and the 

evaporative capacity. In this study, we evaluated the potential biophysical implications of 

extensive increase in tree cover across East Africa. Based on simulated evapotranspiration, latent 

and sensible heat, land surface temperature (LST), and vegetation canopy temperature, we assessed 

the potential effects of land cover change on water and energy balance in the region. The land 

cover changes showed an increase in mean LAI and fractional vegetation cover by 1.5 m2/m2 and 

0.16 respectively, while albedo decreased by 0.02 averaged across the region. As a result, total 

evapotranspiration was simulated to increase by 1.6 mm/month which is attributed to increased 

transpiration and canopy evaporation by 2.6 mm/month and 3.9 mm/month, respectively, and a 

decrease in bare soil evaporation by 4.9 mm/month. On the other hand, increased tree cover led to 

increased latent and sensible heat while land surface temperature and canopy temperature 

decreased by -1.0°C and -1.9°C respectively. Based on the findings of the study, increasing forest 

cover in the region will play a pivotal role in climate change adaption by inducing a highly needed 

local cooling effect. However, there is need for further analysis of the net effect from not only 

local afforestation efforts but also teleconnections due changes taking place in the surrounding 

regions.  

5.2 Introduction 

Among the most prominent impacts of human activities is the modification of the land surface 

through extensive land cover changes mainly involving conversion of forests to grassland and 

cropland (Pongratz et al., 2008). These changes have been linked to widespread biochemical and 

biophysical effects with the potential to influence the earth’s ecological and environmental systems 

at varying spatial and temporal scales (Bright et al., 2017; Devaraju et al., 2015; He et al., 2014; 

Lucia et al., 2017). Vegetation plays a crucial role in the land-atmosphere interface through the 

regulation of exchanges of carbon, water, heat, radiation and momentum. However, land cover 
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change has been shown as a major threat to the capacity of ecosystems to perform their 

provisioning and environmental regulation functions. Consequently, reforestation and/or 

afforestation have been recommended as key strategies for climate change adaptation and 

mitigation due to their immense potential in regulating local hydroclimatic conditions while rising 

the regional and global terrestrial carbon pools. However, most of the studies addressing the 

subject on impacts of land cover change have mainly adopted a carbon-centric perspective (Quéré 

et al., 2018; Sleeter et al., 2018). The biophysical implications of land cover change, particularly 

at the local to regional level, have been largely overlooked. The focus of this study is therefore to 

assess the local biophysical effects of land cover change on water and energy balance in East 

Africa. Understanding the potential effects of land cover change on partitioning of water and 

energy balance is particularly crucial for water resource management in the vast arid and semi-

arid areas in East Africa, where potential evapotranspiration far surpasses precipitation. 

For instance, changes in land cover types disrupts surface properties such as albedo, leaf area 

index, fraction vegetation cover, surface roughness, and canopy conductance at varying spatial and 

temporal scales (Anderson et al., 2011; Li et al., 2015b). These changes have been associated with 

biophysical effects composed of both radiative forcing (due changes in albedo) and non-radiative 

forcing (due to changes in the hydrological cycle through evapotranspiration rates) on local and 

regional climate (Davin and de Noblet-Ducoudre, 2010). Compared to bare areas, vegetation cover 

has a lower albedo causing an increase in proportion of energy absorbed by the surface which leads 

to increased surface temperature and potential increase in precipitation through the albedo 

mechanism (Meng et al., 2014). On the other hand, increased vegetation cover leads to enhanced 

evapotranspiration thus causing increased portioning of energy into latent heat. This causes a 

decrease in surface air temperature and potential increase in precipitation through the 

evapotranspiration mechanism. (Chen et al., 2012; Li et al., 2017, 2016; Peng et al., 2014). These 

competing biophysical effects of land cover changes not only vary spatially but also seasonally, 

with the magnitude of warming or cooling effect determined by specific vegetation changes and 

climatic conditions (Duveiller et al., 2018c). What’s more, the biophysical effects of LUCC on 

global climate have shown comparable magnitudes  to the biochemical effects as demonstrated in 

previous global modelling studies (Davin and de Noblet-Ducoudre, 2010; Devaraju et al., 2015; 

Pongratz et al., 2010). Consequently, it has been recommended that the biogeochemical 
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considerations mainly adopted in the crediting of forestry projects should be expanded to include 

the potential biophysical effects of such projects. 

As noted by Lucia et al. (2017), assessment land cover change impacts on surface water and energy 

balance can be observation-driven or model-based. In the observation-driven assessments, in-situ 

measurements from flux sites can be used (Lee et al., 2011; Zhang et al., 2014). However, due to 

insufficient spatial coverage of such stations, regional and global studies have mainly relied on 

satellite remote sensing products (Alkama and Cescatti, 2016; Duveiller et al., 2018c). These 

products provide biophysical variables such as albedo (Schaaf et al., 2002), land surface 

temperature and emissivity (Li et al., 2013; Wan, 2014) which can be used to estimate land surface 

water and energy balance. On the other hand, model-based assessment involves data-driven land 

surface models which are used to estimate changes in land surface fluxes by imposing different 

land cover scenarios based on observed or idealized land cover changes (Duveiller et al., 2018b; 

Forzieri et al., 2018).  

In this study, we assess the potential bio-geophysical effects emanating from alterations in the 

physical properties of the land surface in East Africa based on a land surface model. We primarily 

focused on land cover alterations due to increased tree cover through forestation and/or 

afforestation activities which are crucial strategies for climate change adaptation and mitigation 

across the east Africa following the extensive deforestation in the region (Brink et al., 2014). The 

changes in LAI, albedo, fractional vegetation cover due to the increase in tree cover were simulated 

by a dynamic vegetation model accounting for vegetation disturbance factors such as drought. This 

approach is more realistic for this particular region as it provides spatially and temporally explicit 

information for a better understanding of the geographic and seasonal patterns of the potential 

effects (Duveiller et al., 2018c). The simulated vegetation changes were then prescribed into the 

Variable Infiltration Capacity (VIC) model to assesses local biophysical impacts with particular 

emphasis on evapotranspiration (ET), latent and sensible heat as well as land surface temperature 

(LST) and vegetation canopy temperature.  
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5.3 Model description and experiments design 

5.3.1 The LPJ-mL dynamic vegetation model  

In this study, the Dynamic Global Vegetation Model with managed Land (LPJ-mL, Schaphoff et 

al., 2018) was used to simulate dynamic vegetation growth. This model has been evaluated at 

numerous sites spread across the globe and representing different vegetation types and has been 

shown to reasonably simulate spatial-temporal vegetation dynamics and carbon pools (Forkel et 

al., 2014, 2019). In LPJ-ml, vegetation composition per grid cell is a function of the fractional 

coverage of populations of various plant functional types (PFTs) which are normally prescribed 

based on existing land cover data. The natural PFTs represents vegetation aggregated into classes 

depending on leaf type (broadleaf, needleleaf), phenology (summergreen, evergreen, raingreen), 

and preferred climatic conditions (boreal, temperate, tropical). Some of the key vegetation growth 

processes are summarized below while additional details about the model are presented by 

Schaphoff et al. (2018). The Leaf Area Index (LAI) for individual PFTs is related to leaf biomass 

(𝐶 , ), Specific Leaf Area (𝑆𝐿𝐴, m2 gC-1), and crown area (𝐶𝐴 ) as follows:  

𝐿𝐴𝐼 =
, ∙

   (5.1) 

The SLA is derived using an empirical relationship with leaf longevity (𝛼 ) which determines 

whether certain climatic conditions will favor growth of deciduous or evergreen phenology PFTs. 

As suggested by Smith et al. (2014), the equation of SLA for needle-leaved and broadleaved PFTs 

is as follows: 

𝑆𝐿𝐴 = ∙ 10 ∙  ( )/  ( )  (5.2) 

Where parameter 𝛽  is adapted for broadleaved (𝛽 = 2.2) and needle-leaved trees (𝛽  = 2.08) and 

for grass (𝛽  = 2.25), and 𝛽  is set to 0.4. The dry matter carbon content of leaves (𝐷𝑀 ) is set to 

0.4763 (Schaphoff et al., 2018).  

The foliar projective cover (𝐹𝑃𝐶 , which is defined as the vertically-projected percentage 

coverage of photosynthetic foliage) is essential in determining canopy transpiration and radiation 
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interception. The 𝐿𝐴𝐼 ,  can be converted into 𝐹𝑃𝐶 using the canopy light-absorption model 

(Lambert–Beer law) as follows: 

𝐹𝑃𝐶 = 1 − 𝑒( . )  (5.3) 

In a grid cell, the entire FPC is computed by multiplying 𝐹𝑃𝐶  by the crown area (CA) and 

population density (P): 

𝐹𝑃𝐶 =  𝐶𝐴 ∙ 𝑃 ∙ 𝐹𝑃𝐶   (5.4) 

Where crown area (𝐶𝐴) is obtained by applying the stem diameter (D) based on the inversion of 

Reinecke’s rule (Zeide, 1993) with 𝑘  as the Reineke parameter (Schaphoff et al., 2018): 

𝐶𝐴 = min (𝑘 ∙ 𝐷 , 𝐶𝐴 )  (5.5) 

On the other hand, Albedo (β), which is the average reflectivity per grid cell, is determined by 

several drivers such as land surface conditions as well as assumed albedo values for bare soil, plant 

functional types,  and snow (Forkel et al., 2014; Schaphoff et al., 2018; Strengers et al., 2010). The 

grid cell albedo in LPJ-ml can be expressed as: 

𝛽 =  ∑ 𝛽 ∙ 𝐹𝑃𝐶 + 𝐹 ∙ (𝐹 ∙ 𝛽 + (1 − 𝐹 ) ∙ 𝛽 )   (5.6) 

Where 𝛽  is the albedo of each existing PFT, 𝐹𝑃𝐶  is the foliage projective cover of the 

respective PFT, 𝐹  and 𝐹  are the coverage of bare soil and snow on top of bare soil in a 

grid cell and 𝛽  and 𝛽  are the soil and snow albedo parameters, respectively. The albedo of 

the different PFTs is the sum of leaf, stem/branches and litter (background) albedo. The albedo of 

green leaves depends on the daily phenology status (𝐹𝑃𝐶 ), and the PFT‐dependent leaf albedo 

parameter (𝛽 , ). The albedo of stems and branches is determined based on the fractional 

coverage of the ground by stems and branches and a PFT‐dependent stem albedo parameter 

(𝛽 , ). The 𝛽 , 𝛽  and 𝛽  parameters were based on optimized results from multiple 

previous studies (Forkel et al., 2014; Schaphoff et al., 2018; Strengers et al., 2010).  
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The forcing data used in LPJ-mL consisted of Climate Hazards group Infrared Precipitation with 

Stations (CHIRPS) dataset (Funk et al., 2015), frequency of rain days derived from the CHIRPS 

data, mean temperature and cloud fraction obtained from a high resolution daily meteorological 

dataset developed by Princeton university hydrology group for East Africa (Chaney et al., 2014; 

Sheffield et al., 2006). The soil information was obtained from the Africa Soil Information Service 

(AfSIS) project database (http://africasoils.net). Area fractions for different land cover types per 

grid cell are also part of the model input datasets thus the MODIS land cover data 

(MCD12Q1v006) for the year 2005 was used in this study. Although this product provides land 

cover data at yearly interval from 2001 to 2017 in six different classification schemes, we selected 

the data for 2005 with the IGBP classification. In LPJ-mL land cover is specified in terms of the 

maximum annual FPC per PFT.  However, the establishment and survival rates for the PFTs are 

based on bioclimatic limits, heat and cold stress, competition among PFTs, as well as fire 

disturbance. The fractions of different land cover types per 0.05° x 0.05° grid cells were converted 

into FPC as described in section 5.3.3.  

5.3.2 Variable infiltration capacity (VIC) model  

The vegetation parameters (LAI, FVC, and albedo) from the LPJ-mL were used as inputs in in 

three-layer Variable Infiltration Capacity (VIC) model (Liang et al., 1994) version 4.2.d to assess 

the effects of simulated changes in vegetation dynamics on surface water and energy balance. The 

VIC model is a grid-based, semi-distributed process-based land surface and hydrologic model 

which can be forced with meteorological data in an offline mode or directly coupled to General 

Circulation Models (GCMs). This model has been widely applied and evaluated at global and 

continental levels as well as across large river basins (Bohn and Vivoni, 2016; Crow et al., 2003; 

Wu et al., 2011; Zhao et al., 2013). The vertical energy and moisture fluxes at each grid cell are 

calculated in the model by resolving full water and energy balances based on the vegetation 

properties and coverage as well as soil characteristics. Land surface heterogeneity is represented 

in the model through consideration of multiple vegetation classes within a single grid cell as 

vegetation mosaics. The simulated fluxes from each land cover mosaic within a grid cell are then 

combined as weighted sum for a given grid cell. The adopted VIC version also includes modified 

vegetation formulation which accounts for vegetated and non-vegetated area fractions in each 
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vegetation tile based on a “clumped” approach. This alteration approximates the effects of exposed 

soil between plants thus allowing for a time-variant bare soil area and accounting for the effects of 

shading and wind attenuation from nearby vegetation (Bohn and Vivoni, 2016). For each land 

cover tile, vegetation parameters (LAI, FVC, and albedo) were assigned inform of daily time series 

for each land cover scenario.  

The forcing datasets used in VIC model comprised of meteorological, vegetation and soil data. 

The precipitation data was obtained from version 2 of the Climate Hazards group Infrared 

Precipitation with Stations (CHIRPS) dataset (Funk et al., 2015). Minimum and maximum 

temperature, as well as wind speed datasets were obtained from a high resolution daily 

meteorological dataset developed by Princeton university hydrology group for East Africa 

(Chaney et al., 2014; Sheffield et al., 2006). This dataset is created by downscaling the National 

Centers for Environmental Prediction–National Center for Atmospheric Research (NCEP–NCAR) 

reanalysis, adjusting for temporal inconsistencies and assimilating quality controlled and gap-

filled Global Summary of the Day (GSOD) in situ measurements to remove random errors. The 

model was set up using three soil layers with varying depths. For each grid cell, the soil classes 

and properties at top and subsurface layers were obtained from the Africa Soil Information Service 

(AfSIS) project database (http://africasoils.net) while the root zone depth and fraction of root zones 

of each vegetation type were estimated according to Zeng (2001). The pedo-transfer functions of 

Saxton and Rawls (2006) were used to estimate the saturated hydraulic conductivity for each soil 

layer. Spatial variation in elevation were estimated using SRTM dataset (Jarvis et al., 2008). All 

the input datasets obtained from different sources at different resolutions were resampled to 0.05º 

spatial resolution for the VIC model simulation.  

5.3.3 Land cover change scenarios 

One of the key input datasets in LPJ-mL is the annual maximum FPC which defines the possible 

maximum fraction for different PFTs simulated per grid cell. However, the land cover classes in 

existing global and regional land cover datasets are not directly comparable with PFTs used in 

vegetation growth models. We therefore reclassified the MODIS land cover classes following Ottlé 

et al. (2013) into two tree PFTs (Tropical broadleaf Evergreen, and Tropical broadleaf raingreen 

trees) and tropical herbaceous PFT (which characterized grass, shrub and cropland). In addition, 
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although we translated the land cover types into fractions of PFTs per 0.05x 0.05 grid cell, these 

fractions do not represent FPC. Thus, a grid cell in land cover maps can be classified as covered 

by 100% deciduous broadleaf forest while this grid cell may contain only 80% trees while the rest 

is covered by herbaceous plants. The tree PFTs (e.g Deciduous broadleaf forest) in every grid cell 

were therefore converted into annual maximum FPC using the MODIS Vegetation Continuous 

Fields dataset (Townshend et al., 2011) for the year 2005 as follows (Forkel et al., 2014):   

𝐹𝑃𝐶 =  𝐿𝐶  𝑋
∑

  (5.7) 

Where 𝐿𝐶  is the fraction covered by a tree PFT in a 0.05x 0.05 grid cell, 𝐹  is the fraction 

of tree cover in the grid cell based on MODIS Vegetation Continuous Fields dataset and 𝑛 is total 

number of tree PFTs in the 0.05x 0.05 grid cell. To obtain the hypothetical land cover change 

scenario, the bare areas fraction in the MODIS Vegetation Continuous Fields was considered as 

converted to tree cover and the annual maximum FPC for each PFT re-calculated as explained 

above. This is a hybrid diagnostic-dynamic approach to simulation of land change where 

increasing annual maximum FPC for tree cover types allows increased establishment and survival 

of tree PFTs in a particular grid cell while the vegetation growth and mortality is determined by 

the allocation rules in LPJ-mL (Forkel et al., 2014). Recent studies on the parameterization of the 

LPJ-mL were used to adapt the model for the East Africa region using parameter values obtained 

in previous global calibration studies (Forkel et al., 2014, 2019). The differences between current 

and simulated LAI, FVC and albedo are shown in Figure 5-1. 

5.3.4 Experimental design  

The East Africa region was considered in this study, an area spanning approximately 2,267,136 

km2 (bounded by N5.52 and S11.76 latitude, W28.8 and E41.92 longitude). This area comprises 

the countries of Burundi, Kenya, Tanzania, Rwanda and Uganda, and portions of the Congo, 

Ethiopia, Malawi, Mozambique, Somalia, South Sudan and Zambia (Figure 3-1). A four-step 

methodological approach was adopted as follows: (a) simulation of water and energy balance 

based on present-day land surface parameters derived from multiple MODIS products (section 

4.3.3), (b) preparation of land cover change scenarios reflecting increased tree cover over the study 
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region and simulation of the corresponding LAI, FVC and albedo over the 2001 – 2011 period 

using LPJ-mL, (c) simulation of the water and energy balance using simulated LAI, FVC and 

albedo as inputs in VIC model and (d) evaluation of the local impacts of land cover change on 

water and energy balance based on ET, latent heat, sensible heat, land surface and vegetation 

canopy temperature. All data processing and analysis was performed in R software. 

5.4 Results 

The results in this study provide details of potential impacts of increasing tree cover per 0.05° grid 

cell across the East Africa region. The effects of land cover change were assessed on annual and 

seasonal basis for selected water and energy fluxes. It is noteworthy that changes in multiple land 

surface biophysical properties including albedo, surface roughness and evaporative capacity may 

induce contrasting impacts on the overall water and energy balance components.  

 

Figure 5-1: Spatial patterns of the changes in mean annual LAI (a), FVC (b) and albedo (c) 
due to the simulated land cover change. 

5.4.1 Simulated land cover changes 

Across the study area, LAI, FVC and albedo showed major seasonal variations. The area-averaged 

annual and seasonal changes in LAI, FVC and albedo are shown in Table 5-1. The annual mean 

LAI and FVC increased by 1.5 m2m-2 and 0.16, respectively, while the albedo in land cover change 
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simulation is lower by 0.02. The mean LAI (FVC) in March-May and October-December seasons 

increased by 1.8 m2m-2 (0.17) and 1.5 m2m-2 (0.17) respectively (Table 5-1). Consequently, the 

surface albedo during these seasons decreased by 0.022 and 0.021 respectively (Table 5-1). The 

spatial patterns of annual changes in LAI, FVC and albedo between the present-day and land cover 

change simulations are shown in Figure 5-1. Major changes in the vegetation parameters were 

exhibited in areas with high bare area fractions as well as areas with short vegetation including 

grass, crops and shrubs as the main land cover types such as North eastern parts of Kenya, northern 

Tanzania and the Lake Victoria basin areas. Seasonally, strong spatial variations are shown in the 

LAI and FVC differences during the MAM and OND rain seasons (Figure A. 2 - Figure A. 4). 

Minimal albedo changes were exhibited across the seasons. During the JJAS season, which is the 

main dry season in most parts of the region, key vegetation changes were simulated in areas 

extending from northwestern Uganda through north of Lake Victoria into western Kenya. This 

area is particularly characterized by savanna and cropland cover types in the control simulation 

while in the LUCC simulation they are mainly covered by wooded savanna and crop/natural 

vegetation mosaics hence the strong increase in LAI and FVC.  

5.4.2 Effects of land cover change 

The changes in evapotranspiration, latent heat, sensible heat, ground heat, land surface temperature 

and vegetation canopy temperature fluxes averaged across the study area are also shown in Table 

5-1. The simulated land cover changes showed statistically significant effects on all of the annual 

average water and energy fluxes shown in Table 5-1. The simulated increase in annual 

evapotranspiration (1.6 mm/month) is mainly attributed to an increase in vegetation transpiration 

(3.9 mm/month) and canopy evaporation (2.6 mm/month) and a corresponding decrease in soil 

evaporation (-4.9 mm/month). While the mean annual ground heat flux shows a decrease (by 0.19 

Wm-2) due to increased tree cover, the mean annual latent and sensible heat increased by1.5 Wm-

2 and 9.7 Wm-2, respectively. On the other hand, simulated annual mean canopy temperature 

decreased by 1.9 °C while land surface temperature decreased by 1.0 °C. The seasonal responses 

are also significant across all the water and energy fluxes. Latent heat represents the heat linked to 

physical evaporation (i.e., from soil and canopy surfaces) and transpiration through the stoma. 

Therefore, evapotranspiration acts a key link between the land surface water and energy balances.  
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Table 5-1: Differences in region-averaged water and energy balance fluxes between the control 
and the LUCC simulations for the annual, January-February, March-May, June-September 
and October-December periods. The changes in bold are statistically significant (t-test, p < 0.05) 

Variable (units) Annual JF MAM JJAS OND 

LAI (m2/m2) 1.5 1.7 1.8 1.3 1.5 
FVC (fraction) 0.16 0.16 0.17 0.15 0.17 
Albedo (fraction) -0.02 -0.020 -0.022 -0.018 -0.021 
Total ET (mm/month) 1.6 2.1 1.9 0.8 2.0 
Canopy Evap (mm/month) 2.6 3.7 3.4 1.1 3.24 
Transpiration (mm/day) 3.9 4.4 5.2 2.0 4.6 
Bare Evap (mm/day) -4.9 -5.9 -6.7 -2.3 -5.9 
Latent Heat (W/m2) 1.5 2.1 1.8 0.7 1.8 

Sensible Heat (W/m2) 9.7 10.0 8.9 10.4 9.5 

Ground Heat (W/m2) -0.19 -0.24 -0.20 -0.17 -0.18 

LST (°C) -1.0 -1.1 -0.8 -1.1 -1.0 

Canopy Temperature (°C) -1.9 -2.0 -1.6 -2.1 -1.8 

It is noteworthy from Table 5-1 that the key vegetation changes were simulated in October- May 

period which coincides with the main rain seasons in most parts of the region. However, main 

changes between the simulations are expected where the significant changes in land cover 

properties occur. Thus, the regional average results presented in Table 5-1 may obscure key spatial 

variations in the simulated surface fluxes in the region. The subsequent sections focus on effects 

on surface water and energy fluxes during the seasons and discuss the corresponding mechanism 

of land cover change impacts. The multiyear mean as well as seasonal changes in total 

evapotranspiration and its various components was considered as an indication of the potential 

effects of tree cover increase on water balance in the region. As discussed in the previous chapter, 

the control simulation reproduced the MODIS evapotranspiration data effectively as indicated by 

consistency in the spatial and temporal patterns of the simulated ET. On the hand, effects of land 

cover change on energy balance were assessed based on changes in simulated latent heat, sensible 

heat, and land surface temperature and vegetation canopy temperature.  

5.4.2.1 Effects on evapotranspiration  

In order to evaluate the effects of land cover change on the water balance, we distinctly examined 

the three components of ET simulated by VIC (i.e vegetation transpiration, canopy interception 
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evaporation and bare soil evaporation). Figure 5-2 shows the spatial patterns of annual changes in 

vegetation transpiration, canopy evaporation, and bare soil evaporation due to land cover change 

while the seasonal changes are shown in Figure A. 5 to Figure A. 8 (in the appendices). Spatially, 

annual changes in vegetation transpiration and bare soil evaporation showed comparable responses 

to land cover change. As shown in Figure 5-2, substantial changes in all ET components are 

simulated in the Lake Victoria basin area, which is currently mainly covered by cropland and 

grassland. Due to intensive land use in this area, a strong decrease in bare soil evaporation rate was 

simulated under increased tree cover compared to other areas. Across the seasons, increase in tree 

cover shows large increase in transpiration rate as well as decrease in bare soil evaporation.  

 

Figure 5-2: Mean annual changes (mm/month) in (a) vegetation transpiration, (b) canopy 
evaporation and (c)bare soil evaporation due to the simulated vegetation changes. 

The mean total evapotranspiration in the MAM and OND rain seasons increased by 1.9 and 2.0 

mm/month respectively (Table 5-1, Figure A. 5) which is mainly attributed to increased canopy 

evaporation and transpiration. During the June-September season, which is a dry season in the 

region, the simulated changes in ET components are minimal though statistically significant. As a 

result of phenological vegetation changes in the region, there is minimal difference in the 

prescribed LAI and FVC between the two simulations during this season (Table 5-1) which lowers 

the difference in simulated ET.  
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5.4.2.2 Effects on surface energy balance change 

The changes in sensible and latent heat in this study were in the same direction in most parts of 

the study area, similar to the findings of other previous studies (Chen et al., 2012). Increasing tree 

cover increased sensible heat in most parts of the study domain across all the seasons (Table 5-1 

and Figure A. 10). The strongest sensible heat changes between the control and land cover change 

simulations were exhibited in eastern parts of Kenya which are mainly characterized by grasslands 

and shrublands with high proportions of bare areas. Small areas with strong positive sensible heat 

changes were found northern parts of Tanzania during the four seasons. The sensitivity of the latent 

and sensible heat to changes in LAI is shown in Figure 5-3c-d as a function of mean annual 

precipitation and temperature. In these variables, high sensitivity is shown in areas with high mean 

temperature and low mean annual precipitation. These areas are particularly arid and semi-arid and 

key hotspots of vegetation degradation and intensive human activities leading to a decreasing trend 

in vegetation cover (Pricope et al., 2013). Thus, increasing tree cover in these areas will 

significantly increase the turbulent heat fluxes and thus contribute to a strong cooling effect.  

 

Figure 5-3: Mean annual changes (Wm-2) in latent heat (a) and sensible heat (b) due to 
vegetation changes. The sensitivity of the latent heat and sensible heat changes to LAI changes 
binned as a function of climatological mean Precipitation (mm) and Temperature (°C) across 
the study region are shown in (c-d) in terms of ΔLE/ΔLAI and ΔH/ΔLAI, respectively.  
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Land surface temperature significantly decreased by 0.8°C and 1.0°C in MAM and OND over the 

study region (Table 5-1 and Figure A. 11). The decrease in vegetation canopy temperature is even 

greater during these seasons at 1.6°C and 1.8°C. The cooling effect of increased tree cover over 

the study region can be explained by the evapotranspiration, albedo and surface roughness 

mechanisms. The decrease in albedo due to increased LAI and FVC is expected to lower the 

proportion of surface upward shortwave flux thus warming the surface. However, the increase in 

total evapotranspiration leads to increased turbulent heat fluxes (by 1.5 Wm-2 for mean annual 

latent heat and 9.7 Wm-2 for mean annual sensible heat) at the surface leading to a net cooling 

effect. However, the intricate interplay between these mechanisms in east Africa still needs further 

study particularly based on fully coupled land surface and atmosphere models. The sensitivity of 

the land surface and canopy temperature to LAI change across different climatological gradients 

is particularly similar to the sensitivity of sensible and latent heat, respectively (Figure 5-3c-d and 

Figure 5-4c-d).  

 

Figure 5-4: Mean annual changes (°C) in land surface temperature (a) and vegetation canopy 
temperature (b) due to vegetation changes. The sensitivity of the land surface and canopy 
temperature changes to LAI binned as a function of climatological mean Precipitation (mm) 
and Temperature (°C) across the study region are shown in (c-d) in terms of ΔLST/ΔLAI and 
ΔVEGT/ΔLAI, respectively.  
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Although our analysis focused on the mean surface and canopy temperature, the changes in 

minimum and maximum temperature are expected to show contrasting dynamics. The variations 

in LST and canopy temperature response to transitions across different land cover types is 

indicative of the different biophysical characteristics associated with the different cover types. For 

instance, open land cover types (i.e grassland, cropland, open shrubland and savanna) have less 

biophysical control on maximum LST due to their structure and surface roughness. Thus, 

increasing tree cover in this land cover types is accompanied by considerable decrease in maximum 

surface and canopy temperatures. On the other hand, increased tree cover leads to reduced albedo 

which is expected to cause a steady increase in minimum surface and canopy temperature.  

5.5 Discussion  

The terrestrial biosphere represents a vast and dynamic part of the Earth system which is presently 

undergoing widespread and significant changes due to human factors such as climate and land use 

change (Bondeau et al., 2007; Müller et al., 2006; Weber et al., 2009). The negative impacts of 

these factors present a serious risk on the key functions of the biosphere including the provisioning, 

regulating services such as local cooling, the terrestrial carbon sink, floral and faunal biodiversity, 

as well as accessible fresh water among others. On the other hand, multiple intervention measures 

have been formulated and implemented through various national, regional and global calls for 

action across the globe and particularly in the Africa continent. However, there is need for better 

understanding and modelling of current and future dynamics of the terrestrial biosphere. One of 

the major concerns East Africa is enhanced land cover changes mainly linked to expansion of 

croplands, overgrazing and climate induced vegetation mortality (Pricope et al., 2013). On the 

other hand, afforestation and/or reforestation have been widely encouraged as key strategies to 

address declining sustainability of the ecosystems as well as for climate change adaptation and 

mitigation in the region.  The effects of these changes on the local climate, mainly through the 

accompanying biophysical changes such as albedo and ET, should be evaluated realistically to 

determine the extent to which they counteract or enforce the effect of greenhouse gases. In contrast 

to the effect of atmospheric greenhouse gases, the local climate sensitivity to land cover changes 

vary depending on the location, extent and type of land cover conversion (Anderson et al., 2011; 
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Devaraju et al., 2015; Duveiller et al., 2018c; Forzieri et al., 2018; Münch et al., 2019; Zhao and 

Jackson, 2014). 

This study aimed to present an assessment of the potential impacts of land cover change on surface 

water and energy balance in East Africa based on VIC model through application of dynamic 

vegetation model (LPJ-mL) and a land surface model (VIC) at a 0.05° x 0.05° spatial resolution. 

The study therefore represents an improvement over the previous simulation studies in region as 

it resolves patterns of vegetation dynamics that may not well represented at coarser spatial 

resolutions. In addition, hypothetical land cover changes in region are represented through a hybrid 

diagnostic-dynamic vegetation approach which allows for growth and mortality of vegetation to 

vary over time based on a maximum projected cover per land cover type. As a result, the study 

was been able to provide a complete accounting of changes in surface properties based on an 

approach that is consistent with the simulation of biome shifts from dominantly herbaceous cover 

to increased tree cover.  

5.5.1 Simulation of vegetation dynamics 

The application of vegetation growth models in assessment of land cover change projections 

presents new possibilities for the evaluation of surface fluxes under a more broadly inclusive range 

of environmental changes compared to use static land cover maps to represent land cover change 

scenarios (Gerten et al., 2004). The simulated effects of increased tree cover show generally 

increase in LAI, FVC and decrease in albedo. However, the response of these variables to changes 

in tree cover is non-linear due to variations in vegetation response to temperature and water 

availability as well as the stochastic processes in the model such as vegetation establishment and 

mortality. Although different dynamic vegetation models are expected to show a generally similar 

results to LPJ-mL due to the common photosynthetic physiology, these models differ in many 

aspects such as fire-vegetation interactions, carbon allocation and growth, nitrogen cycling 

constraints, as well as vegetation responses to temperature and water availability (Sitch et al., 

2008). These differences in model structures may influence the simulated vegetation composition 

and carbon storage. These uncertainties can be addressed by exploiting a range of models to 

simulate an ensemble of potential impacts of tree cover changes on vegetation properties (Weber 

et al., 2009). In addition, there is need for further analysis of vegetation sensitivity to CO2 
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fertilization in the region. Nevertheless, this does not invalidate the general inference that increased 

tree cover is likely to contribute to changes in the surface water and energy balance in the region.  

5.5.2 Impacts of tree cover change on water and energy flux 

Natural and human-caused changes in land cover/use are a major influence of local climatic 

conditions through multiple mechanisms including changes in surface albedo and 

evapotranspiration. In this study, our analysis provides a critical perspective in the understanding 

of regional effects of land cover changes on local water and energy balance. Our results correspond 

with findings in earlier modeling and empirical studies on the effects of land cover type transitions 

on surface water and energy fluxes. The impacts of land cover changes on surface fluxes were 

particularly attributed to changes on biophysical properties such as surface albedo, evaporative 

capacity and surface roughness (Davin and de Noblet-Ducoudre, 2010). Despite the warming 

effect of decrease in albedo due to increased tree cover, the increase in total evaporation led to net 

cooling effect across the region. This cooling effect from increased tree cover is crucial as it could 

further reduce tree mortality induced by high temperatures and water stress. Moreover, multiple 

previous studies have noted that air temperature trends are closely related to average LST trends 

thus the impacts of land cover change on average LST and canopy temperature can be used to infer 

the potential effects on air temperature (Alkama and Cescatti, 2016; Fall et al., 2010; Li et al., 

2016). However, the impact on LST has been shown to be higher than on air temperature (Alkama 

and Cescatti, 2016) thus more analysis is required to expound on the connection between LST and 

air temperature changes due to land cover change in East Africa. Nevertheless, the full extent of 

local influence of these mechanisms, particularly in arid areas such as in East Africa remains 

largely undetermined. As noted by Anderson et al. (2011), consideration of the biophysical effects 

of land cover changes is vital in development of climate policies as it helps to effectively estimate 

the climate benefits of forestry projects thus providing actual value of such projects. On the other 

hand, there is lack of consensus on the quantification of biophysical effects of land cover changes 

in comparison to the carbon sequestration impacts at various temporal and spatial scales. In 

addition, there is need for further evaluation of the multiple interactions and forcing from land 

cover changes both locally and through atmospheric teleconnections. 
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5.6 Conclusions 

In this study, we analyze the impacts of increased tree cover on water and energy balance in East 

Africa. The approach adopted in the study provides a necessary assessment of the potential local 

impacts of afforestation and/or reforestation on land surface fluxes. Evaluation of potential impacts 

underscores spatio-temporal non-uniformity of land cover changes and therefore helps to better 

predict impacts of changes that have not yet occurred. The results of this study illuminate the need 

for use of more representative land cover scenarios in planning of forestry and agricultural 

development as well as assessment of the impacts of the subsequent vegetation changes. The use 

of a land surface model in simulation of surface fluxes allowed comparison of effects of forests 

and other cover types that are close in distance and that experience similar climatic conditions. 

Our findings are particularly useful in the planning and management of forest cover in the region 

which is continually threatened by a growing intensity of human activities. Through our results, 

we confirm the need for more concerted afforestation efforts in the region and provide a better 

understanding of the local impacts of these efforts. While our modelling approach can be useful in 

land surface water and energy balance studies, we acknowledge that the present study has some 

limitations. First the changes in the water and energy fluxes were based on prescribed non-

interactive climatic forcing. Sensitivity of these fluxes to the climatic feedbacks can have 

substantial impact on their variance both in short and long-term. Second, the uncertainties in the 

model configuration particularly parameterization of the water and energy balance can have a 

significant effect on the simulated changes in these variables. Nevertheless, our results underscore 

the need for consideration of not only the carbon-related effects of land cover changes but also the 

biophysical effects which is gap in the most of the assessments of the climatic benefits of forestry 

activities in the region. 
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Chapter 6: General Discussion and Conclusions 

6.1 General Discussion 

This study focuses on assessment of land cover change impacts on water and energy balance in 

East Africa. To address the intricacy of the study topic, information from multiple sources, 

including climate data, remote sensing data, and a land surface model, was used. The first part of 

the thesis (Chapter 1 and 2) provides a general background information on the study and area of 

focus. The second part (chapter 3) assesses the vegetation dynamics in East Africa based on remote 

sensing data, thus providing input for the third part (Chapter 4 and 5) which explores the influence 

of parameterization of land surface dynamics on the simulation of regional water and energy fluxes 

as well as the potential effects of land cover change on surface water and energy balance from a 

modeling and observation perspective. The study process was guided by three research questions 

and the conclusions for each question are summarized in the following sections. 

 What are spatial and temporal patterns and trends in observed vegetation dynamics in East 

Africa, and how do they relate to climate anomalies? 

Observed LAI data over the 1982 -2011 period revealed a significant increase in about 25% of the 

region while significant decreasing trend in LAI was recorded in 4% of the region. However, 

analysis of the temporal consistency in the LAI trends showed that non-monotonic vegetation 

changes were widespread in the region, with about 78.3% of the study area showing statistically 

significant (p<0.05) abrupt changes in the general long-term trends during the study period. 

Widespread decreasing LAI trend found in Tanzania during the OND season coincides with 

Vrieling et al. (2013) finding of a decrease in the length of growing season.  The vegetation-climate 

regression analysis provided a view of the interactions between vegetation and climate. The annual 

average water balance emerged as the key factor determining the level of vegetation resistance to 

drought anomalies compared to the human footprint. A high sensitivity of vegetation resistance 

coefficient across the region coincides with intermediate water balance areas. This relates with 

findings of Huxman et al. (2004) based on the correlation analysis of net primary production and 

annual precipitation data at sites sampled from major global biomes.  However, due to the coarse 

spatial resolution of the data, the obtained vegetation response is comprised of the response by the 

dominant vegetation type as well contamination by spurious signal attributed to other vegetation 
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types in the pixels. The sensitivity of vegetation in drier areas has been linked to vegetation drought 

resistance strategies such as low specific leaf area, high root–shoot ratio and low stomatal 

conductance (Paruelo et al., 1999). While in wetter areas, the vegetation is also well-adapted to the 

temporary seasonal constraint in water availability (Camberlin et al., 2007). There is need for 

further analysis of the multifaceted connection between vegetation production patterns to human 

and climatic drivers in the region to account for the individual and coupled effects of both natural 

and anthropogenic determinants of terrestrial ecosystem functioning. With the availability of high-

resolution remote sensing data such as Sentinel 1 and 2 products, such analysis can be carried 

focusing on the hotspot areas identified from the medium resolution datasets.    

 Can we simulate the current water and energy balance in East Africa better using an 

improved parameterization of spatial and temporal land surface heterogeneity? 

To study the effects of dynamic vegetation parameters on water and energy balance in East Africa, 

an improved parameterization of the vegetation phenology was developed and used as vegetation 

forcing in VIC model. Using the long-term vegetation parameter values, the model was applied 

across the region of study and the results were compared to remote sensing data. The simulation 

reproduced reasonable values for seasonal and interannual latent, sensible and ground heat fluxes 

as well as evapotranspiration. The impacts of interannual vegetation variability on the simulated 

water and energy fluxes over the region clearly varied from one subregion to another and from one 

land cover type to another. This is consistence with the findings of previous studies (Sacardi et al., 

2015) and highlights role of not only vegetation characteristics but also climatic variability on 

water and energy portioning. The efficient use of satellite remote sensing data in land surface 

modelling is influenced by not only the quality of the data but also the interoperability between 

the model and data (Kumar et al., 2006; Rajib et al., 2020). The interoperability between the VIC 

model and MODIS data was addressed in terms of compatibility of the derived datasets with the 

model architecture (Bohn and Vivoni, 2019). In addition, regional land information systems can 

provide efficient and automated assimilation of satellite products in simulation of water and energy 

fluxes. Based on the changes in standard deviation of evapotranspiration, sensible and ground heat, 

varying vegetation parameters shows larger effects on interannual and spatial variability of water 

and energy fluxes in the region. Across the region, the effect of improved vegetation 
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parameterization is mainly exhibited in 64% - 92% of the region depending on the season. On the 

hand, effects of vegetation variability on energy fluxes is accounted for upto 90% of variance in 

latent and sensible heat fluxes. During the rain seasons (March-May and October-December), the 

exchange processes of water and energy at the land surface are strongly controlled by vegetation 

properties due to high LAI and FVC. The simulated water and energy fluxes in June-September 

season is only slightly affected due to low LAI values which disconnects the influence of 

vegetation on the surface fluxes.  

With observations at biweekly temporal resolution at approximately 500 m spatial resolution, the 

MODIS based vegetation parameters ensure a higher level of stability of simulated biophysical 

variables. However, the retrieval of MODIS datasets is affected by atmospheric contaminations, 

particularly during the peak seasons. Appropriate corrections and smoothing approaches which 

not only preserves the peak values but also the seasonal cycles are therefore needed for an optimal 

use of these datasets in land surface models. The uncertainty in the land cover data has an effect 

in the retrieval of the MODIS vegetation parameters. For a correct evaluation of effects of land 

surface heterogeneity at a regional level, it is necessary to develop a land cover map with suitable 

accuracy in terms of locating, classifying and decomposing land cover types into common classes 

used in the land surface models. Further analysis is therefore recommended to compare the 

variables at reference pixels with considerably homogeneous land cover characteristics at the sub-

pixel level.  The parameters derived in this study and evaluated with the VIC model conform with 

the requirements for long-term applications in assessment of regional land surface water and 

energy balance. In this regard, the long-term vegetation parameters partially address impacts of 

the land conversion issues like deforestation or fires which are rampant in East Africa (Pfeifer et 

al., 2012). The regional application and evaluation of VIC model using the long-term vegetation 

parameter values was a basis for our assessment of impacts of LULC change. We conclude that 

the model presents a suitable framework for regional studies on impacts of vegetation dynamics 

on surface water and energy fluxes. Finally, this research could be extended by developing a new 

module in VIC model for dynamic vegetation growth, which would allow us to dynamically model 

the vegetation dynamics and feedbacks to climate anomalies in the region. 
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 What are the potential effects of land cover change on the water and energy balance in 

East Africa? 

In this study, effects of land cover change were assessed based on the simulated changes in Leaf 

Area Index, fractional vegetation cover and albedo due to increased tree cover in the study region. 

The simulated land cover changes showed statistically significant effects on average water and 

energy fluxes. This impacts were linked to changes in surface properties including albedo, leaf 

area index, and fraction vegetation cover, which have been previously cited as key variable 

determining variability of surface fluxes (Anderson et al., 2011; Li et al., 2015b). The simulated 

increase in annual evapotranspiration was mainly attributed to an increase in vegetation 

transpiration and canopy evaporation and a corresponding decrease in soil evaporation. Increased 

tree cover in the study area led to an increase in total evapotranspiration. Although soil evaporation 

decreases with increased tree cover, its decline is less compared to the combined increase of 

canopy transpiration and evaporation of canopy-intercepted water (Table 5-1). While the mean 

annual ground heat flux showed a decrease due to increased tree cover, the mean annual latent and 

sensible heat increased by1.5 Wm-2 and 9.7 Wm-2, respectively. The surface albedo decreases with 

increased tree cover, and there is a warming effect due to increase in net radiation, however, the 

effects of increased evapotranspiration surpasses the effect of albedo leading to a net cooling 

effect. The simulated annual mean canopy temperature decreased by 1.9 °C while land surface 

temperature decreased by 1.0 °C due to increased tree cover. The seasonal responses are also 

significant across all the water and energy fluxes. Latent heat represents the heat linked to physical 

evaporation (i.e., from soil and canopy surfaces) and transpiration through the stoma. Therefore, 

evapotranspiration acts a key link between the land surface water and energy balances. Our results 

provide a critical perspective in the understanding of regional effects of afforestation, reforestation 

and enhance forest management practices in climate change adaptation and mitigation in east 

Africa. Loss of tree cover due to logging, wild fires as well as drought-induced tree mortality is a 

main concern in East Africa. The warming effect from loss of tree cover compounded by high 

temperatures and water stress could lead to further deforestation in the region. In arid areas such 

as in East Africa, increased tree cover showed strong cooling effect.  
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6.2 Conclusions  

This study focused on the assessment of vegetation dynamics and their impacts on water and 

energy fluxes in East Africa. The approach adopted entailed integration of climate observations, 

and remote sensing data on vegetation dynamics using a land surface model. While the surface 

process at a global scale play a key role in shaping regional processes, this study only addressed 

specifically the east Africa region. In addition, while impacts of land surface properties stem from 

both biophysical and geochemical processes, we only focused on the biophysical impacts of 

vegetation changes. Vegetation dynamics have local impacts but can also create teleconnections 

affecting land surface-atmosphere interactions in other areas. The findings presented in this study 

only showed the per-pixel impacts of variability in vegetation.  However, we acknowledge the 

potential for advective effects of vegetation variability on surface water and energy fluxes in the 

region. The models adopted in this study do not currently address lateral transfer of water and 

energy flux between adjacent pixels. Therefore, although these models can be readily applied at 

fine spatial and temporal resolutions, it is crucial to address lateral transfers in future applications. 

However, as noted by Winckler et al. (2017a), at high spatial resolutions local effects are expected 

to dominate the overall biophysical impacts of land cover changes. Although the GIMMS LAI3g 

and MODIS LAI datasets used in this study have been widely used (Jiang et al., 2017; Pfeifer et 

al., 2014; Wu et al., 2016), the biases and uncertainties in the data in East Africa were not explored 

thus corresponding land surface processes could be biased. In addition, our simulations did not 

account for teleconnections and climate-vegetation feedbacks and this could be better studied 

through coupled application of VIC, dynamic vegetation model and a climate model. Despite the 

ongoing improvements in land surface modelling, simulation of impacts of changes in land surface 

in East Africa still require improved characterization of land surface heterogeneity at resolutions 

higher than current land cover maps and vegetation indices datasets. Integration of high-resolution 

remote sensing data and field observations may therefore be required to address the spatial and 

temporal uncertainties for better understanding of the biophysical mechanisms under different land 

cover properties across the region.  
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APPENDICES  

 
Figure A. 1: (a) Type, (b) significance and (c) timing of trend shift in monthly LAI time series. 

Trends and breaks are considered as significant when P-value is below 0.05. Pixels with no 
significant (P < 0.05) change for all segments and/or no significant (P < 0.05) breakpoint are 
not shown. The trend shifts types in (a) are: (1) monotonic increase, (2) monotonic decrease, 

(3) monotonic increase (with positive break), (4) monotonic decrease (with negative break), (5) 
interruption: increase with negative break, (6) interruption: decrease with positive break, (7) 
reversal: increase to decrease, and (8) reversal: decrease to increase. The significance classes 

are: (1) both segments significant (or no break and significant), (2) only first segment 
significant, and (3) only 2nd segment significant. 
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Figure A. 2: Mean seasonal changes in LAI (m2/m2) during (a) January-February, (b) March-
May, (c) June-September and (d)October-December seasons. 
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Figure A. 3: Mean seasonal changes in Fractional vegetation cover during (a) January-
February, (b) March-May, (c) June-September and (d)October-December seasons. 
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Figure A. 4: Mean seasonal changes in albedo during (a) January-February, (b) March-May, 
(c) June-September and (d)October-December seasons 
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Figure A. 5: Mean seasonal changes in total evapotranspiration (mm/month) during (a) 
January-February, (b) March-May, (c) June-September and (d)October-December seasons. 
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Figure A. 6: Mean seasonal changes in vegetation transpiration (mm/month) during (a) 
January-February, (b) March-May, (c) June-September and (d)October-December seasons. 
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Figure A. 7: Mean seasonal changes in vegetation canopy evaporation (mm/month) during (a) 
January-February, (b) March-May, (c) June-September and (d)October-December seasons. 
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Figure A. 8: Mean seasonal changes in bare soil evaporation (mm/month) during (a) 
January-February, (b) March-May, (c) June-September and (d)October-December seasons. 
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Figure A. 9: Mean seasonal changes in latent heat (Wm-2) during (a) January-February, (b) 
March-May, (c) June-September and (d)October-December seasons. 
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Figure A. 10: Mean seasonal changes in sensible heat (Wm-2) during (a) January-February, 
(b) March-May, (c) June-September and (d)October-December seasons. 
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Figure A. 11: Mean seasonal changes in land surface temperature (°C) during (a) January-
February, (b) March-May, (c) June-September and (d)October-December seasons. 
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Figure A. 12: Mean seasonal changes in vegetation canopy temperature (°C) during (a) 
January-February, (b) March-May, (c) June-September and (d)October-December seasons. 


