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Abstract
Land use/land cover (LULC) and climate are the most crucial drivers that shape the hydrological
cycle, influencing infiltration, evapotranspiration, runoff generation, and groundwater recharge.
While previous studies have provided valuable literature about the impacts of these drivers on
river discharge, most assessments remain limited to historical and present conditions, leaving the
future impacts of climate and LULC underexplored. Consequently, the lack of understanding of
future river discharge behaviour hinders informed decision-making in water resource
management and disaster preparedness. Guided by the main objective of investigating the
impacts of future climate and land use/land cover on river discharge, this study applied the Soil
and Water Assessment Tool (SWAT), which integrates historical analysis and future scenario
assessment. Specifically, the study sought to determine LULC change in the Manafwa River
Basin from 2000 to 2040 and to examine how projected climate and LULC conditions influence
river discharge under different future scenarios. Historical LULC maps for 2000, 2010, and 2020
were generated using Random Forest classifier and projected to 2030 and 2040 using TerrSet’s
Land Change Modeler based on historical LULC maps and drivers of change. Climate data was
obtained from the NEX-GDDP-CMIP6 dataset and three Global Circulation Models (GCMs)
were used to create an ensemble of three models, from which past and future climate were
obtained. The SWAT model was then parameterized/calibrated and validated with observed
stream flow data. Thereafter, scenario simulations were carried out using the separation method.
Results indicate that LULC changes alone substantially modify basin hydrology, with mean
discharge projected to increase by 4.49% (from 12.70 m?/s to 13.275 m?s) between 2000 and
2040, alongside rising peak flows and reduced minimum flows due to vegetation loss and
agricultural expansion. However, climate change scenarios greatly amplify hydrological
extremes, with mean discharge projected to 14.01 m?3/s (10.31%) by 2030 and 14.45 m?/s
(13.78%) by 2040 under high emission pathways SSP2 and SSP5 respectively, peak flows were
exceeding 20 m*/s, and minimum flows increasing to 6.507 m?/s. These findings indicate that,
while climate change emerges as the dominant driver of future river discharge variability, LULC
transformations are exerting an influence that has doubled significantly over time. This study
therefore recommends integrated watershed management strategies that jointly consider climate
and LULC changes to strengthen resilience in flood prone areas and agriculturally dependent

tropical basins.


https://nex-gddp-cmip6.s3.us-west-2.amazonaws.com/index.html#NEX-GDDP-CMIP6/
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CHAPTER ONE: INTRODUCTION

1.1 Background

Rivers are crucial in sustaining ecosystems, agriculture, energy production, and human
livelihoods by regulating the spatial and temporal availability of freshwater. River discharge,
which represents the integrated response of a catchment to atmospheric and surface processes, is
mainly controlled by climate variability and land use/land cover (LULC) conditions that are
increasingly stressed by human activities such as farming, hydropower generation, and
urbanisation (Haider et al., 2023; Wudineh et al., 2022). Climate governs the amount, intensity,
and seasonality of precipitation and evapotranspiration, while LULC regulates how incoming
rainfall is partitioned into runoff, infiltration, groundwater recharge, and evapotranspiration
(Mishra & Lilhare, 2016; L. Miiller & Doll, 2024). Therefore, alterations in climate and LULC
directly influence river discharge, with far-reaching implications for water availability and flood
risk (IPCC, 2021). Investigating how these drivers interact is therefore essential for water
resource management and disaster preparedness, especially for the future time frame in tropical

regions where the vulnerability levels are high.

Climate change has reshaped global hydrological systems worldwide by modifying rainfall
intensity, frequency, and seasonal distribution, alongside rising temperatures that enhance
evapotranspiration and atmospheric moisture demand (Haider et al., 2023; Zhai et al., 2021).
These changes destabilise river flow regimes, leading to shifts in peak discharge timing,
increased flood magnitudes, and prolonged low flow conditions (Trenberth et al., 2015).
(Escobar & Carvalho-Santos, 2022; Trenberth et al., 2015). In Sub-Saharan Africa, such changes
are particularly critical because river systems are highly sensitive to climatic forcing and often
support rain fed agriculture and densely populated floodplains, thereby amplifying socio-

hydrological vulnerability(WBG, 2021).

On the other side, LULC change modifies catchment hydrology by altering vegetation cover, soil
structure, and surface permeability. Natural vegetation such as forests and wetlands enhances
rainfall interception, soil infiltration, and groundwater recharge, thereby regulating streamflow
variability (Abbas et al., 2022; Guzha et al., 2018). However, agricultural expansion,

deforestation, and urbanisation reduce infiltration capacity and increase surface runoff through



soil compaction and the creation of impervious surfaces (Abbas et al., 2022). These
transformations amplify peak flows while diminishing baseflow contributions, ultimately
increasing both flood risk and dry-season water stress, particularly in tropical and sub-Saharan

African basins (Williams et al., 2020).

Well as considerable research has examined river discharge variations, most studies have
focused on either climate change or land use/land cover (LULC), this has been largely driven by
data limitations, computational constraints, and the assumption that land use conditions remain
relatively static over short time scales. For example, Ayele et al. (2016); Jin & Sridhar. (2012);
Legesse Gebre. (2015); Melese. (2016) investigated the impacts of climate change on historical
and present-day stream flow in different areas of Sub-Saharan Africa, highlighting increased
variability and more frequent extreme flow events. Similarly, Admas et al., (2024); Bihonegn &
Awoke, (2023); Erima et al., (2024); Gashaw et al., (2018); Hermassi et al., (2025); Idowu &
Zhou, (2021); Kayitesi et al., (2022); Leta et al., (2021); Liu et al.,(2022); Tanksali &
Soraganvi,(2021); Turyahabwe, (2019) assessed the effects of LULC changes such as
deforestation, agricultural expansion, and urbanization on catchment hydrology, and found that
such changes significantly increased surface runoff, reduced infiltration, and increased river
discharge variations. Most existing assessments remain confined to historical or present
conditions, with limited attention on future projections, particularly in tropical basins where
rapid land transformation and climate variability coexist. This gap constrains the ability of water
managers and planners to anticipate future river discharge behaviour under combined climate
and LULC changes, thereby limiting proactive flood risk management, water allocation
planning, and ecosystem protection. Addressing this gap requires an integrated assessment
framework that explicitly evaluates future climate and LULC impacts on river discharge within

vulnerable tropical watersheds.
1.2 Problem Statement

Land use and land cover (LULC), along with climate, are crucial factors in the hydrological
cycle. They significantly influence key components, including infiltration, evaporation,
evapotranspiration, runoff, and groundwater recharge. Numerous studies (Abbas et al., 2015;

Atharinafi & Wijaya, 2021; Costa et al., 2003; Mahmoud & Alazba, 2015) have examined how



changes in land use and land cover affect river discharge, only a few have focused on the impacts
of climate change. Additionally, some research (Arnell & Gosling, 2013; Gelete et al., 2020; Han
et al., 2024; Mango, 2010; Omondi & Angel, 2023) has looked into the combined effects of both
factors, providing valuable insights into hydrological responses under historical and current
conditions.

While previous studies have provided valuable literature about the impacts of these drivers on
river discharge, most assessments remain limited to historical and present conditions, leaving the
future impacts of climate and LULC underexplored. Consequently, the lack of understanding of
future river discharge behaviour hinders informed decision-making in water resource

management and disaster preparedness.

1.2 Main Objective

The aim of the study was to investigate the impacts of future climate and land use/land cover on

river discharge.

1.3 Specific Objectives
The following objectives were used to address the main objective;

I.  To determine land use/land cover change for the Manafwa river basin for 2000 to 2040.
II. To examine the influence of both land use/land cover changes and climate change on river

Manafwa’s discharge under different scenarios.

1.5 Research Questions

I.  How has land cover changed from 2000 to 2040?
II.  How does climate and land use/land cover changes influence river discharge in the

Manafwa River Basin under different scenarios?
1.6 Justification of the Study

Changes in climate and land use/land cover significantly affect river discharge, exposing
communities to disasters such as floods and droughts. These hydrological extremes threaten
livelihoods, agriculture, infrastructure, and ecosystem stability by reducing water availability and

increasing disaster risks especially in tropical basins like the Manafwa. Most existing planning



frameworks rely on historical hydrological conditions, which are increasingly inadequate under
rapidly changing climate and land-use dynamics. Therefore, a reliable understanding of how
future climate and LULC affect river discharge is imperative for effective decision-making, as
sustainable water resource management and disaster preparedness require reliable projections of
future river discharge. By investigating the separate impacts of climate and land use/land cover
on river discharge, this study generates evidence required to support proactive and risk-informed
water resource management. Specifically, separating and quantifying the individual effects of
climate and LULC change enables identification of dominant drivers of hydrological change,
thereby informing targeted land-use planning, effective flood and drought mitigation strategies,
and sustainable watershed management interventions. Such knowledge is essential for
anticipating future hydrological risks rather than responding to them after they occur. In doing
so, the study contributes to Uganda’s National Development Plan IV by enabling higher
household incomes for wealth creation through sustainable resource use and disaster
preparedness. It further supports global priorities under the Sustainable Development Goals,
particularly SDG 6.6.1 (protecting water-related ecosystems), SDG 13.2 (integrating climate

action into national policy), and SDG 15.3 (sustainable land use and land degradation neutrality).

1.7 Study Area

The Manafwa river catchment was chosen as the study area because it is one of the few rivers
with relatively high-quality discharge data. In addition, its topography creates frequent flooding
in the lowland areas of Butaleja and Bududa districts, as well as water scarcity during the dry
seasons. The basin has also undergone intensive agricultural expansion due to the Doho rice

scheme, as well as deforestation and population growth over the last two decades.

It covers a total area of 502 km? in the Mt Elgon region of eastern Uganda (Figure 1.1). The river
is the sole source of irrigation water for the Doho rice scheme, located on the river floodplain in
the low-lying areas of the neighbouring Butaleja district to the west of the watershed (Wamala et

al., 2023).
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Figure 1. 1: Manafwa river basin (adopted from Erima et al., 2022)

The catchment is characterised by high relief in the East, with altitudes ranging from 1041 to
4301 m above sea level, and its main stream drains from Mt Elgon to Lake Kyoga. The annual
mean temperature is 23°C, and the mean annual rainfall is 1500 mm. The annual rainfall in the
area follows a bimodal pattern, with the dry season spanning June to August (JJA) and December
to February (DJF). The rainy season occurs from March to May (MAM), and short rains occur
from September to November (SON).

The geology in the Mt. Elgon region comprises mainly Pre-Cambrian and Cainozoic rock
formations, including volcanics, granites, and sediments. As per Erima et al. (2022), the
predominant soil type in the basin is Vertisols, also known as “black cotton soils” regionally.
Generally, the soils in the highlands are clays, while those in the midlands and the lowlands are
clay loams or sandy (Erima et al., 2022). River discharge in the Manafwa watershed is measured
at the Manafwa river gauge along the Tororo-Mbale highway, with station ID. 82212. However,
it is worth noting that there is only one stream gauge in the watershed (Nakkazi et al., 2022).

1.8 Conceptual Framework

The conceptual framework below in figure 1.2 recognizes river discharge as a function that

interacts with various biophysical and socio-economic drivers operating within the watershed



system. River discharge responds directly to changes in land use/land cover (LULC) and climate,
which jointly regulate key hydrological processes including runoff generation, infiltration,

evapotranspiration, and groundwater recharge.

Land use and land cover change is influenced not only by biophysical conditions but also socio-
economic drivers such as population growth, agricultural expansion, settlement development,
and land-use policy enforcement. These socio-economic forces determine the conversion of
natural vegetation into farmland or built-up areas, thereby modifying surface characteristics such
as vegetation cover, soil structure, and imperviousness, which in turn affect hydrological

responses within the basin (Belay et al., 2022).

In contrast, Climate change acts as an external forcing that alters atmospheric inputs including
rainfall magnitude and intensity, temperature regimes, humidity, and solar radiation, influencing
hydrological processes across broader spatial and temporal scales(Change, 2021). The impacts of
climate variability on river discharge are further mediated by land surface conditions shaped by
socio-economic activities, indicating strong feedbacks between human systems and hydrological

Processes.

Overall, the framework highlights that river discharge variability in the basin is not solely a
product of climatic or biophysical processes, but also a consequence of socio-economic decision-
making that drives land use transformation and exposure to hydrological extremes. This
integrated perspective provides the basis for assessing how future climate and land use/ land

cover changes collectively influence river discharge.



Figure 1.2 below summarizes the conceptual framework for the study.
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Figure 2. River conceptual framework below in figure 2 recognizes
river discharge as a function that interacts with various biophysical and
climate variables that are influenced by socio-economic drivers operating

within the watershed system.

Figure 1. 2: Conceptual Framework

1.9 Organization of the Thesis

This thesis is structured into six chapters. Chapter One introduces the study by presenting the
background, problem statement, research objectives, research questions, justification, and the
study area. Chapter Two reviews relevant literature on river discharge, land use/land cover
change, climate change impacts, hydrological modelling using SWAT, bias correction and
downscaling techniques, and, finally, the separation method. Chapter Three describes the
methodology used, including data sources, land cover classification, development of future
scenarios, SWAT model setup, calibration, validation, and separation analysis. Chapter Four
presents the results section, including land use/land cover maps (both classified and projected),
change analysis, scenario analysis under climate and land use/land cover changes, and the

impacts of climate and LULC changes on stream flow. Chapter Five is the discussion section that



interprets the findings, relates them to existing literature, and discusses the strengths, limitations
and implications of the study. Chapter Six is the conclusion and recommendation section that
summarises the main findings and provides recommendations for future research and practical
implications. The thesis concludes with a list of references and appendices containing reports,

additional data and graphs that support the main findings.



CHAPTER TWO: LITERATURE REVIEW

2.1 Introduction

This section reviews the existing literature on hydrology, the effects of climate change and
LULC changes, their combined impacts on hydrological systems, and the separation method
used to assess these impacts. It also focuses on the use of hydrological models, such as SWAT,

to simulate river discharge under changing conditions.

2.2 Introduction to hydrology and River Discharge

River discharge is the volume of water passing a given point over a given time period (Rhoads,
2020). Discharge is measured in rivers and streams and reported as cubic feet per second (cfs) or
cubic meters per second (cms) (Lohani, 2018). River discharge is the primary parameter that
characterises the runoff formation process in hydrology and determines the characteristics and
stability of natural rivers (Lohani, 2018). In addition, river discharge is a fundamental physical
parameter in various environmental assessment and engineering design processes, including
ecosystem conservation, climate change studies, watershed management, water resource

scheduling, river hydrodynamics, and water quality modelling.

2.2.1 Hydrology

Hydrology is the study of the hydrologic cycle, which involves the endless circulation of water
between the Earth and its atmosphere (Nandi, 2018). This knowledge is applied to the use,
management and control of water resources on the earth’s surface, especially for areas that are

near water bodies.

2.2.2 Historical development of the hydrological cycle concept

The concept of the hydrological cycle can be traced back to the ancient Greeks, who recognised
the role of evaporation and precipitation in the water cycle (Koutsoyiannis & Mamassis, 2021).
Earlier research by scientists such as Bernard Palissy, Edme Mariotte, and Edmund Halley laid
the foundation for the concept of the hydrological cycle in the 19th and 20th centuries. However,
the development of new technologies and methods, such as isotopes, remote sensing, and GIS,

has led to significant advances in understanding the hydrological cycle (Jasechko, 2019).

The earth contains enormous amounts of water in the form of ocean water, fresh water and saline

water. It should be noted that water exists in different layers of the Earth, including the



atmosphere, lithosphere, hydrosphere, and biosphere. Among all these layers of the Earth, water
masses are continuously circulating, hence forming the hydrologic cycle. This is as well-known
as the World’s Great Water Cycle, since it is the driving wheel for all the movements of
available water resources on planet earth (Anderson et al., 2024). The hydrologic cycle serves as
the central focus of hydrology, with no beginning or end (Koutsoyiannis., 2020). Therefore, all

its processes occur continuously as summarised in Figure 2.1.
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Figure 2. 1: The hydrologic cycle (source: The Hydrological Cycle. (2018))

2.2.3 Components of the Hydrologic Cycle

The hydrologic cycle consists of three fundamental systems: the oceans, which serve as the
primary reservoir and source of water; the atmosphere, which functions as the carrier and
distributor of water; and the land, which utilises this water. The availability of water at any given
location varies over time, influenced by the changes in the primary processes of the cycle.
According to Yang et al. (2021), While water movement operates as a closed system on a global
scale indicating that the total amount of water on Earth remains constant it behaves as an open
system at the local level. This variability means that water availability in specific regions can

fluctuate significantly, affected by the interplay of the cycle's components.

The major components (or) elements of the hydrologic cycle are: Precipitation, evaporation,
transpiration, evapotranspiration, Surface Runoff, condensation, infiltration, groundwater base
flow, sublimation and interception (Davie, 2019).

Precipitation is defined as water in liquid or solid form falling on the Earth’s surface (Wang et
al., 2018). Precipitation is a common term for various forms of water, including mist, rain, hail,

sleet, and snow. For precipitation to form, a sequence of four processes must occur: the
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atmosphere must have sufficient water vapour present; it must be cooled to the dewpoint; water
vapour condenses; water droplets grow; and water vapour is imported.

Whenever water vapour in the air is cooled below the temperature corresponding to the saturated
vapour pressure, condensation occurs on dust particles, water droplets, grass, or other foreign
objects (Hodnebrog et al., 2019). Condensation of moisture from the atmosphere above the
Earth's immediate surface occurs on dust particles or suspended water droplets and forms fog,
clouds, rain, snow, or hail (Easton Z & Bock E, 2015). During warm weather, cyclonic areas are
usually accompanied by thunderstorms, lightning, thunder and usually precipitation. According
to Mukrimaa et al. (2016), the condensed water vapour floats through the air in the form of
clouds, cooled adiabatically, from which extensive air masses fall below the dew point.
Thereafter, water particles grow in size until they are too heavy to float, then fall as rain, snow,
or other forms of precipitation. These conditions are fulfilled in the atmosphere every time
during the monsoons. Even though several atmospheric mechanisms cool the air, only adiabatic

cooling from vertical uplift can produce precipitation of any significance.

Evaporation is the process of converting a liquid or solid into a gas by transferring heat energy
(Hanks, 2015). It occurs when water is converted to water vapour at the evaporating surface the
interface between the water body and the surrounding air (Zhang et al., 2017). The author further
elaborates that two main factors influence evaporation from an open water surface: the supply of
energy to provide the latent heat of vaporisation, and the ability to transport the vapour away
from the evaporative surface. Evaporation occurs more rapidly with increased temperature and
wind speed, as well as higher boiling point and vapour pressure (Gao et al., 2018). The greater a
substance’s vapour pressure, the more rapidly the substance evaporates and escapes into the air.

Under constant temperature, humidity, and wind conditions, evaporation from the Earth's large
water surfaces must remain constant; therefore, any temporary increase in temperature results in
increased evaporation and, in turn, increased precipitation, as water evaporates more rapidly in

dry air. Figure 2.2 presents the process of evaporation. Adopted from (Questions, n.d.)
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Figure 2. 2: Evaporation (source: Questions, n.d.)

According to Koehler et al. (2023), transpiration is the movement of liquid water into, through,
and out of the plant, as illustrated in Figure 2.2. Vegetation, including numerous growing plants,
plays a significant role in the hydrologic cycle, as water drawn into the plant’s rootlets from soil
moisture moves up through the plant's stems and leaves (Boursiac et al., 2022). Through stomatal
openings, water is released as water vapour, and the amount of transpiration depends on the

density and size of the vegetation present.

Transpiration

water travels
through plant

Figure 2. 3: Transpiration (source: Sc et al., n.d.)

Evapotranspiration refers to the loss of water from a vegetated surface through the combined
processes of soil evaporation and plant transpiration (Yang et al., 2023). Evapotranspiration is
the combined effect of evaporation from soil, surface water bodies, snow, and ice, and
transpiration from vegetation. Furthermore, the majority of water loss due to evapotranspiration
occurs during summer months and the growing seasons, clearly indicating that there will be no or

little loss expected during winter months/period.
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Figure 2. 4: Evapotranspiration (source: Cuxart & Boone, 2020).

Balasubramanian, (2017) defines surface water runoff as the quantity of water discharged from a
drainage basin during a given time period. He further elaborates that “Runoff data may be
presented as volumes in acre-feet, as mean discharges per unit of drainage area in cubic feet per
second per square mile, or as depths of water on the drainage basin in inches”. Discharge data
are measured by installing stream gauges at selected locations along the river course (Cuxart &
Boone, 2020). In the Manafwa river basin, there is only one discharge station, which is located
along the Mbale Tororo road, and it is located in the lower sections of the basin.

Overland flow begins when the rainfall rate exceeds the soil infiltration rate and the slope
increases.

As the rain continues, water reaching the ground surface infiltrates into the soil until the rate of
rainfall (intensity) exceeds the soil's infiltration capacity. At this point, surface puddles, ditches,
and other depressions are filled with water (depression storage), and afterwards, overland flow
(runoff) is generated. The process of runoff generation continues as long as rainfall intensity
exceeds the soil's infiltration capacity, but it stops once rainfall intensity drops below the
infiltration rate (Balasubramanian, 2017).

Two major groups of factors determine the flow of any stream. The first set consists of
geomorphological factors of the drainage basin and meteorological variables. Meteorological
variables include Rainfall Intensity and type, rainfall duration, rainfall distribution, storm
direction, and soil moisture conditions (Turner, 2022). The geomorphological factors include
land use and land cover, soil type, area, shape, elevation, slope, drainage network, and indirect

influences on runoff (Rezaei et al., 2019).

Infiltration is the process by which water enters the soil (Rocha et al., 2024). Water movement

downward occurs in the topsoil layer, primarily through smaller pore spaces. According to
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Rocha et al., (2024), infiltration is governed by two forces: gravity and capillary action.
Infiltration begins when precipitation reaches the land surface, while runoff begins when the
precipitation rate exceeds the infiltration rate, and retention and surface storage are filled. The

relationship between rainfall, infiltration, and runoff is illustrated in Figure 2.5.
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Figure 2. 5: Relationship between rainfall, infiltration and runoff (source: Rodney et al., (2013))

From the figure 2.5 above, at a rainfall rate of 83mm/h, the infiltration rate is high (170mm/h)
and the runoff is absent (Omm/h). With continuous rainfall, the soils become saturated, thereby
reducing infiltration until the rate becomes constant. As that happens, runoff will begin, and after
some time, it will become constant. The rate of infiltration varies from soil to soil and is
therefore highly dependent on the soil's hydrologic properties, such as porosity and permeability.
Infiltration occurs only when there is space for water to enter the soil surface (Thiemig et al.,
2011). This depends on the soil's porosity and the rate at which previously infiltrated water can
move away from the surface. The maximum rate at which water can enter a soil layer under a
given subsurface condition is known as the infiltration capacity, a measure of the rate at which a
soil can absorb rainfall or irrigation water. This is measured in inches per hour or millimetres per

hour.

2.3 River discharge in the global context

River discharge, as a dynamic outcome of the hydrological cycle, is key to global water resource
availability, energy production, ecological stability, disaster preparedness, and regulation. Meles
et al. (2024) describe how watershed outflow hydrographs reflect the combined effects of rainfall
properties, surface conditions, and subsurface flow dynamics, demonstrating the integrated

catchment response to diverse inputs. Turner (2022) analysed Mississippi River discharge data
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and found that average discharge increased by approximately 4.5% per decade, and maximum
discharge increased by ~2.3% per decade. He attributed the increase to both climatic change and
land-use and land-cover alterations. River discharge over time changes from a static nature;
however, it increasingly shows a nonlinear response to both climate and land use/land cover

changes, later on indicating a shift in baseline hydrological behaviour.
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Figure 2. 6: Global River discharge (source: Miiller et al., (2024))
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Figure 2. 7: Global mean river discharge (source: Miiller et al., (2024))

Figures 2.6 and 2.7 above display simulations of river discharge variations over a century. The
hydrographs above display a simulated global river discharge anomaly over a century. Figure 2.7
is a compilation of 11 global circulation models that indicate a vivid increase in river discharge
patterns globally. This demonstrates an increase in future disasters driven by rising river
discharge. Figure 9 shows abnormal climate changes (S>N) foreseen within timelines of (2020-
2030). However, (S>2N) indicates a doubling of the rate of climatic change. This calls for
doubling efforts in strategic disaster planning in the future. The river discharge S/N ratio and
ToE are calculated following the approach proposed by (Miiller et al., 2024). The goal of the
method is to decouple the climate change signal (S) from the natural variability (the noise N).

Miiller et al. (2024) analysed river discharge globally in the context of climate change.

Global scientific research highlights an increased pattern in terms of discharge variability,
shaped by spatial heterogeneity (Castino et al., 2017; Cohen et al., 2014; Déry et al., 2016;
Guerrero et al., 2012; Hansford et al., 2020; Harrigan et al., 2020; Sperna Weiland et al., 2012;
Willems et al., 2016). Regarding earlier research, increased flows are projected in high-latitude
basins, such as the Manafwa River basin, whose latitude ranges from 1041 to 4301m (Robert &

Brown, 2004). Furthermore, this region remains prone to variations in river discharge. However,
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significant reductions are also anticipated in subtropical dry regions, such as the Mediterranean
and the southwestern United States, due to declines in precipitation and increases in
evapotranspiration (IPCC, 2021; Milly et al., 2005). Recent literature shows that in flood-prone
areas such as Southeast Asia and parts of South America, discharge peaks are intensifying in
both frequency and magnitude, overwhelming existing infrastructure and heightening socio-
economic vulnerability (Turksezer et al., 2017). The shift towards more extreme discharge
profiles underlines the inadequacy of historical hydrological baselines in predicting future water

scenarios.
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Figure 2. 8: Global average annual flood disaster loses (source: Miiller et al., (2024))

As seen in figure 2.8 above, (a), flood disasters are increasing globally, even though the
population affected is reducing (¢), the number of deaths reported are high (b), this implies that
those affected are reducing but those that die are many, this is evident in developing countries
that have adopted and improved their flood warning and adaptation mechanisms compared to
developing countries, this therefore leads to more deaths, reduced economic loss and reduced
population affected in terms of disasters. A 1983-2022 observational study in the Kathmandu
Valley (Nepal) showed that ENSO, as measured by the Nifio 3.4 index, significantly influences
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total and extreme precipitation patterns. These changes in precipitation directly translate into
variability in river discharge regimes and flood risks in the region (Fernandez-Castillo et al.,
2025). These complexities necessitate hydrological models that incorporate both climate
variables and land surface conditions. Therefore, understanding global discharge patterns
requires not only climatological insights but also a systemic view of land-atmosphere-water

interactions under human influence.

2.4 River discharge in developing countries

In developing countries, river discharge variability creates multidimensional challenges,
including technical, institutional, and socio-environmental issues. These regions, many of which
lie within the tropics and subtropics, are highly exposed to the risks associated with changing
hydrological regimes.

Increased Rainfall Suerges within the Sub-Saharan Region (Uganda) Inclusive

Rainfall Increases Over Historical Average (mm)

0 100 500

Figure 2. 9: Rainfall surges in SSR (source: Miiller et al., (2024))

Figure 2.9 above shows countries that have experienced a pronounced increase in precipitation
patterns within Africa. It should be noted that these are the same countries most affected by

variations in river discharge, as shown by the risk index.
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Table 2. 1: Flood disaster risk index
Governance Factors Closely Linked to Greater Population Impacts From Flooding
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among the flood affected countries on the disaster risk index. Adopted from United
Nations Office for the Coordination of Humanitarian Affairs (UNOCHA, 2024)

(Source: Rainfall & Across, (2024))

According to the disaster risk index above (Table 2.1), the percentage of the Ugandan population
affected by floods is 0.23%. According to the MIDRC Data Commons, (2017), 0.23% translates
to 110400 people, this indicates that even though our country is within the least affected
countries, with changes in climate and land use/land cover, there might be an upward movement
from the least to moderately or even most affected countries since it is one of the countries that

are to face heavy rainfall surges as reported by Rainfall & Across, (2024).

The situation is exacerbated by limited hydrometeorological monitoring infrastructure, outdated
land use planning, and weak institutional capacity to implement integrated watershed
management approaches (United Nations Environment Programme, 2020). Consequently,
variations in river discharge in these settings often result in catastrophic socio-economic

outcomes, including loss of life, disruption of livelihoods, and destruction of infrastructure. As
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depicted from the graphs below, the frequency of disasters is on the rise specifically in Africa,
this, without doubt translates into increased number of deaths, economic loses, displacement and
destruction of infrastructures, therefore with anticipations that global warming would amount to
2.7°C by the end of the century (Scafetta, 2024), the number of deaths, economic loses and

displacement will triple the current ones.

Several case studies from the Mekong Delta (Vietnam), Indus Basin (Pakistan), and the Limpopo
Basin (Southern Africa) illustrate how climate variability, deforestation, and urban expansion
have significantly altered discharge regimes, triggering both floods and droughts (Ahmad et al.,
2012; Chuenchum et al., 2020; Legesse Gebre & Getahun, 2016). In the absence of predictive
models, early warning systems, and adaptive infrastructure, such events cause repeated cycles of
vulnerability (Cantoni et al., 2022; Erima et al., 2022). According to Jain et al. (2018),traditional
flood management measures have proven inadequate, mainly due to climate change, land-
use/land-cover change, urbanisation, population growth, and the complexity of flood dynamics,

among other factors.
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Figure 2. 10: Increment in temperature (source: (Global-Natural-Disaster-Assessment-
Report.2023))

According to the Global-Natural-Disaster-Assessment-Report.(2023), days with high
temperatures are increasing across our continent, accompanied by a gradual increase in
maximum temperatures, which will lead to higher evaporation and evapotranspiration, resulting
in reduced river discharges. While there is a debate over whether climate action is a lost cause,
others report that Earth is on track to reach 2.7°C of warming this century (Yun et al., 2020).

This, without doubt, will lead to chaotic river discharge patterns.
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Besides that, the ecological degradation of upstream catchments has reduced the natural
buffering capacity, deforestation and land degradation have reduced the ability of natural
systems to absorb rainfall, leading to increased runoff and flood risk. Institutional fragmentation,
lack of coordination, conflicting goals, and limited data sharing across agencies hinder the
development of water resource strategies (Erima et al., 2022). The absence of long-term
hydrological datasets in developing countries limits trend analysis, model calibration, and policy
design (Borzi, 2025). The over-reliance on donor-funded technical interventions, particularly in
water, sanitation, and irrigation sectors, results in weak sustainability. This is because such
initiatives lack deep contextual alignment. Such interventions may be less effective in local
conditions and poorly maintained once external support ends (Gedamu et al., 2025; Matsa et al.,
2023). Thus, the challenge of managing river discharge in developing countries is not merely
technical, but deeply embedded in systemic governance, capacity, and ecological resilience

constraints.
2.5 River Discharge
2.5.1 Sub Saharan Africa

River discharge variations in the sub-Saharan Africa has also been reported to be erratic because
of a number of reasons, among them are; The rugged terrain: Sub Saharan Africa is characterized
by complex and rugged terrain, this is evident in eastern and central regions, these rugged
terrains play a crucial role in shaping hydrological responses of watersheds. The presence of
steep slopes, escarpments, and hill slopes accelerates surface runoff generation and decreases
infiltration leading to higher peak river discharges and shorter lag times during rainfall events
(Lei et al., 2020). Ethiopian highlands in Ethiopia, Rwenzori mountains in Uganda and the
Aberdare ranges in Kenya, receive intense rainfall events, with slope induced flow acceleration,
these have been greatly linked to floods, rapid sediment transport and increased downstream
erosion (Gebremichael et al., 2025), these effects are further magnified when natural vegetation
cover is moved, this is often the case due to deforestation or agricultural expansion.

Complex terrains complicate development of infrastructures and limit spatial coverage of
hydrological monitoring networks, this results into high spatial variability in the different
hydrological processes that are difficult to capture using low resolution models (Martini et al.,

2021). In rugged landscapes of Sub Saharan Africa, watershed scale hydrological modeling
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should integrate high-resolution elevation data (30 m DEMs), slope sensitive runoff algorithms,
and careful sub basin delineation to capture critical topographic variability and improve the
reliability of discharge simulations (Sciuto et al., 2025). The Manafwa river basin in eastern
Uganda, characterized by rugged terrain and intense rainfall, highlights how topography driven
hydrological extremes can result into severe social and environmental impacts if not adequately
modeled. Therefore, incorporating terrain complexity into hydrological models is not only
methodologically necessary but also essential for understanding and managing discharge

variability in Sub Saharan watersheds.

2.5.2 Tropical climate

Tropical climate is characterized by high temperatures, intense solar radiation, seasonally
concentrated rainfall that profoundly influences watershed hydrology. In tropical regions, rainfall
is characterized by abundant, delivered in short but of high intensity that often exceeds soil
infiltration capacities leading to rapid surface runoff and sharp discharge peaks (Rech et al.,
2022). The combination of intense precipitation and high evapotranspiration rates contribute to
pronounced wet and dry seasonal contrasts in river flow regimes. Seasonal extremes are further
accelerated by the intra annual variability in rainfall distribution, often driven by climatic drivers
such as the Indian Ocean Dipole and ENSO, increase rainfall variability and contribute to
shifting discharge regimes in major basins like the Nile, Zambezi, and Niger (Mahmoud et al.,

2022).

2.6 Land use/land cover changes

Anthropogenic factors including deforestation, catchment degradation, and unregulated
urbanization alter natural hydrological responses, reducing infiltration, increasing runoff, and
destabilizing base flows (Babaremu et al., 2024; Kayitesi et al., 2022; Kimbi et al., 2024). This is
particularly evident in highland systems where steep gradients increase runoff peaks, leading to

flash floods and rapid sedimentation in downstream areas of the rivers.

Despite the intensifying impacts of river discharge variations, many SSA countries suffer from
sparse and fragmented hydrological data networks, limiting their ability to monitor trends or
model discharge accurately (Akpoti et al., 2024; Koch et al., 2025). Investment in integrated,

transboundary water governance remains weak, while national level water resource policies often
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fail to reflect the realities of localized hydrological behavior. These constraints hinder not only
disaster preparedness but also sustainable development planning. As a result, improving
discharge forecasting in SSA demands both technological advances in modeling and institutional

innovations in data coordination and land water governance.

2.7 River Discharge in Uganda

Uganda’s river systems, particularly in the eastern highlands, are increasingly characterized by
discharge variations both in terms of magnitude and timing posing direct threats to communities
and ecosystems. The Manafwa River Basin serves as the best example, with increased
vulnerability, frequently experiencing flood events that result in fatalities, displacements, and
infrastructural loss. According to Erima et al., (2022), floods in December 2019 led to four
deaths, displaced over 2,000 people, and destroyed more than 20 homes. These events are not
isolated but part of a growing pattern linked to both climate variability and unsustainable land
management practices. Topographically, Manafwa’s steep slopes, as illustrated in Figure 2.11
below, together with it's high rainfall intensity, make it highly responsive to runoff generation.
At the same time, deforestation and land degradation have diminished its capacity for natural

regulation.

Figure 2. 11: Manafwa steep slopes

Agricultural expansion into wetlands and floodplains has further limited the river’s ability to
accommodate excess flows. Concurrently, rainfall patterns have become more erratic, with
increasingly intense storms and shifting seasons, this is consistent with climate projections of
East Africa (Zhai et al., 2021). This is also consistent with the findings of our study where it has

revealed that extreme weather events are intensifying. However, despite these known drivers,
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most local level studies have focused narrowly on descriptive assessments or uncalibrated

statistical models that do not integrate land use dynamics or future climate scenarios.

Moreover, policy shareholders remain largely inactive, early warning systems are limited, while
spatial planning rarely considers hydrological risk zoning. Previous modeling efforts in Uganda
have often lacked model calibration, downscaled climate inputs, or dynamic LULC integration,
limiting their predictive utility (Haider et al., 2023). Consequently, a knowledge gap exists in
understanding the future trajectory of discharge in the Manafwa River Basin, putting into use the
dual focus approach that merges land use/land cover and climate modeling through physically

based tools like SWAT.

2.8 Land Use and Land Cover Change and River Discharge

Land use and land cover (LULC) changes lead to profound effects on catchment hydrology, with
measurable impacts on discharge volume, timing, and peak intensity (Erima et al., 2024; Chen &
Chang, 2021; Abbas et al., 2015), The conversion of forests, wetlands and grasslands into
croplands, settlements, and bare lands alters the land surface’s ability to absorb, store, and
release water (Erima et al.,, 2024). These alterations reduce infiltration capacity, accelerate
surface runoff, and reduce evapotranspiration buffering, collectively increasing flood potential
and moditying flow seasonality (Idowu & Zhou, 2021). In tropical regions, where rainfall events

are often of high intensity, these effects are particularly pronounced.

Multiple studies across Africa have linked LULC change to altered hydrological behavior. For
instance, deforestation in the upper Tana Basin (Kenya) has been associated with a 30%
increment in peak discharge and a 20% decline in base flows over two decades (Engdaw et al.,
2024). In Ethiopia’s highlands, rapid cropland expansion has led to an increase in sediment yield
and flash flood (Berihun et al., 2022; Taye et al., 2019). However, these studies often treat LULC
as a static variable, failing to simulate future land cover dynamics under policy or demographic

scenarios, this limits their utility for long-term planning.

Within Uganda, LULC changes are evident in the eastern region, where rising population
pressure has driven extensive cultivation on steep slopes, and informal urban sprawl has reduced

vegetation cover (Erima et al., 2022, 2024). Despite this, there is limited use of projected LULC
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data in discharge modeling. Integrating LULC changes and climate changes with hydrological
models is critical for capturing future discharge variability. Without this, hydrological forecasts
risk underestimating climate and land-induced flood risks, particularly in vulnerable basins like

Manafwa.

2.9 Land use/land cover classification

Land use/land cover classification is a fundamental step in environmental monitoring and
watershed management, it provides spatial information on landscape patterns and human
activities. Accurate LULC maps are key for hydrological modelling as different land use/land
cover types influence surface runoff, infiltration, evaporation, evapotranspiration, and sediment
yield differently (Dibaba et al., 2020; Haider et al., 2023; Hwang, 2017; Lamichhane & Shakya,
2019; Shrestha, 2019; Woldesenbet et al., 2017; Zope et al., 2017). Earlier research shows that
remote sensing combined with geographical information system (GIS) offers efficient means to
produce up to date LULC classifications over large areas with varying spatial and temporal

resolutions (Kamusoko, 2022).

LULC classification techniques generally are categorized into supervised and unsupervised
classification. Unsupervised classification algorithms automatically group pixels into clusters
based on spectral similarity. Methods such as K-means and ISODATA are commonly applied to
explore spectral patterns in the data (Kucuk Matci & Avdan, 2020), it should as well be noted
that unsupervised classification methods require substantial post classification labelling and
interpretation, which may introduce user bias and reduce accuracy more so in complex
landscapes (Talukdar et al., 2020). In contrast, supervised classification relies on user defined
training data where land use/land cover types are known prior to guide the classification process
(Sharma Banjade et al., 2024). This approach often yields higher accuracy because the algorithm
learns to discriminate classes based on representative spectral signatures. Several supervised
classifiers have been developed and are widely applied, these include decision trees(DT), support
vector machines(SVM), artificial neural networks(ANN), and random forest (RF) (Simarmata et
al., 2025). Among the supervised classifiers, decision trees (DT) have gained prominence due to
their interpretability, computational efficiency, and ability to handle nonlinear relationships and

mixed data types (Simarmata et al., 2025). These split the dataset recursively based on spectral
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feature threshold, resulting in an intuitive tree structure which classifies pixels through a series of
decision rules (Zhou et al., 2021), it should however be noted that single decision trees have a
limitation of overfitting training data which leads to reduced performance (Maxwell et al.,
2018). To overcome the above, ensemble methods such as random forests, which build multiple
decision trees and aggregate their predictions, provide more robust and accurate classifications,
especially in heterogeneous and complex environment (Mutale et al., 2024). According to
Mutale et al., (2024) algorithms like support vector machines utilize hyperplanes to maximize
class separability in high dimensional feature space and are well suited for handling limited
training data. Artificial neural networks mimic human brain function to model complex
relationships but require extensive training data and computational resources that are often

lacking especially in developing countries (Alshari et al., 2023).

Based on the reviewed literature (Alshari et al., 2023; Ibrahim, 2023; Khan et al., 2024; Talukdar
et al., 2020), supervised classification approaches offer greater flexibility and accuracy for land
use and land cover mapping, particularly when supported by machine learning algorithms.
Among these, the Random Forest classifier consistently demonstrates superior performance due
to its robustness, ability to handle high dimensional data, and resistance to overfitting. Given its
proven effectiveness in complex landscapes and its suitability for remote sensing applications,
this study adopted the Random Forest algorithm with 50 decision trees to perform supervised
classification of satellite imagery. This choice ensures a reliable and replicable framework for

generating accurate LULC maps necessary for subsequent hydrological modeling.

2.10 Climate change and river discharge

Climate change is increasingly acknowledged as a very crucial driver of hydrological change,
influencing rainfall amount, intensity, distribution, and temperature influenced
evapotranspiration (Nahib et al., 2021; Nakkazi et al., 2022; Trenberth, 2011). These alterations
in turn, affect the magnitude and frequency of river discharge events (Anand & Oinam, 2020;
Gelete et al., 2020). According to the IPCC, (2021), the association projects that tropical regions,
including East Africa, will experience more intense rainfall events, accompanied by longer dry
spells conditions that exacerbate both flooding and droughts. Discharge behavior is thus shifting

not only in quantity but also in hydrological seasonality. Numerous global and regional studies
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have acknowledged the implications of climate change on discharge regimes. In West Africa’s
Niger and Blue Nile Basins, climate simulations suggest a 25-35% reduction in mean annual
discharge under RCP4.5 by mid-century (Krysanova et al., 2017). In the Nile Basin, rainfall
variability and temperature increases are expected to disrupt seasonal flow, affecting agriculture
and hydropower reliability. These examples underline the need for climate-informed water

planning.

In the context of East Africa, several studies have documented similar climate driven
hydrological disruptions, though with basin specific variability. Nsubuga et al. (2014)
highlighted that Uganda’s river basins are increasingly experiencing altered flow regimes, with
rising flood frequencies linked to intensified rainfall events. Ayugi et al. (2021) further noted that
East African highlands are projected to face both wet seasons and drier dry seasons, amplifying
extremes in discharge behavior. Despite these advances, most of the existing research in Uganda,
including studies on the Lake Victoria and Nile sub-basins (Mubialiwo et al., 2020), has
predominantly emphasized climate change as the sole driver of flow variability. Limited
attention has been given to the future influence of climate and land use/land cover changes. This
gap is particularly critical for tropical basins like the Manafwa Basin, a flood-prone mountainous
catchment that supports both agriculture and economic development. Investigating the impacts of
future climate and LULC scenarios on discharge is therefore vital for understanding compounded

risks, improving water resource planning, and safeguarding community resilience.

2.11 The SWAT Model in Hydrological Applications

Hydrological modeling has evolved as a powerful approach for understanding water dynamics
and supporting watershed management, especially under changing environmental conditions
(Erima et al., 2022, 2024). Among the leading tools is the Soil and Water Assessment Tool
(SWAT), a semi distributed, process based model developed to simulate the long-term effects of
land use, land management, and climate on water, sediment, and agricultural chemical yields in
complex watersheds (Hermassi et al., 2025; Regasa & Nones, 2023). Its modular structure and
integration with GIS make SWAT highly adaptable for simulating discharge under diverse

biophysical and socio environmental conditions.
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The model divides the watershed into hydrological response units (HRUs) based on unique
combinations of land use, soil, and slope, enabling it to capture spatial variability in runoff
generation and evapotranspiration (Erima et al., 2024). Notably, SWAT accommodates future
scenario modeling, making it ideal for simulating climate and land use changes using projected
data (Brighenti et al., 2023). Studies in regions such as the Upper Blue Nile in Ethiopia and the
Limpopo Basin have demonstrated SWAT’s capacity to model both water quantity and quality
under future climate and LULC scenarios (Chawanda et al., 2024). However, the predictive
accuracy of SWAT depends heavily on rigorous model calibration and validation using observed
discharge data (Gasirabo et al., 2023; Mengistu et al., 2019). Haider et al., (2023) emphasized
that uncalibrated applications of SWAT often lead to poor performance metrics and misleading

policy recommendations.

Furthermore, the use of static LULC data and raw GCM outputs has been a critical shortfall in
many African studies, without incorporating temporally dynamic land use/land cover and
downscaled climate data, SWAT simulations cannot fully capture the complex hydrological
responses to anthropogenic and climatic shifts. Previous SWAT modeling studies in the
Manafwa Basin, failed to incorporate future climate and land use changes (Erima et al., 2024),
resulting in methodological gaps that undermine predictive reliability highlighting the need for a

more robust modeling framework as proposed in this study.

28



Table 2.2 below summarizes the crucial parameters that were considered during calibration,

highlighting parameters and their hydrological roles

Table 2. 2: Sensitive parameters

No. | parameter What it does Effect on river
discharge/hydrology
1 R CN2.mgt Adjusts the SCS runoff curve number, | | CN — more
which controls surface runoff infiltration, less
runoff; 1 CN — more
surface runoff.
2 V__ALPHA BF.gw | Controls the baseflow recession rate Larger values =
(days). slower baseflow
decrease, sustaining
discharge longer after
rain.
3 V__GW _DELAY.gw | Time lag between recharge and Longer delay =
baseflow (days). slower groundwater
response; affects
timing of low flows.
4 V__GWQMN.gw Minimum aquifer water depth required | Higher threshold =
to generate baseflow. less frequent
baseflow
contribution.
5 R_LAT SED.hru Controls sediment concentration in Affects water quality
lateral and groundwater flow. and sediment yield;
minor effect on
discharge volume.
6 R SOL AWC((..).s0l | Soil's available water capacity Higher AWC = more
(mm/mm). soil water storage —
less runoff, more
infiltration.
7 R CH K2.rte Effective hydraulic conductivity of the | Controls seepage loss
riverbed (mm/h). from river to aquifer.
Higher values = more
infiltration from
stream.
8 R_CH N2.rte Manning’s roughness coefficient for Higher values =

main channel.

slower flow, more
channel storage.

29




R__ESCO.hru

Soil evaporation compensation factor.

Higher values = more
evaporation — less
water available for
runoff.

10

R OV _N.hru

Manning’s “n” for overland flow
(surface roughness).

Higher = slower
surface runoff —
increased infiltration
time.

11

R SURLAG.bsn

Surface runoff lag time coefficient.

Controls delay of
surface runoff; higher
= smoother
hydrograph.

12

R__RCHRG DP.gw

Deep aquifer percolation factor.

Higher = more
percolation to deep
aquifer — less
shallow aquifer
baseflow.

13

R GW REVAP.gw

Governs groundwater to root zone
movement ("revap").

Affects
evapotranspiration;
higher = more loss
from groundwater to
plants.

14

R _SOL K(..).sol

Saturated hydraulic conductivity of the
soil (mm/h).

Higher = more
infiltration and
percolation hence
reduced surface
runoff, increased

groundwater flow.

2.12 Downscaling climate data for hydrological modeling

Downscaling is a vital pre-processing step for using climate projections in local and regional

hydrological modeling. General circulation models (GCMs), though indispensable for assessing

global climate change trends, operate at spatial resolutions (100-250 km) that are too coarse for

watershed level applications (Bjarke et al., 2024; Keller et al., 2022).
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Figure 2. 12: Downscaling concept

Figure 2.12 above summarizes downscaling of GCM data to a basin scale level, due to the coarse
resolutions accompanied by GCMs, the applicability at a basin is minimal without downscaling.
It should be noted that GCM outputs cannot accurately represent local rainfall regimes,

temperature variations, or extreme weather events critical inputs for discharge modeling.

Two main approaches to downscaling exist: dynamical downscaling, which involves running a
high-resolution Regional Climate Model (RCM), and statistical downscaling, which derives
empirical relationships between large scale predictors and local climate observations (Attique et
al., 2023; Reder et al., 2025). While dynamical downscaling provides more physically consistent
outputs, it is computationally expensive and data-intensive. Statistical methods, such as those
used in CDO tool, are more accessible and have been effectively applied in East African basins,
including the Awash and Mara Rivers (Ongoma et al., 2018). Many hydrological studies in
Uganda and broader Sub-Saharan Africa rely on raw GCM outputs or skip downscaling
altogether which introduces significant uncertainties in their model outcomes due to coarse

spatial resolutions and bias in GCM projections (Banda et al., 2022; Onyutha, 2024).
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This oversight results in under or overestimation of discharge extremes and misinforms water
planning. To address this, the present study integrates bias corrected and statistically downscaled
NEX-GDDP-CMIP6 data into SWAT, ensuring that the simulated discharge reflects possible
future climate variability for the Manafwa River Basin. This step directly responds to
methodological gaps in prior studies and enhances the reliability of future discharge projections

under climate change conditions.

2.12.1 Bias Correction Methods

The bias correction methods used to correct the mean, variance, and distribution of the modeled
variable, are explained below by using a function h (Londhe et al., 2023; Piani, Haerter, et al.,

2010; Piani, Weedon, et al., 2010).

Pobserved=h (Pmodeled) ..o, Equation 1

The aim of bias correcting is to make sure that the corrected outputs match the observed data, the

different methods are explained in detail below:

Linear Scaling (LS) is a simple bias correction method that is widely used to adjust precipitation
and temperature from GCM (Londhe et al., 2023; Maraun et al., 2010). This method reduces the
biases by comparing the mean of the bias-corrected values with the observed values (Lenderink
et al., 2007; Londhe et al., 2023). The LS function is used to calculate the corrected values based
on the differences of the observed and GCM-simulated data. Precipitation data is rectified using
a multiplier term where the simulated precipitation data are multiplied by the scaling factor
While temperature is corrected using an additive term, where the simulated temperature data are
added to the scaling factor (Londhe et al., 2023). LS equations of precipitation and temperature

are given below;

Pcor, m,d=Praw,m,dx(pu(Praw,m)/pw(Pobs,m))..........cccoeviiiiiiiiiiiiiinn.n. Equation 2
For tempreture:
Tcor, m,d=Traw,m,d+(p(Tobs,m)—pu(Traw,m)).........ccoeiiiiiiiiiiiiiiiaann Equation 3

where Pcor, md and Teormd are corrected precipitation and temperature on the dth day of mth
month, respectively; Praw,md and Traw,md are raw precipitation and temperature on the dth day of

mth month, respectively; pw(Pobs,m) and p (Tobs,m) are mean values of observed precipitation and
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temperature at month m, respectively; and g (Prawm) and g (Traw,m) are mean values of raw

precipitation and temperature at month m, respectively (Londhe et al., 2023).

Local Intensity Scaling method (LOCI) of Precipitation, adjusts the biases in the frequency and
intensity of precipitation which prevents the model-simulated raw data having an excessively
large number of drizzle days (Londhe et al., 2023). This method involves two-step; first, a
threshold for a wet day for a month, m Pthreshold, m is determined from the time series of
model-simulated raw precipitation data (Praw,m,d), so that the threshold should match the
observed (Pobs,m,d) wet day frequency, (Londhe et al., 2023) and in the second step, scaling
factor (Sm), is calculated using

Sm = u(Pobs, m,d|Pobs,m,d > 0)

- u(Praw,m,d|Praw,m,d>Pthreshold,m)

.............................................. Equation 4

The above equation is used to verify that the corrected model precipitation mean is equal to that

of the observed precipitation data and calculated using the equation below;

0,

Pcor,m,d = (Praw, m,d X Sm

if Praw,m,d < Pthreshold,m) .................. Equation 5

otherwise

The Power Transformation (PT) method for Precipitation removes biases in the precipitation
taking into account the variance, the PT method adjusts the standard deviation of the data using
an exponential form. In the PT method, initially, we have to estimate bm, which can be

minimized using the formula below:

_ (6(Pobs,m)/ §(PLOCI,m)/
flbm) = (u(Pobs, m) ) a ( u(PLOCI, m) )

where bm is the exponent for the mth month; o represents the standard deviation operator; and

.......................................... Equation 6

Procimis the LOCI corrected precipitation in the mth month (Londhe et al., 2023).

If bm > 1, the LOCI-corrected precipitation data underestimate the coefficient of variance in
month, m. Once the optimum value of bm is found, the scaling factor is determined using the

formula below (Londhe et al., 2023):

__ { u(Pobs,m) .
Sm = (—u(PLOCI,m)) .............................................................................. Equation 7
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The calculated scaling factor, Sm, should match the mean of the corrected values and observed
values. Then, the corrected precipitation data are calculated using the LOCI corrected

precipitation data, Proci,m,d, using the equation below (Londhe et al., 2023):

Pcor,m,d =Sm X PLOCL, M, d......coonoiiiiiii i, Equation 8

Variance Scaling method (VARI) of Temperature, this method is used for bias correction and
downscaling of temperature because, temperature is known to have an approximately normal
distribution (Londhe et al., 2023; Terink et al., 2010). This method was developed to correct both
the mean and variance of normally distributed variables such as temperature (Londhe et al.,
2023; Terink et al., 2010; Teutschbein & Seibert, 2010b). Therefore, temperature data is
corrected using the VARI method below:

d(Tobs,m)
Tcor,m,d = [Traw,m,d — u(Traw, m)] X (6(raw.m)> + u(Tobs, M.eceeeeennnn.. Equation 9

The delta change method is one of the earliest and most widely applied approaches for adjusting
climate model outputs for use in impact studies. This method operates on the assumption that
future climate will differ from the baseline by a fixed “delta” (change) factor, which is typically
calculated as the difference (for temperature) or ratio (for precipitation) between future and
historical model simulations (Navarro-Racines et al., 2020; Sharma et al., 2023). The delta is
then applied to observed baseline data, creating a corrected dataset that maintains the observed

temporal pattern while incorporating future climate shifts.

The strength of the DC method lies in its simplicity, transparency, and minimal data requirement,
making it particularly suitable for regions with limited observational records (Rica, 2020). In this
method, the temporal structure of observed data such as seasonal cycles is preserved, which can
be advantageous for hydrological models that require daily or sub daily inputs. The delta change
method assumes stationarity in variability, in other words, it does not account for changes in
variability, extremes, or distribution shape makes it less suitable for modeling future
hydrological extremes or convective rainfall regimes, which are common in tropical regions like

Uganda.

In literature, the DC method is increasingly being replaced or combined with distribution based

or quantile mapping methods to better capture changes in frequency and intensity of events
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(Lehner et al., 2023; Mendoza Paz & Willems, 2023). Its ease of use keeps it popular in large
scale or data scarce studies. For the Manafwa river basin, while the DC method can provide a
first approximation of climate driven discharge changes, it should ideally be complemented with
methods like distribution mapping or local intensity scaling to better capture extremes relevant

for discharge variation forecasting and water security planning.

The Distribution Mapping method (DM) for Precipitation and Temperature is based on the
distribution function of the simulated GCM model data is corrected with that of the distribution
function of the observed data. The DM method adjusts the mean, standard deviation, and
quantiles. In addition, it retains the extreme data values (Londhe et al., 2023; ThemeBl et al.,
2012). This method assumes that the observed data and model-simulated raw data of variables
follow the same distribution function, which leads to the addition of new unnecessary biases
(Londhe et al., 2023). For precipitation, the gamma distribution function with shape parameter o
and scale parameter [ is used for distribution and has been verified to be effective (Turco et al.,

2017):
fr(xla, ) = x(a — 1) x (

1
Laxa

) XeR;x=20,a,>0. i, Equation 10

where x is the observed variable; fy is Gamma function; is form parameter; and b is scale
parameter. As previously discussed regarding the LOCI method, a precise threshold value is used
to define a wet day as a large number of drizzle days are recorded in the raw GCM-simulated
precipitation data, causing distortion in the distribution of raw data (Londhe et al., 2023). The

bias correction is performed like LOCI-corrected precipitation data, PLoci,m,q using:

Pcor,m,d = Fy(Fy(PLOCI,m,d|aLOCI, m, BLOCI, m)|a@obs, m, fobs,m)....... Equation 11

where F, () and F,”! are the gamma CDF (cumulative distribution function) and its inverse; a
LOCLm and b LOCI,m are the fitted gamma parameters for the LOCI-corrected precipitation in
a given month m; and olobs,m and PBobs,m are the fitted gamma parameters for observed data (Londhe

etal., 2023).

For temperature, the Gaussian cumulative distribution function shown below, or normal
distribution with mean p and standard deviation o, is assumed to fit temperature best (Londhe et

al., 2023; Teutschbein & Seibert, 2010a):
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FN(x|u,0) = (1/(0 x V21)) X e(—(x — £)2/202); XER ....ovovveiieeeei, Equation 12

Similarly, the corrected temperature can be estimated using the formula below:

Tcor,m,d = FN — 1(FN(Traw, m, d|uraw, m,craw, m)|uobs, m, cobs, m...... Equation 13

where Fx () and Fx'!( ) are the Gaussian CDF and its inverse; prawm and pobsm are fitted and
observed means for the raw and observed temperature data at a given month, m; and Graw,m and
Oobs,m are fitted and observed standard variation for the raw and observed temperature time series

at a given month, m.

The NEX-GDDP-CMIP6 dataset developed by NASA, employs the Bias-Correction Spatial
Disaggregation (BCSD) method. This combines distribution based bias correction with spatial
downscaling (Lehner et al., 2023). The BCSD technique corrects model biases by adjusting the
cumulative distribution functions (CDFs) of simulated climate variables to match those of
observed data, thereby ensuring that the corrected data's statistical properties closely match those
of the reference observations (D. Gao et al., 2024; Velasquez et al., 2020). This approach aligns
conceptually with the Distribution Mapping or Quantile Mapping method, which also modifies
the model output to reproduce the observed probability distribution(Lehner et al., 2023).
Consequently, BCSD can be considered a specialised form of distribution mapping that includes
an additional spatial disaggregation step to enhance the resolution of global climate projections.
Therefore, it ensures that downscaled datasets such as NEX-GDDP-CMIP6 maintain both

statistical fidelity and spatial detail suitable for regional hydrological and climate impact studies.
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Table 2.3 below summarizes the advantages and disadvantages of the different bias correction

methods.

Table 2.1: Bias correction methods

Bias correction method

Advantages

Disadvantages

Linear scaling (LS)

Simple and computationally
efficient
Corrects mean bias effectively

Fails to adjust variance and
distribution

Poor performance in
simulating extremes and
rainfall frequency

Local intensity scaling
(LOCI)

Adjusts both precipitation
frequency and intensity
Reduces overestimation of
light precipitation (drizzle)

Ineffective in correcting
variability and extremes
Limited to wet-dry threshold-
based adjustment

Power transformation
(PT)

Corrects skewness and
variance in precipitation
Improves coefficient of
variation in highly skewed
rainfall distributions

Requires prior frequency
correction using LOCI

More complex than LS

Not applicable to temperature
data

Variance scaling (VS)

Suitable for temperature
correction

Adjusts both mean and
variance

Works well with normally
distributed variables

Not suitable for precipitation
Assumes normal distribution
which may not always hold

Distribution mapping or

Corrects mean, variance and

Computationally intensive

Quantile mapping (DM) quantiles e Sensitive to distribution
e Best for preserving observed selection
statistical properties e Risk of overfitting in poorly
e Suitable for extremes observed regions
Delta Change (DC) e Easy to apply and interpret e Assumes stationary

Requires minimal data
Preserves observed temporal
patterns

variability

Cannot represent future
changes in extremes,
frequency, or variance.
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2.13 Separation method

In hydrological impact assessments, one methodological challenge is separating the individual
contributions of climate change and land-use/land-cover change to observed or simulated
changes in stream flow. This is essential for understanding attribution, informing targeted
mitigation strategies, and supporting evidence-based watershed management. The separation
method involves scenario-based model simulations under four distinct configurations: baseline
LULC and climate, future climate only, future LULC only, and both future LULC and climate.
The Scenario framework for separating climate and LULC effects on river discharge is

summarised in equations 16 and 17 below.

contribution of climate change(CC) = % X100 ..o Equation 14
contribution of LULC change (LULCC) = gi:gi X100 ..o Equation 15,
where;
Table 2. 4: Separation method
Scenario LULC condition Climate condition Purpose
Ql Baseline (2000) Baseline (2000) Reference scenario
(status quo)
Q2 baseline Future Isolates climate
change effect
Q3 future Baseline Isolates LULC
change effect
Q4 future future Captures combined
effect of LULC and
climate change

This enables the quantification of isolated and combined impacts through comparative analysis
of model outputs across scenarios (Guo et al., 2016; Wudineh et al., 2022). To quantify the
relative contributions, researchers use additive decomposition methods, in which the total change
in river discharge is partitioned into components due to LULC and climate, along with a residual
interaction term. Alternatively, sensitivity-based methods use derivatives or elasticity indices to

quantify how stream flow responds to incremental changes in climatic or land-use variables (B.
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J. Anderson et al., 2024; Awasthi et al., 2024). While effective, these techniques assume linearity
or independence; however, this assumption cannot hold in every catchment due to variations in

terrain, climate, and hydrological behaviour.

In Uganda, the separation method remains underutilised; most hydrological studies in the region
have focused on single-driver assessments, either modelling LULC change under static climate

conditions or applying future climate scenarios under constant land-use/land-cover changes.

2.14 Pearson’s Correlation Coefficient

Correlation analysis is widely used in hydrological and environmental studies to evaluate
relationships among climatic variables, land-surface characteristics, and stream flow behaviour.
According to literature (Bati et al., 2023; Nakkazi et al., 2022; Ngoma et al., 2021; Omay et al.,
2023), there are various correlation measures and the Pearson’s correlation coefficient has been
one of the most commonly applied due to its ability to quantify the strength and direction of
linear relationships between continuous variables. In catchment-scale studies, Pearson
correlation has been used to explore how changes in land use/land cover influence runoff
responses, as well as to examine the association between rainfall inputs and resulting discharge
patterns (Woldetsadik et al., 2021). Establishing such relationships provides critical insight into
interpreting hydrological model outputs, particularly in basins experiencing both climate

variability and land-use change, such as the Manafwa catchment.

2.15 Synthesis of Literature

The reviewed literature demonstrates that river discharge is an outcome of interacting climatic,
land surface, and subsurface processes operating within a catchment system. The catchment
hydrology theory conceptualizes river discharge as the integrated response of precipitation
inputs, evapotranspiration losses, soil moisture dynamics, surface runoff, and groundwater
contributions. These processes are governed by both atmospheric forcing and land surface
characteristics, implying that neither climate nor land use/land cover can be examined in

isolation when assessing discharge behaviour.
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Hydrological processes controlling river discharge include rainfall interception, infiltration,
surface runoff generation, evapotranspiration, percolation, and groundwater recharge. The
balance among these processes determines flow magnitude, timing, and variability. In tropical
catchments, these processes are highly sensitive due to intense rainfall events, steep topography
especially in the upper reaches, shallow soils, and strong dependence on vegetation cover.
Consequently, relatively small changes in climate or land use/land cover can trigger large

hydrological responses, particularly in terms of floods and drought.

Existing studies across tropical and sub-Saharan African basins consistently report increasing
rainfall variability, rising temperatures, and altered streamflow regimes characterized by higher
peak flows and more pronounced low-flow conditions. These trends reflect both climatic forcing
and land use/ land cover transformations and underscore the non-stationarity of hydrological
systems. Projections from climate models further suggest that future changes in precipitation
intensity and temperature will amplify hydrological extremes, reinforcing concerns over water

security and flood risk (Intergovernmental Panel on Climate Change, 2021).

However, much of the existing literature has adopted reductionist approaches, assessing either
climate change impacts under fixed land use conditions or land use change impacts under
stationary climate assumptions. Climate studies capture shifts in rainfall and temperature but
overlook how land surface alterations influence runoff generation and storage. On the other side,
LULC only highlights changes in infiltration and runoff but fail to account for evolving climatic
drivers. These approaches, while informative, are limited in their ability to represent future

hydrological behaviour in rapidly changing tropical basins.

Integrated climate and LULC studies provide a more realistic representation of catchment
dynamics by accounting for the interaction between atmospheric forcing and land surface
changes. Evidence from such studies indicates that combined impacts on river discharge are
frequently non-linear and more pronounced than the effects of individual drivers. This highlights
the necessity of integrated assessments for reliable future projections, particularly in basins

experiencing concurrent climate change and rapid land cover transformations.
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Reliable future hydrological assessment also depends on robust land use/land cover projection
techniques. Approaches such as cellular automata, Markov chain models, and hybrid methods
have been widely applied to simulate future LULC dynamics based on observed transition
probabilities and driving factors. When coupled with hydrological models, these techniques
enable scenario-based evaluation of how evolving land systems interact with projected climate

conditions to influence river discharge.

Overall, the literature converges on the understanding that future river discharge behaviour in
tropical catchments can only be adequately assessed through integrated modelling frameworks
that combine climate projections with realistic land use change scenarios. This synthesis
therefore provides the conceptual and theoretical foundation for the present study, which adopts
an integrated climate, LULC approach to assess future river discharge variations in the Manafwa

River Basin.
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CHAPTER THREE: METHODOLOGY

3.1 Introduction

This chapter presents the research methodology, aligning it with the study’s objectives and
research questions. It discusses the research design; including data collection, Landsat image
preparation and classification, accuracy assessment, land-use/land-cover prediction, SWAT
model setup and simulation, calibration and validation, and analysis of future LULC and climate
impacts on river discharge. The chapter also elaborates on data collection tools and analysis

methods, their reliability and validity, and presents a step-by-step illustration of the research

process, as shown in Figure 3.1.
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3.2 Research Design

This study adopted a quantitative, process-based modelling research design, to generate an

objective, replicable, and system level understanding of how future climate and land-use/land-

cover (LULC) changes will influence river discharge in the Manafwa River Basin. Unlike

qualitative approaches that emphasise subjective interpretation, this design prioritises numerical

precision, controlled experimentation, and predictive simulation, allowing the researcher to

evaluate hydrological responses under clearly defined, scientifically defensible scenarios.

3.3 Data Sources

Spatial data needed for hydrological modelling using the ArcSWAT interface include a Digital
Elevation Model (DEM), Land Use/Land Cover (LULC), Soil, Weather data (precipitation,

temperature, solar radiation, wind velocity, relative humidity), and Stream flow (discharge). This

data was collected from various sources, as shown in Table 3.1 below.

Table 3. 1: Spatial data

Data Type

Scale/ Period (s)

Source (s)

Description

Digital Elevation Model
(DEM)

30mx30m

United States Geological
Surveys (USGS) website

Shuttle Radar Topography
Mission (SRTM) (.tiff)

Landsat 4 TM and Landsat 7
ETM+

2000, 2010 and
2020

open-source U.S.
Geological Survey Web
site
(http://glovis.usgs.gov/),

Classified LULC maps for
2000, 2010 and 2020.

Soil map 1:5,000,000 Food Agricultural Clipped Soil map for
Organization (FAO) Manafwa river basin
http://www.fao.org/soils- | showing Soil types,
portal/soil-survey/soil- classification and physical
maps-and-databases- properties
FAO UNESCO-soil-map
of the world/en/

Daily observed stream 1983 - 2022 Directorate of Water Discharge (cms)

discharge of Station ID
82212

Resources Management-
Entebbe (DWRM)
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Daily observed rainfall data | 1983-2024 NEX-GDDP-CMIP6 kilograms per square
meter per second (
kg/m2/sk g / m squared / s
kg/m2/s)

Daily observed temperature | 1983-2024 NEX-GDDP-CMIP6 Temperature (kelvin)

(min and max)

Solar radiation 1983-2024 NEX-GDDP-CMIP6 W/m? (watts per square
meter)

Relative humidity 1983-2024 NEX-GDDP-CMIP6 Percentage (%)

wind speed 1983-2024 NEX-GDDP-CMIP6 meters per second (m/s)

Future daily climate 2025 to 2040 NEX-GDDP-CMIP6

(Tempreture, solar radiation,

relative humidity, wind

speed and rainfall)

Historical Climate Data were obtained from the mean ensemble of 3 GCMs, namely; UKESM1 -
0-LL, GFDL-ESM4, and GFDL-CM4 from the NEX-GDDP-CMIP6. This was for
meteorological data: precipitation, humidity, wind speed, solar radiation, and minimum and
maximum temperature. These 3 GCM models were used because they had shown good
representation of different seasons in previous studies (Omay et al., 2023), making it appropriate
for use in the Manafwa River Basin, where ground measurements are of limited quality and
future data is not available. Furthermore, Erima et al. (2022, 2024) successfully applied CHIRPS

data in studies conducted within the same basin, since its spatial resolution is 5 km. The mean

ensemble was also downscaled to 5 km.

3.4 Data Preprocessing
3.4.1 Past and Present

Given that hydrological models are sensitive to the quality, consistency, and precision of climatic
inputs, this study adopted a multi-stage preprocessing framework to transform regional climate
projections into locally representative, SWAT-compatible forcing data. Daily maximum and
minimum temperature, precipitation, relative humidity, wind speed, and solar radiation were
obtained from the ensemble mean of three CMIP6 Global Climate Models (GCMs) under the
NEX-GDDP framework for the period 1983-2040. This dataset was deliberately selected
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because its statistical bias correction and 0.25° (25km) spatial resolution reduce systematic
model errors and provide a closer representation of local climate patterns compared to raw GCM
outputs a critical requirement for distributed hydrological modelling in tropical basins.

However, because GCM outputs are generated at a global scale, several scientific and practical
transformations are necessary before they can be used in SWAT. The datasets were clipped to

the eastern region of Uganda, which covers the Manafwa basin boundary.

Units of the climate variable that were not consistent with SWAT’s internal parameterisation
were converted. For the NEX-GDDP dataset, precipitation is provided in kg:m™-s™" and must be
converted to daily totals in millimetres; temperature is provided in Kelvin and must be converted
to degrees Celsius. Solar radiation provided in W-m™ was converted into daily MJ-m™, and
wind speed was converted into m-s™'. These conversions were essential not only for consistency
but also because incorrect units propagate substantial structural errors within SWAT, distorting

evapotranspiration estimates, surface runoff generation, and water-balance ratios.

The datasets underwent refinement and quality assurance, including checks for missing values,
removal of extra days in February, and removal of duplicate entries. While NEX-GDDP is
statistically bias-corrected, internal consistency checks were conducted to verify that the
historical climate trends align with known regional climatology, such as the bimodal rainfall
distribution. This step is critical because hydrological outputs are extremely sensitive to
temperature-based evapotranspiration drivers and precipitation intensity distributions.

The cleaned and standardised climate data were restructured into a SWAT-acceptable format,
with each climate variable supplied as a separate station file (*.pcp, *.tmp, *.slr, *.wnd,* .hmd).
This process required assigning station IDs, geographic coordinates and date formatting
conventions consistent with SWAT’s input parser. This reorganisation ensures that the model
correctly interprets the spatial and temporal dynamics of the climate drivers, a necessity for

accurately simulating water balance components across hydrological response units.

3.4.2 Future Climate Projections

Future climate projections for the Manafwa River Basin were obtained from the NASA Earth
Exchange Global Daily Downscaled Projections (NEX-GDDP) dataset under the CMIP6
framework for both SSP2 and SSP5 pathways. Three General Circulation Models (GCMs) were
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selected: UKESMI1-0-LL, GFDL-ESM4, and GFDL-CM4. The choice of these models was
based on their robust performance in representing East African climate dynamics, specifically
Uganda, the availability of all climate variables needed to perform SWAT modelling, and prior
validation in regional climate assessments (Ayugi et al., 2021; Dinku et al., 2018; Ngoma et al.,
2021; Omay et al., 2023, 2025). Each model provides projections under various Shared
Socioeconomic Pathways (SSPs). It should be noted that this study focused on the SSP2 (middle-
of-the-road) and SSP5 (extreme events) scenarios, which represent a moderate emissions

pathway consistent with current global trends.

The selected NEX-GDDP-CMIP6 models included the following key variables required by the
SWAT model: daily precipitation (pr), maximum temperature (tasmax), and minimum
temperature (tasmin), solar radiation (slr), wind speed (sfc wind) and relative humidity (hmd).
Since NEX-GDDP-CMIP6 models are already bias-corrected against observational and
reanalysis data, specifically the Global meteorological forcing dataset (GMFD), no additional
bias correction was applied. However, using the CDO software, the netcdf files were merged and
clipped to the eastern region, from which the mean ensembles were computed. To ensure
consistency with previous research carried out in the basin, downscaling to Skm resolution using
chirps as the reference data in the CDO tool was performed using bilinear interpolation, the
reference data had initially performed well in the basin (Erima et al., 2022, 2024). The data was
then extracted at intervals of not more than 5 km, since it was downscaled to the exact resolution.
This ensured that differences in climate data were well captured during the hydrological
simulations, as emulated in the research of Song & Yan (2022). Therefore, 11 stations were used
in the study, some within the basin, others near, and others virtual stations established as a result
of the buffer analysis, especially in the upper zones of the basin. These datasets provided the
necessary historical and future climatic forcing inputs for simulating the potential impacts of
climate change on river discharge while keeping land use and land cover constant. The results

from these simulations are presented and discussed in Chapter 4.

3.4.3 Preparation of Soil Lookup Table

The soil map from the Food and Agriculture Organisation of the United Nations (FAO-
UNESCO) at a scale of 1:5,000,000 was downloaded from http://www.fao.org/soils-portal/soil-
survey/soil-maps-and-databases-FAO UNESCO-soil-map of the world/en/. The data's default
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coordinate system was WGS1984, which was used throughout the study. The soil data was
resampled to 30-meter resolution and geo-processed to a dataset format compatible with Arc
SWAT. A specific soil lookup table was created, and the map was clipped to the AOI to create a
soil GIS layer for the Manafwa river basin. This soil map provides information on soil type, soil
classification, and physical properties, including texture, soil depth, and soil drainage attributes,
needed by the SWAT model. Using the Arc SWAT soil database provided by the US Department
of Agriculture (USDA), soil properties such as clay content, sand content, loam content and
hydrological group were analysed, from which an assessment was then conducted to identify
SWAT user-defined soils that closely correspond to the characteristics of the soils within the

study area.

3.4.4 Terrain Analysis

The SRTM DEM of 30 m resolution for the study area was downloaded from the United States
Geological Survey (USGS) website https://Ita.cr.usgs.gov in the WGS 1984 datum. This was
preferred because of its high spatial resolution and because it does not require reprojecting from
one coordinate system to another. The DEM was used to delineate the watershed by filling sinks
and removing spikes, thereby enabling the computation of flow direction and accumulation in
ArcSwat. Thereafter, watershed delineation was performed, yielding sub-basins, HRUs, the

stream network, the longest reaches, and drainage surfaces.

3.4.5 Preprocessing of River Discharge (flow).

The daily river discharge/flow data were obtained from the Directorate of Water Resources
Management (DWRM), Entebbe, for River Gauging Station (ID) No. 82212. It is worth noting
that the Manafwa River has only one discharge gauge station. The observed daily stream flow
data were aggregated to average monthly stream flow, as the model’s performance in simulating
monthly scenarios was satisfactory in previous research carried out within the same basin
(Pouyan Nejadhashemi A, 2011). Besides that, most daily river discharge data have been
reported to be noisy (Navarro-Racines et al., 2020). The discharge data were then arranged in the
SWAT CUP acceptable format, as required for calibration inputs. This data was used to
calibrate and validate the SWAT model.
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3.5 Land Use Land Cover Mapping in the Manafwa Catchment
3.5.1 Past Land Cover Mapping

Landsat imagery (Landsat 4, 7, and 8) from the Collection 2, Tier 1 Surface Reflectance (SR)
dataset was utilised for land-use/land-cover (LULC) mapping in the Manafwa catchment. The
data were accessed and processed within the Google Earth Engine (GEE) cloud platform. The
SR product was preferred because it provides atmospherically corrected surface reflectance
values generated by the LaSRC algorithm, which accounts for aerosol scattering and water
vapour absorption. This ensures radiometric consistency and minimises sensor-related and

atmospheric distortions, thereby improving the reliability of subsequent classification results.

Prior to classification, the imagery was filtered by date and cloud cover (10%) to ensure optimal
visibility of surface features. Additional preprocessing steps, such as cloud and shadow masking
were applied to enhance image quality. The images were then composited to generate annual
median reflectance mosaics representing each study year (2000, 2010, and 2020). These
composites provided consistent and cloud-free datasets suitable for time-series LULC analysis.
Supervised classification was conducted in GEE using the Random Forest (RF) machine learning
algorithm with 50 decision trees. Training data were obtained through visual interpretation of
high-resolution imagery and expert knowledge of the catchment. A minimum of 60
representative training samples were collected for each LULC category: Built-up areas,
Farmland, Grassland, Tropical Forest, Wetland, and Woodland. The Natural Colour (RGB)
composite was primarily used for identifying land cover types during training data collection.
The Random Forest algorithm was selected due to its robustness, resistance to overfitting, and
superior classification accuracy in complex landscapes (Belgiu & Dragut, 2016).

Accuracy assessment was performed using a stratified random sampling approach, with 20% of
the training data reserved for validation. The assessment metrics included overall accuracy,
producer’s accuracy, and user’s accuracy, ensuring a comprehensive evaluation of classification
performance. An acceptable minimum accuracy threshold of 80% was adopted, following the
recommendations of Wang & Mountrakis (2023).

The classified maps for 2000, 2010, and 2020 were subsequently exported from GEE for post-

classification analysis and cartographic visualisation in ArcGIS 10.2.2. These maps form a
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consistent spatial dataset that supports further temporal change detection and hydrological

modelling within the Manafwa basin.

3.5.2 Future Land Use/Land Cover

Future land use/land cover (LULC) maps were generated using TerrSet’s Land Change Modeler
(LCM), following procedures outlined by Haider et al. (2023). Historical LULC maps for 2000,
2010, and 2020, along with spatial driver variables such as distance from road networks, distance
from the river network, population density, distance from urban centres, elevation (DEM), and
aspect and slope, were used as inputs to inform the projections (Li et al., 2020; Lukas et al.,
2023). LULC maps for 2010 and 2020, along with the spatial variables, were used to project the
2030 LULC map, maintaining a 10-year temporal interval. For the 2040 projection, LULC maps
from 2000 and 2020 were combined with the spatial drivers to ensure a consistent 20-year
temporal interval. This approach allowed the incorporation of both historical trends and spatial

determinants into projections of future land use/land cover.

3.6 Calibration and Validation
3.6.1 Swat Model Setup and Input
The processes used to set up a SWAT model are summarised in Figure 3.2 below. These include

automatic watershed delineation, HRU analysis, creation of input tables and SWAT simulation.
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Figure 3. 2: SWAT hydrological model setup (source: Arnold et al., 2013; Turyahabwe, 2019)



In hydrological modelling, the watershed delineation process involved five steps: setting up the
DEM, stream definition, outlet and inlet definition, watershed outlets selection and calculation of
sub-basin parameters. The automated watershed delineation interface in Arc SWAT was used to
delineate the Manafwa watershed. A 30-meter-resolution DEM was used for the DEM setup,
from which stream definition based on DEM conditions was performed to obtain flow
accumulation and direction. The watershed outlet was added manually because I had the gauge
station's coordinates within the basin.

Having delineated the watershed, the hydrologic response unit creation process was then
executed. In the HRU Analysis section, under the land use/soils/slope definition subsection, the
land use/cover, soil, and slope data, along with their respective lookup attribute tables, were also
imported and defined as required by SWAT. The LULC and Soils were reclassified, overlapped,
and connected to the SWAT catalogues, therefore ready for HRU definition. The LULC maps
lookup table was prepared into five classes in the “SWAT Land Use Classification Table”,
namely: FRST — Tropical Forest, AGRL — Farmland, WATR — Water bodies, URBN —Built-up,
WETL — Wetland and PAST — Grassland and RNGE - Woodland.

For the SWAT Slope Classification, five slope classes were defined, each with lower- and upper-
class limits expressed as percentages (%). Slope elevation bands of 0-2, 2—4, 4-8, 8-16 and 16-
99.9 and above were provided to the model. For the HRU definition, thresholds of 1% for land
use, 10% for soil class, and 10% for slope were set. These thresholds were chosen to capture
LULC transformation effects well during the simulations. Having executed the overlay option,

the HRU feature class and Overlay reports were created.

Weather data files were prepared using the WXGEN weather database, and the resulting files
were imported into Arc-SWAT. The files contained data with the same start and end dates as the
SWAT simulation. The WXGEN user option for generating weather data was used, and only the
files containing the coordinate locations of the weather data (precipitation (pcp), temperature
(tmp), relative humidity (rh), wind speed (wind), and solar radiation (solar) were imported into
SWAT. The SWAT model was finally set up for simulation by selecting and defining the
simulation period from 1983 to 2022, with the first 7 years used as a warm-up period to allow the
simulated processes to reach dynamic equilibrium. After running, the model creates output files

that were used for subsequent hydrological modelling, calibration, and validation.
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3.6.2 SWAT CUP Project Setup

To prepare the model for calibration, the output files generated from SWAT were organized in a
separate folder dedicated to SWAT-CUP processing. SWAT-CUP was then launched, and the
SWAT output folder was linked to the software so that it could read the required simulation files.
The appropriate SWAT version and calibration method were selected based on the model
configuration, after which a new project was created and saved in the designated working
directory.

3.6.3 Sensitivity Analysis

Sensitivity analysis is used to estimate the rate of change in model outputs in relation to changes
in the model inputs (Turyahabwe, 2019). It helps to determine which parameters are important
for accurate results (Atkinson et al., 2010; Turyahabwe, 2019). Sensitive parameters for the basin
were obtained from a study by Erima et al. (2024), who conducted hydrological modelling in the
Manafwa basin. His findings highlighted key parameters associated with surface runoff (CN2,
SOL K, SOL AWC), groundwater response (ALPHA BF, GW _ DELAY, GWQMN,
RCHRG_DP), evapotranspiration and vegetation processes (ESCO, EPCO, CANMX), and
channel routing (CH_N2, CH K2), along with flow timing factors such as SURLAG and

HRU SLP. These parameters were therefore prioritized in the sensitivity analysis for the basin.

3.6.4 Calibration of the Model

The SWAT model was calibrated using observed daily data from the Directorate of Water
Resources Management (DWRM) for the Manafwa River gauge station (82212), which were
converted to monthly discharge. The calibration timeframe was from 1983 to 2015, with a seven-
year warm-up period incorporated to initialise the model state. The calibration involved using the
Sequential Uncertainty Fitting (SUFI-2) algorithm within the SWAT-CUP tool, following the
procedures outlined by G. Arnold et al. (2012). Below is Figure 3.3, which summarises the

calibration procedure.
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Figure 3. 3: Calibration process (source: ((Turyahabwe, 2019))

Calibration was carried out using the Sequential Uncertainty Fitting Algorithm (SUFI-2)
implemented in the SWAT-CUP software. This approach follows the procedures recommended
by Arnold et al. (2012) and has been widely applied in similar catchments. The process involved
defining the project, selecting the observation data, and specifying the model parameters to be
adjusted during calibration. Based on previous work in the Manafwa basin (Erima et al., 2024;
Turyahabwe, 2019), fourteen key hydrological parameters were selected, including those
controlling surface runoff (CN2, SOL K, SOL AWC), groundwater response (ALPHA BF,
GW_DELAY, GWQMN, RCHRG_DP), evapotranspiration (ESCO, EPCO, CANMX), channel
routing (CH_N2, CH K2), and flow timing (SURLAG, HRU_ SLP). These parameters were

assigned initial ranges and used as inputs for SUFI-2 iterations.

The observation dataset, the simulation period, and the objective function were then specified
within SWAT-CUP. The Nash—Sutcliffe Efficiency (NSE) and coefficient of determination (R?)

were used to assess the agreement between simulated and observed discharge. The calibration
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process involved running multiple simulations, comparing the results with observed data, and

updating parameter ranges until an acceptable level of model performance was achieved.

SWAT-CUP produced several outputs summarising calibration performance, including the 95%
prediction uncertainty (95PPU) plot, the set of best-fitted parameters, suggested parameter
ranges for subsequent iterations, and summary statistics for NSE and R?. Model uncertainty was
evaluated using the P-factor, which measures the percentage of observed data captured within the
95PPU band, and the R-factor, which represents the width of that uncertainty band. Parameter
sets yielding high P-factor and low R-factor were considered satisfactory and selected for use in

subsequent model evaluation. All these steps followed are summarized in figure 3.4 below.

SUFI2_LH sample.exe -+ par_infixt
el el SUFI2 new_pars.exe

{

BACKUP — SWAT Edit.exe “— SUFI2_swEdit.def

Modified
SWAT inputs

¥

swak exe

SWAT
outputs
observed. fxt

SUFI2_extract_rch.def SUFI2_extraci_rch.exe

} |

*. out — o —
o *  SUFI2 goal fh.exe goal.txt

L.

SUFI2 95ppu.exe

Is
calibration
criteria

atisfied?

Figure 3. 4: SUFI2 algorithm operation (source: (Turyahabwe, 2019)

—

3.6.5 Model Validation

Model validation is the process of determining the extent to which a model or simulation
accurately represents observed behaviour from the perspective of its intended uses (Turyahabwe,
2019). This process was conducted in SWAT-CUP using observed discharge data from 2016 to
2022.

53



The model's accuracy was evaluated using statistical metrics as those recommended by N.
Moriasi et al. (2007). Statistical metrics include: Nash-Sutcliffe Efficiency (NSE), Coefficient of
Determination (R?), Root Mean Square Error (RMSE), and Per cent Bias (PBIAS). Turyahabwe.
(2019) recommended performance rating for SWAT model simulations as presented in the table

3.2 below, and these were used as a basis in this study.

Performance ratings recommended for stream flow simulation

Table 3. 2: Performance ratings.

Performance rating NSE R?
Unsatisfactory NSE<0.5 R?<0.6
satisfactory 0.5<NSE < 0.65 0.5<R?<0.65
Good 0.65 <NSE <0.75 0.65 <R*<0.75
Very good 0.75<NSE <1 0.75<R*<1

Source: (Turyahabwe, 2019)

3.7 Modelling River Discharge for Different Climate and Land Use/Land Cover Scenarios

3.7.1 Land Use/Land Cover Change with Constant Climate

Following Turyahabwe. (2019)’s methodology, investigating the isolated impacts of land
use/land cover (LULC) change on river discharge involves keeping climate inputs constant while
changing LULC data. Specifically, historical climate variables from the period (1983-2022)
were employed across all scenarios to ensure consistency. Projected and historical LULC
datasets for 2010, 2020, 2030, and 2040 were introduced into the model, one at a time. This
approach enabled the influence of LULC change on river discharge to be evaluated
independently of the climate variables. In the SWAT model setup, LULC maps for 2010, 2020,
2030, and 2040 were introduced, one at a time, while keeping the climate variables, soil, and
topographic datasets fixed. For each scenario, the model was run and generated results like the
topographic reports, HRU reports, elevation and discharge reports which reflected hydrological
responses to the changing LULC. The newly generated TxtInOut file which contains all the
essential SWAT input and output files, including model configuration, parameter files was then

imported into SWAT-CUP, and the minimum and maximum parameter values were set to the
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fitted values that were obtained during calibration. This ensured that the model adjusts to the
fitted parameters, thereby maintaining consistent model performance. SWAT-CUP simulations
were subsequently executed, and the output tables were extracted for each LULC scenario. The
results from the simulations provided the basis for analysing the impacts of land cover change on

river discharge under constant climate conditions.

3.7.2 Climate Change with Constant Land Use/Land Cover

For the climate change scenarios, land use/land cover (LULC) was held constant at the year
2000, which corresponds to the baseline period used during model calibration. This approach,
also known as the separation method, was adopted to isolate the influence of climate change on

river discharge without the effects of LULC change.

Within the SWAT model setup, future climate projections were introduced while all other input
datasets (soils, topography, and land cover) remained fixed. The model was then run to generate
new model files, reflecting different simulation outputs under the altered climatic conditions. The
new model files were then imported into SWAT-CUP, where parameter values were maintained
at the obtained fitted calibrated values. This ensured consistency between the baseline model
setup and the subsequent climate change simulations. Thereafter, SWAT-CUP was executed, and
corresponding output tables were generated for the new climate scenarios. These outputs
provided the basis for evaluating the impacts of climate change on river discharge under fixed

LULC conditions.

3.8 Quantifying the Individual Contributions of Land Use/Land Cover Changes and
Climate Changes on River Discharge.

The separation method was used to quantify or attribute discharge changes to either climate
change or land-use/land-cover change. By differencing discharge from baseline discharge values,
one can quantify the individual contributions of LULC and climate change. The separation
method has been extensively applied in hydrological studies to quantify the impacts of specific
drivers on stream flow variability (Guo et al.,, 2016; Wudineh et al., 2022). The method,
therefore, enables the evaluation of the distinct and combined impacts of two domino factors,

thereby facilitating hydrological evaluations.
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CHAPTER FOUR: RESULTS

4.1 Introduction

This chapter presents research findings for each specific objective and begins with past classified
land-use/land-cover maps, followed by those for the future. The chapter further presents
sensitivity analysis, calibration, validation, and hydrological simulation outcomes under future

LULC and climatic scenarios.

4.2 Land Use/Land Cover Changes for Manafwa River Basin from 2000 to 2040.
4.2.1 Land Use/Land Cover Maps

Figure 4.1 below shows the spatial distribution of LULC for 2000, 2010, 2020, 2030, and 2040.
From the maps, six land cover classes; Wetland, Forest, Farmland, Built-up, Grassland, and
Woodland were identified. Visually, Farmland, Forest, Woodland, Grassland, and Wetland were
the most dominant LULC classes in the watershed. It should be noted that, despite their earlier
coverage, this changed significantly over time.

The dominance of farmland and the decline in forest, woodland, and wetland areas clearly
indicate a transition from a watershed predominantly covered by natural vegetation in 2000 to a
human-modified watershed by 2040. These transitions point to increasing agricultural and urban

expansion as major drivers of land cover change.
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Figure 4. 1: LULC maps for 2000, 2010 2020, 2030 and 2040
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Table 4. 1: Area Statistics

LULC class | 2000 (kem2)| 2000 (%)]2010 (em2)] 2010 (%) | 2020 (em2) | 2020 (%) 2030 (em2]2030 (%)]2040 (km2]2040 (%)
Buit-up 03 0.1 10 02 28 042 168 26 409 62
Welnd | 1285 | 196 | 664 | 101 194 153 11 18 s3] 08
Famlnd | 2636 | 402 | 3516 | 536 | 4615 | 7038 36| %22 5338 814

Tropicalforest] 1142 | 174 | 1118 | 171 | 1001 1521 7 1200 668 102
Woodand | 1188 | 181 | 1023 | 156 13 49 07 o1 05 ol
Grassend | 304 | 46 | 227 | 35 97 148 90 14 82 13
Total 6558 | 100 | 6558 | 100 | 6558 100 6558] 100 | 6358 | 100

Table 4.1 above presents area statistics for both classified and projected LULC classes in the
Manafwa River Basin for 2000, 2010, 2020, 2030, and 2040. The results show the
transformation of the basin’s land cover over 40 years. The built-up area has increased steadily
from 0.3 km? (0.1%) in 2000 to 40.9 km? (6.2%) by 2040, indicating rapid urban expansion

driven by population growth, infrastructure development, and improvements in living standards.

On the other hand, natural vegetation classes specifically tropical forest, woodland, wetland, and
grassland show a consistent decline across the study period. Area covered by Tropical Forest
declined from 114.2 km? (17.4%) in 2000 to 66.8 km? (10.2%) in 2040, and that of woodland
reduced from 118.8 km? (18.1%) to 0.1 km? (0.02%): such a trend points towards intensified
deforestation and natural vegetation degradation within the Manafwa basin. In addition to the
above, the wetland area also experienced significant reductions, from 128.5 km? (19.6%) in 2000
to 5.3 km? (0.8%) in 2040, reflecting increasing human pressure that has led to conversion to
Farmland and urban development. Therefore, Farmland is the most dominant and expanding
LULC class throughout the study period and it increased significantly from 263.6 km? (40.2%) in
2000 to 533.8 km* (81.4%) in 2040. This exponential expansion points towards intensified
agricultural activity in the basin. The expansion of Farmland primarily occurred at the expense of
forest, woodland, and wetland areas, demonstrating a clear trend of conversion from natural land
cover to agricultural landscapes.

Therefore, the LULC maps reveal a transition from natural land cover in 2000 to a more human-
modified surface cover by 2040, as demonstrated in Figure 4.2. These findings highlight the
accelerating impact of human activities on land cover in the Manafwa River Basin, with potential

implications on the hydrological cycle.
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Figure 4. 2: LULC classes for different years

4.2.3 Change Detection

This was conducted to quantify and visualise spatial and temporal transitions in LULC classes
between 2000 and 2040, using transition matrices and change maps to assess the direction, rate,
and magnitude of these changes. The analysis revealed that wetlands and woodlands are the most
dynamic classes, with high probabilities of conversion to farmland and built-up areas.

Between 2000 and 2010, approximately 13% of the basin’s natural LULC classes were converted
into farmland and built-up areas. However, this pattern intensified between 2000 and 2020, when
about 30.6% of the basin underwent conversion. The spatial patterns of change indicate that the
upper catchment retained more forest cover, while the mid and lower zones experienced

extensive farmland and built-up expansion, as shown in Figure 4.3 below.
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Table 4.2 below summarises the area change statistics (in km?) for each land cover class across
different intervals. Farmland shows the most significant increase, while woodland and wetland
show the greatest declines. Built-up classes, though smaller in total extent, demonstrate a high
rate of growth during the analysed interval; these patterns show a clear trajectory of land-use
change in the Manafwa River Basin.

The continued expansion of built-up and farmland LULC classes at the expense of natural
vegetation may have hydrological consequences, including reduced infiltration, increased surface
runoff, and altered river discharge dynamics. These findings provide a critical input to the
following sections on hydrological modelling and the assessment of river discharge responses to
changing LULC and climatic conditions.

Table 4. 2: Area change statistics

AREA CHANGE STATISTICS (km?)

2010 2020 2030 2040
Built-up 0.09 0.95 2.51 6.19
Wetland -9.59 -12.05 -17.78 -18.77
Farmland 13.20 29.67 41.96 41.23
Tropical forest -0.19 -2.43 -5.42 -7.23
woodland -2.34 -12.98 -18.02 -18.05
Grassland -1.16 -3.14 -3.24 -3.36

Figure 4.4 below summarises the direction of change for the different LULC classes in the

Manafwa river basin over the study period of 2000-2040.
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Figure 4. 4: Comparative bar graph showing direction

Tables 4.3, 4.4, 4.5, and 4.6 present the land-use/land-cover transition matrices for the years
2000, 2010, 2020, 2030, and 2040, respectively. The matrices show the probabilities with which
the different LULC classes were converted from one class to another over time, with the most
dominant transitions being from wetland and woodland to farmland, indicating the conversion of

natural land cover to human-governed land cover.

During the 20-year interval, the farmland and built-up classes had high probabilities of
expansion, particularly in the basin's middle and lower zones. These zones were originally
wetland and woodland classes, which were later replaced. Therefore, change detection shows
that conversion from LULC classes to farmland in the basin is high; however, even though built-
up is not dominant at the moment, the probability of conversion to built-up is high, especially in

the subsequent years.
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Table 4. 3: Transition matrix 2000 to 2010

Built- Tropical

up Wetland | Farmland | forest woodland | Grassland
Built-up 1 0 0 0 0 0
Wetland 0.00 0.22 0.64 0.04 0.08 0.02
Farmland 0.00 0.11 0.73 0.04 0.10 0.02
Tropical
forest 0.00 0.01 0.09 0.70 0.17 0.04
woodland 0.00 0.04 0.47 0.11 0.36 0.01
Grassland 0.00 0.04 0.29 0.13 0.21 0.33

During the 2000 to 2020 span, the magnitude of these conversions increased as farmland and
built-up areas continued to expand relative to 2000 (base year); all these conversions occurred at

the expense of natural vegetation, as depicted in the transition matrix below.

Table 4. 4: Transition matrix 2000 to 2020

Built- Tropical
up Wetland | Farmland | forest | woodland | Grassland

Built-up 1 0 0 0 0 0
Wetland 0.01 0.18 0.77 0.02 0.02 0.003
Farmland 0.02 0.07 0.85 0.03 0.04 0.002
Tropical

forest 0.00 0.02 0.18 0.66 0.13 0.010
woodland 0.00 0.03 0.85 0.07 0.05 0.002
Grassland 0.01 0.03 0.49 0.17 0.05 0.245

A considerable portion of natural vegetation cover, which was lost to farmland and built-up
areas, accounted for approximately 200.51 km? (30.61%) of the basin, this is clearly depicted in
the transition matrix below (2000-2030)

Table 4. 5: Transition matrix 2000 to 2030

2000-
2030
Built- Tropical
up Wetland | Farmland forest woodland | Grassland
Built-up 1 0 0 0 0 0
Wetland 0.01 0.18 0.77 0.02 0.02 0.00
Farmland 0.02 0.07 0.85 0.03 0.04 0.00
Tropical
forest 0.00 0.02 0.18 0.66 0.13 0.01

woodland 0.00 0.03 0.85 0.07 0.05 0.00
Grassland 0.01 0.03 0.49 0.17 0.05 0.24
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Table 4. 6: Transition matrix 2000 to 2040

2000-
2040
Built- Tropical
up Wetland | Farmland forest Woodland | Grassland
Built-up 1 0 0 0 0 0
Wetland 0.01 0.25 0.70 0.02 0.02 0.00
Farmland 0.01 0.07 0.86 0.03 0.02 0.00
Tropical
forest 0.00 0.02 0.26 0.62 0.09 0.01
Woodland | 0.00 0.04 0.71 0.11 0.14 0.00
Grassland 0.01 0.04 0.32 0.26 0.02 0.36

The transition matrices revealed that wetland and woodland are the most dynamic land cover
classes, with high probabilities of conversion to farmland and built-up areas. This pattern
therefore suggests that human activities, mainly urbanisation and agriculture, are the main

drivers influencing future LULC distribution in the Manafwa Basin.

4.3 Examining the Influence of both Land Use/Land Cover Changes and Climate Change

on River Manafwa’s Discharge

4.3.1 Observed Discharge Characteristics (1983 -2022)

Discharge data for the historical period (1983-2022) was analysed, enabling the establishment of
baseline hydrological behaviour, specifically the mean monthly discharge and the maximum and
minimum monthly discharge within the Manafwa River basin. Figure 4.5 below shows the mean
monthly discharge, reflecting the basin's characteristic flow patterns under historical climate and
land cover conditions. The results indicate a pronounced bimodal flow regime, with significant
peaks in April-May and September-November, corresponding to the long and short rainy
seasons. The highest flows occur in May, with mean monthly discharge reaching approximately
14.09 m?/s, while a secondary peak is observed in October at about 8.83 m?®/s. Contrary, dry
season months (December — February and June — August) record significantly lower flows, with
minimum discharge values dropping to 3.23 m?®/s in January. This analysis shows that the
discharge of the Manafwa river basin is mainly governed by seasonal rainfall patterns, with
distinct differences between wet and dry periods. Therefore, these baseline conditions provide a
reference against which the impacts of land use/land cover and climate change are assessed in

subsequent sections.
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Mean Discharge for 1983 to 2022 at Mbale - Tororo Road
(Station ID 82212)

16

14
12
| I I I
2 2 SN > A & & & &
& & Ko BN & S §7% & & @ng
S S

Discharge (CMS)
o

oON B O

¥ L
s éj\ 1)

&

S
Y &

Months

Figure 4. 5: Mean observed discharge (insitu)
4.3.2 Model Calibration Results

The model was calibrated using monthly stream flow data derived from daily data obtained from
the Manafwa gauging station (ID: 82212). Model performance was evaluated using Nash-
Sutcliffe Efficiency (NSE), Coefficient of Determination (R?), and the root mean square error.
Table 4.7 summarises the model calibration performance statistics.

Table 4. 7: Performance statistics of model calibration

PARAMETERS CALIBRATION (1990-2015)
NSE 0.79
R2 0.78
RMSE 1.76

The SWAT model demonstrated a strong performance during the calibration period, with a Nash
Sutcliffe Efficiency (NSE) of 0.79, a coefficient of determination (R?) of 0.78, and a Root Mean
Square Error (RMSE) of 1.76 mm/day. According to the model evaluation guidelines by Moriasi
et al., (2007) & Arnold et al., (2012), NSE values above 0.75 and R? values exceeding 0.70

indicate good model performance for monthly stream flow simulation.

Figure 4.6 compares observed and simulated monthly discharge during calibration.

65



Calibration from Ground Rainfall (1990-2015)

35+ B 95PPU
— Observed
—— Best_Sim

Monthly Discharge (m?3/s)

1992 19‘96 2000 2004 20b8 2012 2016
Time (Months)

Figure 4. 6: Calibration

Figure 4.6 above presents the 95% Prediction Uncertainty plot (95PPU) for monthly discharge
during the calibration period (1990-2015) at the Manafwa gauging station (ID: 82212), using the
2000 land-use scenario. The shaded region represents the uncertainty band, while the observed
and simulated stream flow hydrographs are shown for comparison. The graph indicates that the
majority of observed stream flow values fall within the 95PPU band, suggesting that the

calibrated model captures hydrological process uncertainty reasonably well.
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The Fitted parameter values of the study are summarized in the table below 4.8.

Table 4. 8: Top sensitive parameters

No. | Parameter Name Definition Fitted | Min | Max | t-stat
value | value | value

1 R CN2.mgt Initial SCS runoff curve number | -0.24 | -0.4 | 0.2 0.53
for moisture condition II

2 V__ALPHA BF.gw | Baseflow alpha factor (days) 1.52 1.04 | 1.55 |0.09

3 V__GW _DELAY.gw | Groundwater delay time (days) | 35.26 | - 98.83 [ 17.11

50.05

4 V__ GWQMN.gw Threshold depth of water in the | -0.63 | -0.77 | 0.12 | -0.54
shallow aquifer

5 R LAT SED.hru Sediment  concentration in | 59.56 |43.68 | 74.52 | -0.96
lateral and groundwater flow
(mg/L)

6 R SOL AWC(..).so0l | Available water capacity of the | -0.3 -0.49 | -0.06 | -0.44
soil layer (mm/mm)

7 R CH K2.rte Effective hydraulic conductivity | 46.8 | 1.07 | 62.45|-1.53
in main channel alluvium
(mm/h)

8 R CH N2.rte Manning’s “n” value for the | 0.05 |0.05 |0.12 |0.55
main channel

9 R_ESCO.hru Soil evaporation compensation | -0.04 | -0.05 | 0.5 0.15
factor

10 | ROV N.hru Manning’s  “n” value for | 16.04 | 6.49 | 16.88 | 0.56
overland flow

11 | R__SURLAG.bsn Surface runoff lag coefficient 15.19 | 12.34 | 17.29 | 0.91

12 | R_RCHRG DP.gw | Deep aquifer percolation factor | 1.29 |0.92 | 1.42 |0.1

13 | R GW _REVAP.gw | Groundwater “revap” coefficient | 0.47 | 0.28 | 0.76 |1.72

14 | R__SOL K(..).sol Saturated hydraulic conductivity | 3.37 | 3.06 |5.81 |-2.94

(mm/h)

The sensitivity analysis revealed that GW_DELAY.gw is the most sensitive parameter affecting

stream flow simulation in the Manafwa River Basin, followed by GW_REVAP.gw and
SURLAG.bsn. Other parameters with notable sensitivity included SOL K.sol, OV_N.hru,
CH K2.rte, ALPHA BF.gw, SOL AWC.sol, LAT SED.hru, and GWQMN.gw. The results

suggest that both surface runoff generation and groundwater response processes play significant

roles in controlling stream flow variations in the basin.
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4.3.3 Model Validation

The model was validated using monthly stream flow data (2016 to 2022) derived from daily data
obtained from the Manafwa gauging station (ID: 82212). Model performance was evaluated
using Nash-Sutcliffe Efficiency (NSE), Coefficient of Determination (R?), and the root mean
square error. Table 4.9 summarises the model validation performance statistics.

Table 4. 9: Performance statistics of the model validation

PARAMETERS VALIDATION (2016-2022)
NSE 0.77
R? 0.76
RMSE 241

The model validation statistics obtained were NSE of 0.77, R? of 0.76, and RMSE of 2.41
mm/day, indicating that the SWAT model maintained a strong performance when applied to an
independent dataset for the 20162022 period. Even though the statistics are slightly lower than
those obtained during calibration (NSE = 0.79, R? = 0.78), they still fall within the performance
thresholds defined by Moriasi et al. (2007) for satisfactory monthly stream flow simulation. The
consistency between calibration and validation outcomes confirms the model’s ability to reliably
simulate stream flow dynamics in the Manafwa River Basin. It therefore supports its use in

further scenario-based simulations under changing land-use and climate conditions.

Figure 4.7 illustrate the comparison between observed and simulated monthly discharge during
the validation.
VALIDATION (2016 TO 2022)

N 95PPU
= Observed
Best_Sim

MONTHLY DISCHARGE (m?/s)
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Figure 4. 7: Validation
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Figure 4.7 presents the 95% Prediction Uncertainty plot (95PPU) for the monthly discharge
during the validation period (2016-2022) at the Manafwa gauging station (ID: 82212). The
shaded region represents the uncertainty band, while the observed and simulated stream flow
hydrographs are shown in different colours, as indicated in the legend, for easy comparison.
Based on sensitivity analysis and statistical evaluation after calibration and validation, the
SWAT model demonstrates sufficient predictive applicability for scenario analysis. Therefore,
the fitted values obtained during calibration are used in subsequent sections to simulate the
impacts of LULC and climate change on river discharge in both historical and projected

timeframes.

4.4 Impacts of Land Use/LLand Cover Change on River Discharge with Constant Climate.

Table 4.10 presents the simulated mean discharge values under different land-use scenarios,

based on fixed climate data (1983 to 2022).

Table 4. 10: Mean discharge

LULC MEAN DISCHARGE{CMS)
LULC 2000 1270421212
LULC 2010 12. 78748485
LULC 2020 12.99675253
LULC 2030 13.04559848
LULC 2040 13.2752

The results show an upward trend in stream flow as land cover changes from mainly natural
vegetation to more farmland and built-up areas. The mean discharge increased from 12.70421
m?3/s under the baseline scenario to 12.78748 m3/s for LULC 2010, 12.99675 m3/s for LULC
2020, 13.0456 m3/s for LULC 2030 and 13.0752 m®/s for LULC 2040 in the 2040 scenario,
reflecting a consistent rise of approximately 2.92% over the 40-year land use change time. The

above is illustrated in Figure 4.8 below.
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Figure 4. 8: Mean discharge under different LULC Scenarios

For maximum monthly discharge, a similar trend was observed as discharge increased from
19.48 m’/s to 20.66 m*/s when the LULC of 2040 was used, indicating a growing intensity of
peak flow events under future LULC conditions. On the other hand, the minimum monthly
discharge showed a decreasing trend, declining from 6.235 m?/s during the baseline period to
6.162 m*/s under the projected LULC of 2040. The above results relate directly to reduced soil
water retention, low baseflow contribution, and faster depletion of catchment moisture reserves
during dry months. This, therefore, means that during dry months, discharge will decrease to
levels not experienced in the river basin, calling for controlled water storage by humans living in
and near the watershed. These variations therefore demonstrate that land use and land cover
change in the Manafwa River Basin significantly influence not only the average discharge
volume but also the occurrence of hydrological extremes, clearly demonstrating the catchment's
sensitivity to land use and cover changes, even under constant climatic conditions. Table 4.11

and Figure 4.9 below summarise the discharge statistics as explained above.
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Table 4. 11: Discharge Results under Different LULC Scenarios

Max Min
LULC Monthly Month Monthly
Scenario | Year | (m%/s) (year) (m?/s) Month (year)
LULC November
2000 2000 19.48 | (1994) 6.235 | August (2015)
LULC November
2010 2010 19.68 | (1994) 6.229 | August (2015)
LULC November
2020 2020 20.34 | (1994) 6.261 | August (2015)
LULC November
2030 2030 20.56 | (1994) 6.227 | August (2015)
LULC November
2040 2040 20.66 | (1994) 6.162 | August (2015)

Figure 4.9 provides a comparison of Monthly Discharge Metrics under Baseline and LULC
Scenarios (2010, 2020, 2030 and 2040) with climate held constant (1983 to 2022). The figure
shows increase in mean and maximum discharge and a decline in minimum discharge as land

use/land cover shifts from natural vegetation to more farmland and built-up areas.
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Figure 4. 9: Monthly discharge statistics under LULC change

4.5 Impact of Climate Change on River Discharge with Constant LULC.

Using the downscaled CMIP6 climate models UKESM1-0-LL, GFDL-ESM4, and GFDL-CM4,

climate projection data were obtained for stations within, around, and virtual within the Manafwa
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River Basin. These datasets provided future climate inputs for both SSPs, enabling the
simulation of river discharge under a constant land-use/land-cover (LULC) scenario, thereby

isolating the influence of climate change on river discharge variations.

4.5.2 Discharge Results under Future Climate Scenarios

Discharge outputs were evaluated in terms of mean, maximum monthly, and minimum monthly
discharge for each period. Table 4.12 presents the simulated mean, maximum, and minimum
monthly discharge values for the baseline period (1983-2022) and two future climate periods
(1983-2030 and 1983-2040), using a fixed land-use/land-cover scenario for 2000. Results are
shown for both SSP2-4.5 and SSP5-8.5 climate pathways. The mean discharge shows a
progressive increase from 12.70 m*s during the baseline to 14.01 m*s and 14.45 m3/s for the
1983-2030 and 1983-2040 projections, respectively. Maximum monthly discharge under SSP2-
4.5 increased from 19.48 m®/s in November 1994 to 19.78 m?/s in October 2027 and 20.122 m?/s
in October 2038. Under SSP5-8.5, the maximum discharge increased to 20.01 m3/s in November
2030 and 24.86 m*/s in September 2038. Minimum monthly discharge values also increased
across future periods, under SSP2-4.5. Minimum discharge increased from 6.235 m?/s in August
2015 to 6.64m?%s in April 2026 and 6.87 m?/s in April 2029. While under SSP5-8.5, an
increment is observed from 6.31 m%/s in April 2028 (1983 to 2030) to 6.507 m*/s in April 2030
(1983 - 2040). These results reflect increasing hydrological variability under projected climate
conditions.

Table 4. 12: Discharge results under future climate scenarios

LULC 2000
Max
Mean Max Monthly | Monthly
Monthly | (m?/s)-SSP2- (m?*/s)-SSP5- | Min Monthly Min Monthly
Year (m?/s) 4.5 8.5 (m?/s)-SSP2-4.5 (m?*/s)-SSP5-8.5
19.48
November
baseline 12.70 1994 - 6.235 August 2015 -
20.01
1990- 19.78 November 6.64 6.31
2030 14.01 October 2027 2030 April 2026 April (2028)
24.86
1990- 14.45 | 20.122 October September 6.507
2040 2038 2038 6.87 April 2029 April (2030)
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Figure 4.10 below compares simulated mean, maximum, and minimum monthly discharge under
SSP2-4.5 and SSP5-8.5 climate scenarios, which were a result of using fixed land use/land cover
from the year 2000. The Results indicate a steady increase in mean and peak discharge, and an
increment in minimum flow values across future periods, reflecting enhanced hydrological

extremes driven by climate change.
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Figure 4. 10: SWAT simulated discharge trends under future climate scenarios with constant
LULC

4.6 Relationship Between LULC Change, Climate Change and River Discharge

The water balance ratios presented in Table 4.13 were obtained from the SWAT model generated
during scenario simulations under different land use/land cover (LULC) and climate conditions.
These ratios provide an overview of how simulated changes in land cover and climate affect the
hydrological components of the Manafwa River Basin. They represent the relative contribution
of each hydrological component stream flow, baseflow, surface runoff, percolation, deep

recharge, and evapotranspiration (ET) to the total water balance of the basin.
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Table 4. 13: Water balance ratios

Climat=/land | Streamflow | Baseflow | Surface | percolation Deep ET
use land runoff recharge
cover
5CEenaro
LULC2000 0.04 (.98 0.02 0.39 0.5 0.61
LULC2010 0.04 (.98 0.02 042 0.53 0.55
LULC2020 0.04 0.97 0.03 044 0.57 0.53
LULC2030 0.04 0.93 0.03 046 0.59 0
LULC2040 0.05 .89 0.11 043 0.58 0.
Future 0.04 0.98 0.02 041 0.33 0.57
climate ssp2
(lale 20007
Future 0.04 0.98 0.02 041 0.33 0.57
climate ssp2
(lule 20007

A Pearson correlation analysis was conducted to evaluate the relationship between land use/land
cover (LULC) classes and river discharge characteristics, namely mean, maximum, and
minimum discharge. The analysis quantifies the degree and direction of the relationship between
changes in LULC classes and stream flow characteristics within the river Basin. A positive
correlation coefficient (r) indicates that an increase in a given LULC class corresponds to an
increase in a given characteristic. However, a negative correlation coefficient means that an
increase in a given class corresponds to a reduction in a given discharge characteristic; on the
other hand, a reduction in a given LULC class can also correspond to an increase in a given

discharge characteristic.

Table 4. 14: Pearson correlation coefficients

LULC (ry MEAN (r) MAX (r) MIN
CLASS DISCHARGE DISCHARGE DISCHARGE
Built-up 0.90 0.76 -0.94
Wetland -0.90 -0.93 0.58
Farmland 0.92 0.99 -0.50
Tropical

forest -0.95 -0.92 0.78
Woodland -0.92 -1.00 0.49
Grassland -0.90 -0.98 0.38
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As shown in Table 4.14, built-up and farmland classes exhibit strong positive correlations with
mean and maximum discharge, with correlation coefficients ranging from 0.76 to 0.99. This
indicates that expansion of these land use categories increases surface runoff, thereby increasing
stream flow magnitude. However, natural vegetation classes such as forest, woodland, grassland,
and wetland show strong negative correlations with both mean and maximum discharge (r values
ranging from —0.9 to —1). These negative correlation coefficients indicate that natural vegetated
areas play a critical role in reducing surface runoff by improving infiltration, interception, and
evapotranspiration.

Interestingly, natural vegetation classes display weak to moderate positive correlations with
minimum discharge. For instance, tropical forests (r = 0.78) and wetlands (r = 0.58) are
positively associated with baseflows, suggesting that they help sustain low-flow conditions
during dry periods. However, built-up and farmland areas are negatively correlated with
minimum discharge, reflecting their limited capacity to store and slowly release water into the

river system.

A compound bar graph below visualises the correlation coefficients between each LULC class
and discharge variables by presenting the direction and strength of each relationship.

In relation to Figure 4.11, built-up and farmland classes show strong positive correlations with
both mean and maximum discharge. This suggests that built-up and farmland expansions amplify
surface runoff and increase peak flow conditions. However, forest, woodland, and wetland areas
show strong negative correlations with these discharge parameters, indicating their hydrological
importance in mitigating or preventing flow extremes. For minimum discharge, the trend is
reversed, with natural vegetation maintaining a positive relationship, highlighting its role in

regulating subsurface flow and maintaining hydrological equilibrium.
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Figure 4. 11: Pearson’s correlation

This graphical representation reinforces the statistical findings, providing a more precise visual
interpretation of how different land cover types influence the flow regime of the Manafwa River

Basin.
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CHAPTER FIVE: DISCUSSION OF RESULTS

5.1 Introduction

This chapter discusses the findings of the study by interpreting the results presented in Chapter
Four in relation to the study objectives and existing literature. The discussion examines the
spatial and temporal patterns of land use/land cover (LULC) change, and the individual influence
of climate and land use/land cover change scenarios on discharge variations in the Manafwa
River Basin. By examining the results, this study aims to contribute to the knowledge and
practical applications of the SWAT model, GCMs, and LULC variations in watershed

management and disaster risk preparedness and adaptation.
5.2 Land Use/Land Cover Change

The results indicate that land use/land cover in the Manafwa River Basin underwent significant
transformations between 2000 and 2040, with clear trends of natural vegetation loss and rapid
expansion of farmland and built-up areas. Across all temporal intervals, the wetland class
experienced the highest reduction, mainly due to encroachment by farmland and, to a lesser

extent, built-up areas.

During the period from 2000 to 2010, 9.95% of the total area covered by wetlands was converted
solely to farmland. This occurred mainly in the middle and lower sections of the basin, as these
zones are characterised by gentle slopes that favour agriculture. This increase is likely driven by
the expansion of the Doho rice scheme, which aims to increase agricultural output by
incorporating outside farmers to meet rising demand. Similarly, woodland declined steadily, with
2.34% of its total area lost to farmland and built-up areas between 2000 and 2010, and 18.05%
lost over the subsequent three decades. Such conversion patterns highlight the continued
encroachment targeting the basin’s natural vegetation, especially in the lower and middle
subbasins. Woodland and grassland also declined, especially in the mid and high elevation areas
of the basin; the reduction was mainly from woodland to farmland. The area covered by
farmland increased from 263.6 km? in 2000 to 533.8 km? by 2040, which is three times the area

coverage in 2000. These findings therefore conform with those of Erima et al. (2022) in the
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manafwa basin for years 1995, 2008 and 2018, who found a similar pattern of LULC changes in
the Manafwa river basin.

In contrast, farmland and built-up areas consistently expanded; farmland remained the dominant
land use class, growing from 262.69 km? in 2000 to 533.8 km? in 2040, while built-up areas
increased from 0.3 km? to 40.9 km? over the same period. The above shifts highlight persistent
changes, particularly in natural vegetation classes, primarily driven by agricultural expansion and
population growth. This trend further confirms the findings of recent land-use studies in tropical

Africa (Erima et al., 2022; Kayitesi et al., 2022; Turyahabwe, 2019).

Percentage analysis of land cover revealed that farmland rose from 40.05% in 2000 to 70.38% by
2020, while wetland cover declined from 19.6% to 7.53% by 2020, indicating an overall 18 %
loss in the wetland alone. The above pattern explains the government's intensified efforts to
protect wetlands by reinforcing strict regulations to safeguard them. Tropical forests, grasslands,
and woodlands similarly decreased by 3.57%, 6.35%, and 2.07%, respectively, at the expense of
farmland and built-up areas, confirming an overall shift away from natural vegetation to human-
induced landscapes. To a large extent, these findings are in agreement with those of Admas et al.
(2024), Aigner et al. (2023), Mukasa et al. (2020), and Turyahabwe. (2019). During their
studies, they emphasised the need to control agricultural expansion due to weak enforcement of
land regulations specifically against wetlands. Besides that, the rising population creates high
demand for food, which has consequently altered land cover change in East African catchments.
Population growth in the Manafwa Basin is estimated at 3.4% annually since the 2024
population census (Uganda Bureau of Statistics, 2024), intensifying land pressure.

Furthermore, the presence and continued expansion of the Doho Rice Scheme, which has more
than 10,000 outside local farmers, accelerated natural land cover conversion for agricultural use.
Therefore, the spatial analysis shows that wetland degradation is concentrated in river
floodplains, while forest loss is more evident in the upper catchment, particularly along gentle
slopes, which favour agriculture. In woodland and grassland, the transition pattern reveals
gradual conversion in mid-zone subbasins, leading to farmland or Built-up areas. Such zones are

among those that are favourable to agriculture and human settlement.

The findings under Objective One confirm that the basin is undergoing rapid transformation,

characterized by a decline in natural vegetation, driven by increased agricultural practices due to
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high population growth and weak policy enforcement to protect the green belts. The above
patterns are not in isolation but align with findings from a recent regional study by Noel & Heil
(2024), who highlighted declining ecosystem services and altered hydrological responses in

tropical watersheds.

5.3 Impact of Land Use/Land Cover Change on River Discharge

The influence of land use/land cover (LULC) change on river discharge within the Manafwa
River Basin was assessed by utilizing land cover across four-time horizons: 2000, 2010, 2020,
2030, and 2040, while holding climate conditions constant (1983-2022). This enabled
quantification of the hydrological response to LULC changes alone, thereby providing clarity on
how current and projected LULC transformations are affecting stream flow behaviour over time.
The results show a progressive increase in mean discharge from 12.70 m*/s during the baseline
period to 12.79, 12.996, 13.04, and 13.275m?%/s for LULC in 2010, 2020, 2030, and 2040,
respectively, reflecting a 4.48% increase over four decades. This rise is attributed to the
conversion of natural vegetation namely wetlands, forests, and grasslands into farmland and
built-up areas. It should be noted that clearing natural vegetation to replace it with crops affects

several hydrological processes in the watershed, including rainfall interception.

According to Zhong et al., (2022), planted crops are characterized with less interception of
rainfall, so in seasons where there is heavy rainfall, much of the rainfall will not be intercepted,
thus falling directly on ground, when the ground becomes saturated, runoff will take place
thereby contributing to increment in stream flow, this finding is supported by the findings of
researchers Cooper, (2010) & Lin et al., (2020), who found out that the interception fraction falls
with increasing event size/intensity, this therefore means that heavy rainfall is directly

proportionally to more through fall.

Besides that, farming activities, such as ploughing, especially in the lower subbasins where the
doho irrigation scheme is located, lead to soil compaction and reduced infiltration, making soils
more prone to saturation. During rainfall, most of it does not infiltrate into the soil but flows as
runoff, thereby contributing to incremental stream flow over time. Therefore, as natural
vegetation, characterized by higher infiltration and evapotranspiration capacities, is replaced with

modified cover and built-up areas, which are known for low infiltration, reduced evaporation,
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and reduced evapotranspiration, an increase in surface runoff is inevitable and becomes the
dominant hydrological pathway (Guzha et al., 2018). Consequently, not only did average flow
increase, but peak discharges also do, from 19.48 m3/s in 2000 to 19.68, 20.34, 20.56 and
20.66 m*/s in 2010, 2020, 2030 and 2040. This points towards an escalating risk of hydrological
extremes, specifically floods in the catchment, based on the findings of recent regional studies by
Guzha et al. (2018) and Okoth et al. (2024), which link LULC change to increased floods in
tropical highland watersheds.

Minimum monthly discharge showed a declining trend, with discharge reducing from 6.235 m3/s
in the baseline year to 6.229, 6.261, 6.227 and 6.162 m3/s by 2040. This decline highlights
deterioration in baseflow conditions, increased evapotranspiration rates, and changes in soil
moisture depletion and storage. All resulting from reduced groundwater recharge due to soil
sealing, wetland loss, and forest reduction (Atharinafi & Wijaya, 2021; Taye et al., 2019;
Turyahabwe, 2019). The declining baseflow conditions also reflect an increasing dominance of
surface conditions, pointing to low discharge and water availability during dry seasons, an
outcome with profound implications for downstream agriculture and ecosystems. The timing of
the maximum and minimum monthly discharges remained unchanged relative to Uganda’s
seasonal climate distribution across all LULC scenarios. Peak flows occurred in November,
corresponding to the second rainy season (SON). On the other hand, the lowest flows were
observed in August, which aligns with the second dry season (JJA). This seasonal consistency
was not a surprise, as LULC mainly influences the magnitude and partitioning of flow rather

than seasonal timing, which is strongly governed by climate.

The spatial pattern of land cover conversion within the basin was directly proportional to
changes in discharge. Lower subbasins, which were initially dominated by wetlands and
grasslands, underwent extensive transformation into farmland and built up. This transformation
has altered runoff generation zones, leading to faster and more concentrated flow. Similarly, for
the upper subbasins, the conversion of forests and woodlands to farmland reduced infiltration
and increased surface runoff, exacerbating peak flows downstream. Therefore, LULC change in
the Manafwa River Basin significantly alters stream flow behaviour, increasing both average and
peak discharges while reducing minimum flow. Given that farmland dominates the basin,

hydrological simulation results confirm that land-use/land-cover changes, particularly farmland
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and built-up areas play a crucial role in amplifying hydrological extremes. Therefore, if current
trends continue, future LULC distributions may further destabilize the basin's water regime,
affecting both ecological stability and water security. As such, integrated watershed planning that
balances development with ecosystem conservation, especially wetlands, is essential to
safeguarding the hydrological integrity of the Manafwa Basin and other similar tropical

watersheds.

5.4 Impact of Climate Change on River Discharge

The hydrological response of the Manafwa River Basin to projected climate changes was
analyzed by simulating discharge under two shared socioeconomic pathways: SSP2-4.5 and
SSP5-8.5. This analysis covered the periods from 1983 to 2030 and from 1983 to 2040, while
keeping land use and land cover constant at the calibrated state from 2000. This approach helped
isolate the effects of climatic factors, allowing for a direct attribution of stream flow variability
to future climate change. The results indicate a consistent increase in discharge under both
scenarios, with the mean discharge rising from 12.70 m3/s during the baseline period to 14.01
m?/s in 2030 and 14.45 m?%s in 2040. A similar pattern was observed under the SSP5-8.5
scenario, demonstrating that climate change alone can significantly intensify discharge from the
basin. This finding aligns with recent research by Kayitesi et al. (2022), which noted climate-

driven discharge amplification in tropical highland basins across East Africa.

Beyond the average discharge, the simulations also revealed an upward trend in peak monthly
discharge, with maximum monthly discharge increasing from 19.48 m*s in November 1994
during the baseline period to 19.78 m3/s in October 2027 and 20.122 m?*/s in October 2038 under
SSP2-4.5. A similar trend was still observed under SSP5-8.5, where the highest discharge occurs
slightly later, reaching 20.01 m*s in November 2030 and 24.86 m3/s in September 2038,
respectively. The above is consistent with the findings of Alfieri et al. (2016), who found that
maximum discharges were increasing under climate change. These increases in peak discharge
are a clear signal of elevated flood risks, particularly under high-emissions scenarios, and clearly
show the need for enhanced flood preparedness across the basin.

On the other hand, minimum monthly flows show a steady increase across future climate
scenarios, with discharge increasing from 6.235m?/s during the baseline to 6.64 m*/s and

6.87 m*/s under SSP2-4.5, and further to 6.31 m?/s and 6.507 m*/s under SSP5-8.5 in the years
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2028 and 2030, respectively. Notably, the lowest flows observed under SSP5-8.5 indicate
climatic scenarios with high temperatures; this results in higher evaporation and
evapotranspiration rates, which, in turn, reduce the amount of water flowing out of the basin.
These findings align with Onyutha's (2024) conclusions, which emphasize that rising
temperatures and intensified evapotranspiration under high-emission pathways suppress

baseflow generation and groundwater recharge, particularly during dry months.

Collectively, these findings confirm that climate change, particularly under high-emission
scenarios, significantly alters the basin's discharge regime more than LULC change. However
the above is contrary with findings of a study by Han et al. (2024) which was carried out on the
upper basin of the Tarim River in Northwest China, in his study, Land cover change was the
dominant driver to discharge in the river, this however differs from the direction of our research
as he specifically looked at the upper reaches on the river while our study looked at the whole
watershed of the Manafwa river, this is most likely what brought about the difference. Therefore,
according to the findings, the maximum and minimum flows will increase existing
vulnerabilities in the Manafwa Basin, thereby calling for integrated water resources management

that anticipates hydrological instability under future climate trajectories.

5.5 Relationship Between Land Use/Land Cover Change and River Discharge

The results revealed that human made land use land cover classes, particularly farmland and
built-up, exhibit strong positive correlations with mean and maximum discharge, and negative
correlations with minimum discharge. In contrast, natural vegetation classes such as forest,
woodland, wetland, and grassland display strong negative correlations with mean and peak flows
but moderate positive correlations with minimum flows. These relationships are consistent with
the hydrological theory, which explains that converting vegetated land surfaces to agricultural or
built environments reduces infiltration capacity, increases overland flow, and accelerates
rainfall-runoff response times (Huang, 2022). In contrast, intact vegetation enhances infiltration,
evapotranspiration, and soil water storage, thereby supporting sustained baseflows even during

dry periods (Brookfield et al., 2023).

The SWAT-simulated water balance ratios further confirm these patterns. As land use and cover

changed from 2000 to 2040, the surface runoff component increased markedly from
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approximately 0.02 to 0.11 while the baseflow ratio declined from 0.98 to 0.89. This shift
indicates a progressive transition toward a “flashier” catchment, where a larger proportion of
rainfall contributes directly to stream flow rather than percolating into groundwater or being lost
through evapotranspiration. The strong positive correlation (r > 0.90) between farmland coverage
and both mean and maximum discharge can thus be interpreted as a hydrological consequence of
intensified runoff generation driven by the expansion of cultivated land.

However, the negative correlation between built-up and farmland classes and minimum
discharge suggests that these land uses reduce the basin’s ability to sustain groundwater
baseflows, a finding consistent with earlier observations that vegetation removal leads to lower
dry-season flows (Alger et al., 2021).

These findings align closely with studies conducted in other tropical and subtropical catchments.
For example, a review about East African basins reported that forest loss was associated with a
~16 £ 5.5% increase in annual stream flow and a ~45 + 14% increase in surface runoff (Alger et
al., 2021). Similarly, in the Upper Parand Basin of Brazil, conversion of forest to agriculture
increased annual discharge by approximately 28% under comparable climatic conditions
(Zeferino et al., 2021). In China, H. Liu et al. (2025) found that land-use change specifically
urbanisation strongly modified hydrological regimes such as peak flows and flow duration, with
topography acting as a moderating factor. These studies collectively support the finding that
land-cover change often exerts a stronger control on hydrological alteration than short-term
climate variability.

Within the Manafwa River Basin, SWAT-simulated water balance ratios under future climate
scenarios (with constant LULC) showed relatively minor changes compared with LULC-only
scenarios. This outcome reinforces the argument that climate change remains the dominant
driver of hydrological change in the near to mid-term future. However, the basin’s evolving land
use/ land cover changes, marked by agricultural expansion and urban growth, appear to have a
more immediate impact on stream flow magnitude and variability than projected climate shifts.
Consequently, effective catchment management should integrate land-use planning, vegetation
restoration, and conservation strategies as complementary measures to climate adaptation

initiatives.
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5.6 Implications of the Findings, and Future Research

The results of this study provide valuable insights into the changing hydrological behaviour of
the Manafwa River Basin and highlight broader implications for the following: watershed
management, regional hydrological modelling, and scientific knowledge in the tropics.
According to the findings, there is a clear indication that both land use/land cover (LULC) and
climate change influence river discharge, thereby highlighting the need to adopt integrated
modelling frameworks in watershed management. The observed increase in mean, maximum and
minimum discharge suggests a transition towards a chaotic hydrological regime, characterized by
increased magnitudes of flood and drought risk. This is consistent with climate projections across

East African watersheds (Gelete et al., 2020; Onyutha, 2024; Regasa & Nones, 2023).

From a watershed management perspective, the deterioration of wetlands, forests and grasslands
highlights the need for targeted conservation and restoration efforts, particularly in the middle
and lower subbasins since natural vegetation cover plays a critical role in flow regulation,
sediment retention, and baseflow maintenance. Therefore, continued loss will exacerbate
hydrological extremes, increase sediment loads and threaten the long-term sustainability of the
watershed's water supply. The findings therefore advocate mainstreaming land-use regulation
and climate-resilient planning into local development policies, especially in areas undergoing

rapid agricultural and urban expansion, such as Manafwa District.

In hydrological research, this study reinforces the use of process-based models such as SWAT to
capture the complex interactions between land cover dynamics and climate variability. However,
it also highlights the importance of high-resolution spatial data, calibrated inputs and the need for
future studies to explore more temporal and spatial scenarios, including socioeconomic
projections, groundwater surface water interactions, and feedback loops under extreme events.
Furthermore, the application of NEX-GDDP-CMIP6, which is bias corrected, presents a
replicable methodology for future climate impact research in data-scarce tropical basins; such
contributions not only enrich the body of hydrology with knowledge but also serve as a model
for similar studies all over the world, where land cover transformation and climate change are

occurring concurrently and rapidly.
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5.7 Strengths and limitations of the study

Investigating land use/land cover and climate change, using the separation method provides a
straightforward approach to understanding both specific and combined impacts on river
discharge. This approach addresses a significant gap in previous hydrological assessments,
which often consider these drivers in isolation. Secondly, using a calibrated and validated SWAT
model supported by statistically evaluated performance metrics (NSE > 0.75, R? > 0.76) ensures
robust simulation of stream flow under historical and future scenarios. Third, the incorporation
of NEX-GDDP-CMIP6 climate projections, which are already downscaled, reflects best
practices in regional climate modelling and positions the study within the most current global
climate research framework. Finally, the LULC projections up to 2040, derived using TerrSet
software, add a valuable long-term planning dimension to the study and support scenario-based

decision-making.

Although the study has several strengths, it also presents some limitations. First, the use of
satellite imagery and observed stream flow data, which had many poses, posed a significant
challenge. Since calibration and validation processes are critical for ensuring model accuracy,
these gaps may have negatively impacted the model's reliability. Additionally, the SWAT model
assumes homogeneous conditions within sub-basins in the projected future, which may not

accurately reflect reality.

Furthermore, the study relies on an ensemble of three General Circulation Models (GCMs) from
the NEX-GDDP-CMIP6 project for climate projections. However, incorporating an ensemble of
more than three GCMs could offer a broader range of possible climate futures. Lastly, the study
did not include socioeconomic factors, such as land tenure and policy enforcement, which play a
significant role in land-use and land-cover (LULC) changes; this omission may affect the

accuracy of future LULC projections.

85


https://nex-gddp-cmip6.s3.us-west-2.amazonaws.com/index.html#NEX-GDDP-CMIP6/

CHAPTER SIX: CONCLUSION AND RECOMMENDATIONS

6.1 Introduction

This chapter provides an overview of the key findings derived from the investigation of land
use/land cover and climate change impacts on river discharge in the Manafwa River Basin. It
revisits the study objectives, summarizes significant results, and draws relevant conclusions.
Finally, it contains recommendations to inform watershed management, climate resilience

planning, and future hydrological research.

6.2 Conclusion

The Manafwa Basin experienced extensive natural vegetation reduction with wetland, forest, and
grassland declining by 18.77%, 7.23%, and 3.36%, respectively over the 2000 to 2040 study
time, while farmland and built-up areas increased by 41.23% and 6.19% respectively. These
transformations were spatially concentrated in mid and low lying subbasins, where wetlands,

woodland and grasslands were mainly located.

While holding climate constant, LULC change alone led to a 4.49% increase in mean discharge
and a rise in maximum flow from 19.48 m3/s to 20.66 m3/s, which accounts for 6.06% between
2000 and 2040, while minimum flows generally declined by 1.17%, reaching as low as
6.162 m*/s using the 2040 LULC. These trends highlight reduced infiltration and increased

surface runoff due to natural vegetation loss.

Under SSP2-4.5 and SSP5-8.5 scenarios, climate change alone increased mean discharge to
14.45 m*/s by 2040, which translates into 13.78%. Maximum flow increased from 19.48 m?*/s to
20.122 m?3/s, which accounts for 3.29% between 2000 and 2040 under SSP2, and 10.18% for
minimum monthly discharge under SSP2. Under SSP5, maximum flow increased from 19.48
m’/s to 24.86 m’/s by 2040, translating into 27.62%, while minimum monthly discharge
increased from 6.235m?/s to 6.507 m?/s, translating into an increase of 4.36%, particularly under
the high emission scenario. The above, point towards amplified hydrological extremes under
future climatic conditions. It should be noted that both LULC and climate change contribute to

increased discharge variability, reduced baseflow, and greater flood risk.
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6.3 Recommendations

Based on the findings of this study, the following recommendations are proposed to support
watershed management and disaster preparedness in the Manafwa River Basin and similar

tropical catchments:

The study recommends that future flood vulnerability and risk assessments integrate both
projected land use/land cover (LULC) and climate change scenarios to improve the accuracy of
hydrological forecasts and guide adaptive planning. Strengthening this integration will enhance
the design of climate resilient infrastructure, support proactive disaster mitigation strategies, and
improve decision-making in watershed management.

Given the observed rise in surface runoff and discharge variability primarily driven by wetland
degradation and loss of natural vegetation, there is an urgent need for ecosystem restoration.
Priority should be placed on promoting agroforestry, reforestation in upland catchments, and
targeted wetland rehabilitation to enhance infiltration, stabilize baseflows, and minimize flood

severity.

Furthermore, climate resilience should be mainstreamed within district, sub-county, and
watershed-level planning frameworks through both structural interventions (such as retention
basins and embankments) and non-structural measures, including flood early warning systems,
risk-sensitive land-use zoning, and community preparedness programs. Finally, improved
hydrological modelling requires long-term, high-resolution spatial and climatic datasets;
therefore, investment in localized monitoring infrastructure particularly rainfall stations, stream
flow gauges, and real-time data is strongly recommended. Strengthening data collection systems
will significantly improve model calibration and validation, thereby increasing the reliability and

scientific credibility of future hydrological projections and flood risk assessments.

6.4 Directions for Future Research

Future research should aim to extend the modelling period to the end of the century. This will
provide deeper insights into long-term hydrological shifts and offer a more strategic planning
basis for infrastructure and ecosystem management. Given that agriculture is the dominant
LULC in the study area, future research should examine how specific crop types influence

evapotranspiration and runoff dynamics under projected climatic conditions.
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The study focused on investigating the impacts on Stream flow alone; however, other
components, such as water quality, sedimentation, and nitrogen levels in the basin, should also
be investigated. This will offer a more comprehensive perspective on the watershed. Basing on
the results, an assessment of the spatial extent and functional integrity of the existing buffers
along rivers and lakes under projected environmental changes should be conducted. It will help
inform adaptive land-use policies and conservation zoning, and increase individuals' resilience
and adaptive capacity to extreme hydrological events. Future research can also explore advanced
techniques, such as the Modified Empirical Budyko Method, which allows for nonlinear
attribution of climate and land-use effects, compared to the separation method, which assumes

linearity, this may yield more insights.

Employing multiple hydrological models, such as MIKE SHE, TOPMODEL, GR4J, and others,
is necessary to improve the robustness of results and reduce model uncertainty when assessing
the impacts of land use/land cover and climate change on river discharge. Since the Manafwa
river basin is medium-sized, further research should be carried out on large basin watersheds,
where more complex socio-ecological systems influence land-use dynamics and hydrological

responses.
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Appendix

Appendix 1: Code used on google earth engine to classify Landsat images

// 1. Define the study area
var manafwa = watershed;
Map.centerObject(manafwa, 11);
// 2. Load Landsat 7 ETM+ SR scenes for 2000 with low cloud cover
var 17sr = ee.ImageCollection('LANDSAT/LE07/C02/T1_L2")
filterBounds(manafwa)
filterDate('2000-01-01', '2000-12-30")
filter(ee.Filter.1t(CLOUD_COVER/, 5))
.map(function(image) {
var optical = image.select(['SR_B1','SR_B2','SR_B3','SR_B4','SR_B5','SR_B7')
.multiply(0.0000275).add(-0.2);
return optical.copyProperties(image, image.propertyNames());
1);
// 3. Create median composite and clip to study area
var composite = 17sr.median().clip(manafwa);
// 4. Display composite
Map.addLayer(composite,
{bands: ['SR_B3','SR_B2','SR_B1'], min: 0, max: 0.3},
'Landsat 7 Composite 2000');
print('Number of images in collection:', 17sr.size());
//'5. Merge labeled training data (ensure 'landcover' is the class property)
var training = Built-up
.merge(wetland)
.merge(farmland)
.merge(Tropicalforest)
.merge(Grassland)
.merge(woodland);
/I 6. Sample training pixels
var sampled = composite.sampleRegions({
collection: training,
properties: ['landcover'],
scale: 30
1)
print("Sampled training data:', sampled.limit(5));
/1 1. Split into train/test sets
var sampledRandom = sampled.randomColumn('random’);
var trainSet = sampledRandom.filter(ee.Filter.lt('random’, 0.8));
var testSet = sampledRandom.filter(ee.Filter.gte('random’, 0.8));
// 8. Train the Random Forest classifier
var classifier = ee.Classifier.smileRandomForest(50).train( {
features: trainSet,
classProperty: 'landcover',
inputProperties: composite.bandNames()
1);
/1'9. Classify the composite image
var classified = composite.classify(classifier);
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/1 10. Display the classification map
Map.addLayer(classified.clip(manafwa),
{min: 0, max: 5, palette: [#bd2a00', '#1ad2fa', '#ff11eb', '#0c6038', '#d2a7b6', '#18fell']},
'LULC Classification 2000");
// 11. Calculate area per land cover class (in hectares)
var pixelArea = ee.Image.pixelArea().divide(10000); // hectares
var arealmage = pixel Area.addBands(classified).rename(['area’, 'landcover']);
var stats = arealmage.reduceRegion({
reducer: ee.Reducer.sum().group({
groupField: 1,
groupName: 'landcover'

s
geometry: manafwa,
scale: 30,
maxPixels: 1el3

;s

print(‘'Area per land cover class (ha):', stats);
// 12. Convert stats to FeatureCollection
var classStats = ee.List(stats.get('groups'));
var areaFeatures = ee.FeatureCollection(classStats.map(function(item) {
item = ee.Dictionary(item);
return ee.Feature(null, {
'landcover": item.get('landcover'),
'area_ha': item.get('sum’)
1);
1);
/1 13. Accuracy assessment
var validated = testSet.classify(classifier);
var confusionMatrix = validated.errorMatrix('landcover', 'classification');

print("Confusion Matrix:', confusionMatrix);
print('Overall Accuracy:', confusionMatrix.accuracy());
print('"Producers Accuracy:', confusionMatrix.producersAccuracy());
print("Consumers Accuracy:', confusionMatrix.consumersAccuracy());
// 14. Per-class accuracy export
var producers = confusionMatrix.producersAccuracy().toList();
var consumers = confusionMatrix.consumersAccuracy().toList();
var classCount = confusionMatrix.order().length();
var accuracyPerClass = ee.FeatureCollection(
ee.List.sequence(0, classCount.subtract(1)).map(function(i) {
return ee.Feature(null, {
'class': confusionMatrix.order().get(i),
'producers_accuracy': producers.get(i),
'users_accuracy': consumers.get(i)
1);
$)
)i

/I Export per-class accuracy
Export.table.toDrive({
collection: accuracyPerClass,
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description: 'Per Class_Accuracy 2000,
fileFormat: 'CSV'
3
// 15. Export area stats
Export.table.toDrive({
collection: areaFeatures,
description: 'LULC_Area_Stats 2000',
fileFormat: 'CSV'
3
Export.image.toDrive({
image: classified.clip(manafwa),
description: 'Manafwa LULC Classification 2000 L7',
folder: 'EarthEngine’,
fileNamePrefix: 'LULC_2000',
region: manafwa.geometry(),
scale: 30,
maxPixels: 1e13

;s
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Appendix 2: Accuracy assessment

Classification Accuracy Assessment.

2000 2010 2020

land use/land user's  [producer's| user's producer's user's producer's

cover accuracy | accuracy | accuracy | accuracy accuracy accuracy
Built-up 0.66 0.5 0.8 0.44 0.95 0.69
Wetland 0.77 0.87 0.82 0.85 0.83 0.78
Farmland 0.83 0.76 0.83 0.81 0.91 0.95
Tropical forest 0.97 0.97 0.90 0.93 0.91 0.89
Grassland 0.91 0.82 0.86 0.88 0.95 0.94
Woodland 0.70 0.66 0.83 0.76 0.76 0.69

overall accuracy 0.85 0.86 0.89
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Appendix 3: Watershed maps

A MAP SHOWING STATIONS USED IN THE STUDY
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Appendix 4: Hydrology of Manafwa river basin

E\Research_masters\simulations\swat 20017LULC2\swat 20017LULC2. mdb
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Appendix 5: Topographic report, land use/soil reports and HRU reports for the different
scenarios

https://github.com/musokeisa/Hydrological-Reports-for-LULC20000. git

https://github.com/musokeisa/Hydrological-reports-for-LULC-2000-and-future-climate-spp2.git

https://github.com/musokeisa/future-climate-ssp5-vs-lulc-2000.git

https://github.com/musokeisa/hydrological-reports-for-LULC-2010-with-future-climate-ssp2.git

https://github.com/musokeisa/hydrological-reports-for-LULC-2010-with-future-climate-ssp5.git

https://github.com/musokeisa/hydrological-reports-for-LULC-2020-with-future-climate-ssp2.git

https://github.com/musokeisa/hydrological-reports-for-LULC-2020-with-future-climate-ssp5.git

https://github.com/musokeisa/hydrological-reports-for-LULC-2030-with-future-climate-ssp2.git

https://github.com/musokeisa’/hydrological-reports-for-LULC-2030-with-future-climate-ssp5.git

https://github.com/musokeisa/hydrological-reports-for-LULC-2040-with-future-climate-ssp2.git

https://github.com/musokeisa/hydrological-reports-for-LULC-2040-with-future-climate-ssp5.git

Appendix 6: Discharge files for the different scenarios

https://github.com/musokeisa/Discharge-files
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