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ABSTRACT

Evaluating the effects of climate change on water resources is crucial for their sustainable
management, particularly in hydrologically sensitive regions like the Ruzizi River Basin (RRB)
in the Great Lakes area of Africa. This research investigates the impact of climate change on
hydrological responses and sediment budget within this critical basin, utilizing the Soil and
Water Assessment Tool (SWAT) and advanced climate models. The study is grounded in
robust methodologies including the use of Coupled Model Intercomparison Project Phase 6
(CMIP6) datasets under Shared Socioeconomic Pathways (SSP) scenarios SSP2-4.5 and SSP5-
8.5. These datasets were downscaled and bias-corrected for fourteen stations using the climate
model data for hydrologic modeling (CMhyd) tool, employing the distribution mapping
method. The methodology involved comprehensive simulations, sensitivity analysis, and
rigorous phases of calibration and validation, achieving a Nash-Sutcliffe Efficiency (NSE) of
0.64 and a Coefficient of Determination (R?) of 0.76 during calibration, with validation results
showing an NSE of 0.70 and an R2 of 0.74. The research meticulously evaluates historical
climatic patterns against future projections, analyzing temperature and rainfall trends through
Mann-Kendall tests and exploring the spatial distribution of these variables to ascertain
changes across different periods. Results indicated a projected decrease in mean annual
precipitation by as much as 35% under both SSP2-4.5 and SSP5-8.5 scenarios by mid and end
of the century, leading to significant reductions in water yield by nearly 50% and marginal
variations in evapotranspiration. These changes suggest profound impacts on water availability
and sediment dynamics within the basin. The study underscores the necessity for proactive and
adaptive management strategies in water resource planning and agricultural practices,
highlighting the critical need for developing responsive policies and infrastructure investments
to enhance resilience against the anticipated disruptions of climate change. This approach will
ensure the sustainable management of water resources in the Ruzizi River Basin, preparing for

an increasingly uncertain future.

Keywords: Ruzizi River basin, Climate Change, Mann Kendall test, Hydrological modeling,
SWAT, Sediments, Global Climate Models.
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1. INTRODUCTION
1.1. Background

Climate change has become a pressing global issue, as outlined in the comprehensive analysis
conducted by Anik et al. (2023). This analysis highlights the wide range of global impacts
climate change can have on the environment, water resources, and socioeconomic factors
(Junqueira et al., 2021). Firstly, climate change has a profound effect on the environment. It
leads to temperature increases, sea-level rise, and altered precipitation patterns, resulting in
biodiversity loss, habitat degradation, and ecosystem disruption (Shi et al., 2021). Moreover,
climate change significantly affects water resources. It can lead to changes in the hydrological
cycle, such as altered rainfall patterns and increased evaporation rates, resulting in water

scarcity and reduced availability of freshwater resources (Bodian et al., 2018).

Furthermore, the socioeconomic impacts of climate change are also of great concern. These
impacts include economic losses due to extreme weather events, decreased agricultural
productivity, and displacement of populations (Papagiannaki et al., 2014). Additionally, the
effects of climate change can exacerbate existing social and economic inequalities, as
vulnerable populations, particularly in developing countries, are less equipped to adapt to these
changes, leading to increased vulnerability and socioeconomic disparities (Gori Maia et al.,
2018).

According to the Intergovernmental Panel on Climate Change (IPCC) (IPCC, 2021), climate
change is expected to have widespread and severe impacts on human and natural systems. For
example, the IPCC highlights that climate change can increase the risks of wildfires, droughts,
heatwaves, and intense storms, with devastating consequences for communities, infrastructure,
and ecosystems (Zhang et al., 2021). Furthermore, the IPCC emphasizes that climate change
can substantially affect water resources. Changes in rainfall patterns and increased evaporation
rates can result in water scarcity and decreased availability of freshwater resources, posing
significant challenges to agriculture drinking water supplies (Roberts, 2022).

The IPCC 2021 report confirms that global surface temperature is increasing due to human-
caused greenhouse gas emissions. The report outlines five emissions scenarios, covering many
potential future developments, including high and very high emissions and intermediate and
low emissions. The climate models used in the assessment Coupled Model Intercomparison
Project Phase 6 (CMIP6) generally align with observed global surface temperature changes,
but some models show deviations outside the expected range. In addition to that, the likelihood
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of reaching or surpassing the 1.5°C warming limit set by the Paris Agreement depends on the
emissions pathway pursued. Scenarios with high and very high emissions project a rapid
temperature increase, potentially exceeding 1.5°C before the end of the 21st century.
Alternatively, scenarios with intermediate and low emissions offer a better chance of limiting
global warming to 1.5°C. These scenarios involve maintaining current CO2 emission levels
until mid-century, followed by different net harmful CO2 emissions levels, which could

stabilize the climate and keep warming within the desired threshold (IPCC, 2021).

Global warming’s impact on water resources increases water scarcity worldwide. The changing
climate affects surface water and groundwater availability, causing severe regional shortages
(Mahato et al., 2022). Rising temperatures exacerbate water contamination issues, making a
significant portion of the global population, including millions of households, face acute water
shortages. Climate change-induced droughts and irregular weather patterns put immense
pressure on water resources, particularly in agricultural areas, leading to declining groundwater
levels and over-exploitation of aquifers (Mahato et al., 2022). Consequently, many regions
experience high to extremely high water stress, threatening the availability of safe drinking
water and agricultural productivity. Urgent action and sustainable water management practices
are essential to address the escalating consequences of global warming on water resources and

combat the growing challenge of water scarcity (Mahato et al., 2022).

Africa, as a continent, is highly vulnerable to climate change due to multiple factors, including
limited adaptation capacity, dependence on rain-fed agriculture, water scarcity, ecosystem
fragility, and rising sea levels (Sadiq et al., 2019). Similarly, the interplay between sediment
retention and flow control significantly affects the downstream ecology, water clarity, sediment
equilibrium, nutrient allocations, and river morphology in the vicinity of the reservoir. These
factors collectively exacerbate vulnerability to climate change impacts, disrupting livelihoods,
threatening food security, and posing risks to ecosystems and coastal regions (Attfield, 2020).
Therefore, addressing Africa’s vulnerability requires comprehensive strategies, including
sustainable development policies, adaptation measures, and increased investment in climate
resilience (Pollmann, 2020). In particular, the Great Lakes region faces additional challenges,
including political instability, conflict, and limited access to technology and finance
(Khadiagala, 2017).
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1.2. Problem Statement

Climate change is an imminent global crisis with far-reaching consequences for the
environment, water resources, and socioeconomic stability (Junqueira et al., 2021). The effects
of climate change, such as rising temperatures, sea-level rise, altered precipitation patterns, and
disruptions to ecosystems, are causing significant environmental degradation (Shi et al., 2021).
These changes also pose substantial challenges to water resources, including shifts in the
hydrological cycle that lead to water scarcity and limiting freshwater availability (Bodian et
al., 2018). The socioeconomic ramifications of climate change are equally concerning,
encompassing economic losses from extreme weather events, decreased agricultural
productivity, and the displacement of vulnerable populations (Papagiannaki et al., 2014).
Moreover, climate change can potentially exacerbate existing social and economic disparities,
disproportionately affecting vulnerable communities, particularly in developing regions (Gori
Maia et al., 2018).

The IPCC has emphasized climate change's severity and widespread impact on human and
natural systems (IPCC, 2021). Increasing risks of wildfires, droughts, heatwaves, and intense
storms have the potential to devastate communities, infrastructure, and ecosystems (Zhang et
al., 2021). Furthermore, alterations in rainfall patterns and increased evaporation rates
contribute to water scarcity, creating significant challenges for agriculture and drinking water
supplies (Roberts, 2022). The IPCC's latest report highlights the critical role of greenhouse gas
emissions scenarios in shaping the future trajectory of climate change (IPCC, 2021). The choice
of emissions pathway, whether high, very high, intermediate, or low, directly impacts the
degree of global warming and its associated impacts. The potential to exceed the 1.5°C
warming limit set by the Paris Agreement, especially under high emissions scenarios, is of
particular concern. Urgent action is required to mitigate emissions and limit global warming to

safeguard water resources and prevent escalating water scarcity (IPCC, 2021).

Africa is a highly vulnerable continent in this context due to multiple factors, including limited
adaptation capacity, rain-fed agriculture, water scarcity, and ecosystem fragility (Sadiq et al.,
2019). This vulnerability is especially pronounced in regions like the Great Lakes,
encompassing Rwanda, Burundi, and the DRC. The region experiences heightened
susceptibility due to rising temperatures, erratic rainfall, and increased water scarcity,
exacerbating existing political and social tensions (Schilling et al., 2020). This makes the Great

Lakes region a hotbed for climate-induced conflicts, food insecurity, and displacement, further
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illustrating the interconnected nature of climate change's impact on the African continent and
its specific regions, requiring global attention and coordinated solutions to mitigate these
challenges and maintaining stability (Skillington and Skillington, 2017). Both urban and rural
populations in the region experience yearly signs of climate change, such as delayed and
sometimes harsh rainfall with or without hail, high daytime temperatures, prolonged and
unusual dry periods, disruptions to the agricultural calendar, poor crop yields, increased insect
and pest proliferation during critical plant development stages, seed and seedling rot, and
widespread malnutrition (Cirimwami et al., 2019). Besides, rainfall has a major impact on soil
erosion and sediment movement dynamics in the Ruzizi River basin. A strong positive
association exists between rainfall and sediment suspension, as evidenced by the high
correlation (R = 0.79) between enhanced turbidity levels and increased precipitation
(Muvundja et al., 2022). Due to characteristics like high rainfall intensity, topographic relief,
and frequent landslides, the region is susceptible to soil erosion, with an estimated annual soil
loss of 577 kt (Eisenberg and Muvundja et al., 2020). This contributes to the high turbidity
reported in the Ruzizi River. Despite an estimated surface sediment transport of about 1
kt/km?/yr, it represents only a fraction of the total soil loss, as a substantial quantity of soil
particles is deposited within the catchment and reservoirs, underscoring the complex interplay

between rainfall, erosion, and sediment transport in the region (Muvundja et al., 2022).

Furthermore, there is limited information about the impacts of climate change on water
resources, hydrological processes, and sediment yield rate in the Ruzizi River basin, located in
the Great Lakes region. All studies conducted in the river basin have been agriculturally
oriented, and there is insufficient research on downscaling coarse Global Climate Model
(GCM) outputs to finer spatial scales, which is necessary for conducting local impact
assessments in the region. Besides that, the three neighboring countries along the Ruzizi River
have been cooperating for decades in the construction of a series of dams along the steep area
of the river, with two dams already constructed and two more are projected to be constructed
shortly (Abakir, 2021). Therefore, the overarching problem that this study aims to address is
the escalating threat of climate change-induced water scarcity and its multifaceted impacts on
water availability, communities, and socioeconomic stability in the context of this specific

study area, and that can be transferred to the scale of the entire country as well.
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1.3. Research Objectives

1.3.1. Main Objective

The primary aim of this research thesis is to assess climate change's impact on hydrological

responses and sediment budgets in the Ruzizi River Basin.

1.3.2. Specific Objectives

v To analyze the effects of climate change on various meteorological variables.

v" To investigate the suitability and effectiveness of the soil and water assessment tool
SWAT in modeling the hydrological processes in the Ruzizi River Basin.

v' To assess the impact of climate change on surface water availability and sediment
production rate in the Ruzizi River Basin.

v" To propose and recommend a management strategy for the Ruzizi River Basin.

1.4. Research Questions

This research aims to answer the following questions:

v How does climate change impact meteorological variables in the Ruzizi River Basin?

v How well does the SWAT model simulate hydrological processes in the Ruzizi River
Basin under changing climatic conditions?

v" What are the implications of climate change on surface water availability in the Ruzizi
River Basin?

v" How does climate change affect sediment production and sediment transport rates

within the Ruzizi River Basin?

1.5. Significance of the Study

The Ruzizi River basin holds significant regional significance due to its role as the home to
two hydroelectric power plants, which currently provide electricity to a substantial portion of
the area, with plans for constructing two additional plants shortly. Moreover, a considerable
portion of the basin supports irrigated agriculture, and the river is a vital sanctuary for the local
ecosystem. All these facets of the basin are intricately linked to its water resources. Given the
looming threat posed by climate change to the available water resources, it becomes imperative
to thoroughly evaluate the impact of these climatic shifts on the various components of the
water balance. This endeavor is crucial for the benefit of decision-makers, planners, and anyone

interested in comprehending how climate change will affect the region's future dynamics of
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water resources. Furthermore, this research will serve as valuable input for those actively

engaged in furthering their studies and investigations within the Ruzizi River basin.

1.6. Scope of the Study

The primary objective of this research was to evaluate how climate change affects the
hydrological reponse and sediments in RRB, employing GCMs from the CMIP6 dataset. The
study presented the outcomes of applying the SWAT model across various climate scenarios
and time frames. Our investigation focused on the Ruzizi River basin, incorporating historical
climate data, future climate projections, and historical land cover information. It is important
to note that, in this study, all meteorological variables except for rainfall and temperatures was
simulated by the weather generator in SWAT model. Furthermore, the LULC was assumed to
be constant, representing a notable limitation. Additionally, the study employed a single bias
correction method throughout the research. Moreover, this study aimed to accomplish its

specified objectives.
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2. LITERATURE REVIEW

2.1. General Overview of Climate change

Climate change is a pressing global issue that has garnered significant attention recently (Larbi
et al., 2021). Climate change, driven by the increasing concentrations of greenhouse gases and
unsustainable use of environmental resources, has become one of the most pressing and
complex challenges facing our world today (Steiner, 2019). Climate change refers to the long-
term alteration of Earth's climate patterns, including changes in temperature, precipitation, and
other climate variables. It is primarily driven by the increasing concentration of greenhouse
gases in the atmosphere due to human activities such as burning fossil fuels, deforestation, and
industrial processes (Byakatonda et al., 2018). This phenomenon leads to a rise in global
temperatures, impacting meteorological variables and affecting various sectors and regions
worldwide. The IPCC has provided extensive assessments showing the unequivocal
association between the concentration of carbon dioxide and the rise in global temperatures
(Byakatonda et al., 2018). The changing climate, with variations in temperature and rainfall
patterns at both local and global scales, disrupts hydrologic processes, jeopardizing water
availability for humans and ecosystems (Vose et al., 2016). The vital role of water resources
for both human needs and ecosystem functions underscores the urgency of understanding and
addressing these effects. Notably, climate change disrupts the hydrological cycles connecting
the lithosphere, atmosphere, and biosphere, a disruption accentuated by global warming (Jin et
al., 2012). The non-uniform distribution of future precipitation resulting from climate change
underscores the need for regional and seasonal considerations in water resource management
(Okwala et al., 2020). Thus, comprehensive research is imperative to comprehend the intricate
relationship between changing climate and hydrological parameters and devise effective long-
term water resource management strategies for climate change impacts (Daba et al., 2020).
Such research provides crucial insights for mitigating the pressures of climate change on water

resources, securing water availability for various uses, and preserving ecosystem services.

Climate change presents a pressing and multifaceted challenge to Africa, a continent
particularly susceptible due to its existing environmental and socioeconomic constraints
(Faiyetole et al., 2017). Increasing evidence points to rising temperatures and shifting rainfall
patterns across the continent, leading to less predictable and shorter-duration rainfall events
with far-reaching implications for agriculture and water resource management (Larbi et al.,
2021). This shift in precipitation dynamics, coupled with the variable and complex interplay of

natural and human-induced factors, underscores the urgency of comprehensive studies on
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various climate aspects to unravel the intricate processes involved (Al-Maliki et al., 2022;
Mokhov et al., 2020). Africa's unique vulnerability stems from its reliance on rain-fed
agriculture, widespread poverty, and limited adaptive capacity, further exacerbated by a lack
of investment in mitigation and resilience strategies (Mangaza et al., 2021). The region's
susceptibility is mirrored by projections of non-uniform warming trends, with the Sahara and
northern Africa experiencing the most significant temperature increases under high-emission
scenarios (Almazroui et al., 2020). Moreover, the consequences of this evolving climate are
diverse and far-reaching: altered flow regimes in rivers, increased variability in precipitation,
and heightened risks of droughts, floods, and soil erosion, all of which pose dire challenges to
agriculture, water security, ecosystems, and economies (AR6_IPCC, 2021; Neves et al., 2020;
WBG, 2021). Africa's quest for sustainability in this dynamic climate necessitates a holistic
approach, integrating adaptation and mitigation efforts to safeguard livelihoods, food security,
and ecological integrity in harmony with global climate change goals (Rogelj et al., 2018;
Steiner, 2019).

The DRC is experiencing the profound impacts of climate change, with rising temperatures
and unpredictable rainfall patterns (Balasha et al., 2023). This changing climate poses
significant challenges for the nation's predominantly agrarian economy, which is heavily
dependent on sectors such as agriculture, forestry, and natural resource exploitation (Bele et
al., 2014; Steiner, 2019). The vulnerability of local communities is evident, particularly in
South Kivu, where changes in rainfall patterns and increasing temperatures have led to the
spread of diseases like cholera and typhoid (Balasha et al., 2023; Bele et al., 2014). The
situation is projected to worsen, with annual temperatures expected to rise by 1.7°C to 4.5°C
by the end of the century (Balasha et al., 2023; Bele et al., 2014). Meteorological networks'
scarcity and limited records of observations present challenges in accurately predicting future
rainfall patterns (Balasha et al., 2023). As a result, heavy rains and flooding have already led
to destructive consequences, impacting homes, agricultural fields, and the livelihoods of
thousands of people in the region (USAID, 2020). The susceptibility of the DRC to climate
change is exacerbated by factors such as its underdeveloped infrastructure, widespread poverty,
and conflict (Mangaza et al., 2021; NCEA, 2012). As temperatures continue to rise and rainfall
patterns become more erratic, the country's sustainable development's economic, social, and
environmental dimensions are at significant risk (Balasha et al., 2023; Bele et al., 2014). Efforts
to mitigate these impacts and enhance the DRC's adaptive capacity are crucial to address the

complex and multifaceted challenges posed by a changing climate in the region.
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The vulnerability of the Ruzizi River basin in the Great Lakes region to changing climate and
its hydrological impacts is a critical concern that necessitates a comprehensive study for the
well-being of its inhabitants. The Ruzizi Plain in the DRC faces weather uncertainty, impacting
rainfed agriculture and water availability (Bagula et al., 2022). With projections indicating an
increasing trend in annual precipitation over Africa, including the DRC, the potential for altered
water regimes and hydrological changes becomes pronounced (Almazroui et al., 2020). This
vulnerability is exacerbated by the region's heavy dependence on rain-fed agriculture,
widespread poverty, and limited adaptive capacity (Mangaza et al., 2021; Reay et al., 2007).
The Ruzizi River, drained by Lake Kivu, possesses substantial hydropower potential and
irrigated agriculture prospects (Union, 2022). However, the anticipated impacts of climate
change, including shifts in rainfall patterns, temperature rise, and increased extreme events,
pose severe threats to water resources, agriculture, and overall socio-economic stability
(NCEA, 2012; WBG, 2021). Thus, a focused study is imperative to understand the intricate
relationships between climate change and the hydrological dynamics of the Ruzizi River basin,
aiming to provide the necessary insights for effective adaptation strategies that can safeguard
livelihoods and sustainable development in the face of this evolving climate scenario.

2.1.1. Climate Variability

Climate variability refers to the changes in climatic conditions over short periods, such as daily,
monthly, and annual variations (Morales, 2022). It is influenced by natural climate variability,
including phenomena like EI Nino, which can lead to extreme weather events such as high or
low temperatures, prolonged dry or wet conditions, heavy precipitation, and extreme winds
(Alves et al., 2021). The Earth's mean surface temperature is expected to increase under
realistic emission scenarios, but there is little known about future changes in climate variability
(Rehfeld et al., 2020).

While the African Great Lakes (AGL) are widely acknowledged for their pivotal role in
influencing the East African regional climate system, there is still a significant knowledge gap
regarding their effects on atmospheric dynamics and the intricate dynamics of the regional
hydrological cycle (Thiery et al., 2015). Thus, it is imperative to conduct comprehensive
research that investigates the complex relationship between climate and the AGL (Sene et al.,
2021). Such research is essential for discerning various factors, including the intricate patterns
of evaporation and precipitation influenced by the presence of these lakes, and uncovering the

underlying causes behind the observed spatial and temporal variations in these phenomena.
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2.1.2. Causes of Climate Change

Climate change arises from natural and human-induced factors altering Earth's energy balance.
External elements referred to as "climate forcers,” including volcanic activity and solar
radiation changes, lead to shifts in the climate system (Hiko et al., 2016; Reay et al., 2007).
However, human activities like burning fossil fuels, deforestation, and industrial processes
significantly contribute to the increase in greenhouse gases, with carbon dioxide being a
primary culprit (Gusev et al., 2014; Reay et al., 2007). Global warming and climate change are
caused by anthropogenically increased greenhouse gas concentrations (Hagemann et al., 2009).
These emissions disrupt the energy balance, causing a warming effect on the climate and
resulting in environmental consequences (Jorgenson et al., 2019). High temperatures may
intensify precipitation due to a higher atmospheric moisture capacity (Yang et al., 2018),
affecting hydrological systems and essential sectors, including agriculture, energy, and water
(Dore, 2005). Despite ongoing scientific debates on various factors, the consensus remains that
human-induced emissions are a crucial driver of observed global temperature rise, necessitating
mitigation strategies and adaptation efforts to address the multifaceted challenges of climate
change (Rodriguez-Camino, 2010; Stern et al., 2014).

2.2. Overview of Climate Change Impacts

Climate change has brought about far-reaching impacts across different regions. Projections
based on high Representative Concentration Pathways (RCPs) for Africa, for instance,
anticipate temperature increases by mid-century and potential peaks of 3°C to 6°C by the
century's end, exerting repercussions on hydrological cycles and influencing precipitation and
evapotranspiration (Pachauri et al., 2014). However, these changes' vulnerabilities display
regional variations, contributing to shifts in global and regional water availability (Ayele et al.,
2016).

In the realm of hydrological modeling, studies are increasingly based on up-to-date RCP
emission scenarios from sources like CMIP5, assessing the interplay between parameters such
as precipitation, temperature, potential evapotranspiration, streamflow, and soil moisture (Fang
et al., 2015; Shemsanga et al., 2010; Tan et al., 2014). Climate change's multifaceted effects
are exemplified in specific regions, such as the Upper Senegal Basin, where bias correction
enhances historical river flow patterns while offering limited influence on spatial hydrological
projections (Fang et al., 2015; Mbaye et al., 2015). Similarly, the impacts of climate change
extend to agricultural productivity, influencing crop growth and respiration and emphasizing

the necessity for climate-resilient practices and global collaboration (Asfew et al., 2022; Malhi

10



4 |Institute for Water
C | 4 and Energy Sciences
PAU (incl. Climate Change)

et al.,, 2021). The interconnectedness of climatic factors further reveals how shifts in
temperature and precipitation patterns impact soil acidity and the viability of organisms like
earthworms (Almazroui etal., 2017; T. Chen et al., 2023; Kaka et al., 2021; Kweku et al., 2018;
Mohammadi et al., 2020). In Africa, the implications are stark due to its economic reliance on
agriculture and susceptibility to climate-induced water stress (AR6_IPCC, 2021; Parry et al.,
2007; Shawul et al., 2015).

2.3. Modelling Climate Change
2.3.1. Climate Models

Climate models have evolved significantly over the past few decades, embodying a
sophisticated approach to understanding the complex interactions within the Earth's climate
system (Laprise, 2008; Stocker, 1967). By employing numerical simulations based on physics,
chemistry, and biology principles, climate models provide a powerful means to decipher the
intricate mechanisms governing climate processes (Kumar, 2012). These models, ranging from
GCMs to Regional Climate Models (RCMs), facilitate the exploration of both historical climate
changes and future projections (Faye et al., 2022; Stocker, 1967).

At the heart of climate models lies their essence as tools for deciphering the complexities of
the world's climate system (Jeff Birchall, 2014). They harness mathematical equations to
simulate variables like temperature, winds, and ocean currents, unveiling insights into the
planet's dynamic behavior (Kumar, 2012). GCMs, encompassing the entire globe, can
proficiently simulate the overall climate patterns, projecting future changes concerning
increased greenhouse gas concentrations (Hu et al., 2022; Kattsov et al., 2013). These models
can gauge global and continental-scale shifts, enabling us to anticipate climatic changes over
extended periods (Trzaska et al., 2014). However, these models also acknowledge their
limitations, particularly in capturing small-scale processes such as cloud behavior (Onyutha et
al., 2016). Nevertheless, the synergy of these models' scientific foundations, intricate
simulations, and continuous refinement unveils a comprehensive toolset that aids in unraveling
the climate's complexities, driving us toward a more informed understanding of our planet's
changing climate (Laprise, 2008; Stocker, 1967).

2.3.2. Coupled Model Intercomparison Project Phase 6 (CMIP6)
The CMIP has played a pivotal role in advancing our understanding of future climate
trajectories. This initiative was born out of recognizing the significance of oceanic dynamics

in shaping climate outcomes and the need to couple atmospheric and ocean GCMs in the late
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1960s (Robert et al., 2004). GCMs serve as mathematical representations of atmospheric,
oceanic, and land surface physical processes, producing meteorological variables such as
precipitation, temperature, wind speed, relative humidity, and solar radiation (Mendez et al.,
2020); however, the complexity and computational demands of coupled models delayed
significant progress until the 1980s when comprehensive models began to emerge, capable of
elucidating intricate interactions between the atmosphere, ocean, and cryosphere (Meehl et al.,
1997). These models, regarded as powerful tools for deciphering global climate patterns and
understanding the impacts of anthropogenic climate change, laid the foundation for CMIP
(Meehl, 1995).

The early 1980s marked the inception of coupled model development, a critical precursor to
the Atmospheric Model Intercomparison Project (AMIP), initiated in 1990 (Gates, 1992; Gates
et al., 1999). AMIP aimed to evaluate the performance of atmospheric General Circulation
Models (GCMs) within seasonal and interannual scales, setting the stage for a more
comprehensive effort like CMIP (Gates, 1992). The success of AMIP, coupled with the
advocacy of the Joint Scientific Committee (JSC) of the World Climate Research Program
(WCRP), provided the impetus for the establishment of CMIP in the mid-1990s (Gates et al.,
1999). CMIP evolved through successive phases, with each iteration building upon the
achievements of the previous one and contributing substantively to climate science (Eyring et
al., 2016). The outcomes of CMIP's various phases have played pivotal roles in shaping the
IPCC assessments and have provided valuable insights for policymakers and scientists
worldwide (Touzé-Peiffer et al., 2020).

CMIP's maturation culminated in CMIP6, a phase characterized by refined scientific inquiries
and technological advancements (WCRP, 2014). This phase shifted towards a more nuanced
comprehension of climate processes, diverging from the prior emphasis on scenarios and
focusing on core questions about Earth system response to forcings, model biases, and future
climate scenarios (WCRP, 2014). CMIP6 models boasted higher spatial resolution, improved
parameterization schemes, and enhanced representations of crucial climate processes, setting a
new benchmark for accuracy and reliability (Pour et al., 2022). Additionally, CMIP6
introduced a comprehensive array of SSPs representing various demographic, economic, and
technological aspects to enhance the precision of climate change projections (Hamed et al.,
2022). These SSPs outline conceivable alternate patterns in the development of human
civilization and natural systems during the twenty-first century at both global and regional

levels. They enable a more robust assessment of climate change impacts and policy
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implications (Gebresellase et al., 2022). The ultimate purpose of the entire scenario process is
to develop integrated scenarios encompassing socioeconomic and environmental situations

impacted by climate change and climate policy (O’Neill et al., 2014).

2.3.3. Climate Change Scenarios

Climate change scenarios play a pivotal role in deciphering potential future climate impacts.
Climate scenarios refer to a credible depiction of the anticipated environmental conditions in
the future, encompassing factors such as temperature, precipitation, and various climatic
patterns. These scenarios are meticulously crafted and designed to scrutinize the potential
consequences of human-induced climate change, as outlined by the IPCC in their 2021 report.
These scenarios provide simplified yet coherent depictions of potential climate trajectories,
meticulously crafted to investigate the consequences of anthropogenic climate change and
serve as inputs for impact models (Basalirwa, 2014; Parry et al., 2007; Walz et al., 2014). These
invaluable tools are widely recognized for assessing climate risks and impacts (Manatsa et al.,
2008). Originating in the 1990s, the IPCC introduced Special Report Emission Scenarios
(SRES) based on storylines involving population dynamics, technological advancements,
energy use, and land utilization as driving forces (Arnell, 2004). Recently, the landscape has
shifted, ushering in the RCPs, which are supplanting SRES scenarios in climate models and
assessments. RCPs demand finer-grained data, incorporating aerosol emissions and
geographically detailed land use and emissions data (Basalirwa, 2014). These pathways
illuminate radiative forcings through multi-model ensembles from CMIP5, enhancing
understanding of greenhouse gas atmospheric concentrations and their implications for climate
dynamics and socio-economic progress (Arnell, 2004; Birara et al., 2020). Simultaneously, a
new breed of scenarios, Shared Socioeconomic Pathways (SSP), has emerged to illuminate
diverse emission and socioeconomic pathways, gauging societal readiness to navigate the

challenges of adaptation and mitigation (Jiang et al., 2022).

The evolution of climate change scenarios encapsulates a trajectory of refinement and
expansion. Initially, storylines underpinned by demographic, technological, and land use
factors paved the way for SRES, refining our ability to model climate impacts (Arnell, 2004,
Gebremeskel et al., 2015). Nevertheless, the advent of RCPs marked a paradigm shift, offering
more comprehensive insights into greenhouse gas concentrations and radiative forcings,
transcending previous limitations (Basalirwa, 2014). RCPs not only supplanted SRES but also
broadened our horizons, enabling a more nuanced grasp of the intricate interplay between

climate dynamics and socio-economic landscapes (Birara et al., 2020; Budhathoki et al., 2021).
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In parallel, SSPs emerged as the next frontier, reflecting a dynamic socio-economic tapestry
and society's capacity to steer mitigation and adaptation endeavors (Jiang et al., 2022). These
SSPs help assess a range of climate futures and their impacts on various sectors. The IPCC
2021 report highlights five main SSPs, each representing a different storyline:

SSP1 (Sustainability): This scenario envisions a future where sustainable practices, strong
international cooperation, and low population growth lead to a world with reduced greenhouse

gas emissions. It aligns with the RCP2.6, a low emissions pathway (AR6_IPCC, 2021).

SSP2 (Middle of the Road): SSP2 assumes a moderate trajectory for socio-economic
development, with neither extreme growth nor significant efforts to combat climate change.
Greenhouse gas emissions continue to rise steadily, resulting in a moderate increase in global

temperatures. It corresponds to RCP4.5, a moderate emissions pathway (AR6_IPCC, 2021).

SSP3 (Regional Rivalry): This scenario portrays a world characterized by regional
competition and fragmented efforts to address global challenges. It leads to high greenhouse
gas emissions, resulting in a severe increase in global temperatures. It aligns with RCP6.0,
which represents a world with higher emissions. It aligns with RCP6.0, representing a world
with higher emissions (AR6_IPCC, 2021).

SSP4 (Inequality): SSP4 focuses on a future where inequality remains a prominent issue and
fossil fuels dominate energy production. Greenhouse gas emissions remain high, leading to a
substantial increase in global temperatures. It corresponds to RCP7.0, a higher emissions
pathway (AR6_IPCC, 2021).

SSP5 (Fossil-Fuelled Development): In this scenario, fossil fuels remain central to global
energy systems, and economic growth is prioritized over environmental concerns. Greenhouse
gas emissions reach their highest levels, causing a severe and rapid increase in global
temperatures. It aligns with RCP8.5, representing a high emissions pathway (AR6_IPCC,
2021).

As we navigate the complex labyrinth of climate change, these scenarios stand as guiding
beacons, illuminating diverse pathways and potential futures, serving as essential tools for
informed decision-making, policy formulation, and a deeper comprehension of our shared

climatic destiny.
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2.3.4. Downscaling Techniques and Tools

Research examining the effects of global warming on future hydrological cycles and water
resources typically depends on the climate change forecasts generated by GCMs (Dong et al.,
2021). Nevertheless, these GCM projections, which operate on a broad scale, cannot be directly
employed for in-depth hydrological investigations at regional or basin levels. Researchers have
devised a method known as downscaling to address this challenge and obtain climate change
scenarios tailored to specific localities or stations (Bergstrom et al., 2001). This process
facilitates the refinement of GCM outputs to provide finer-grained insights into the impacts of

climate change on a more localized scale.

Downscaling techniques are pivotal in refining climate projections and bridging the resolution
gap between GCMs and the intricate demands of local and regional climate assessments (Gusev
et al., 2014; Manatsa et al., 2008). Given the limitations of GCMs in accurately capturing
precipitation dynamics and their inherently larger spatial scales compared to hydrological
needs, downscaling strategies have been embraced to transition from global to local contexts
seamlessly (Gusev et al., 2014; Manatsa et al., 2008). These methodologies encompass two
distinct approaches (Table 2.1): statistical and dynamic, each addressing unique
challenges(Adachi et al., 2020). Dynamical downscaling involves nesting Regional Climate
Models (RCMs) within GCMs to simulate regional climate details such as orographic
precipitation and complex non-linear phenomena like the ElI Nino Southern Oscillation
(Ekstrom et al., 2005; Manatsa et al., 2008). The effectiveness of dynamical downscaling
depends on the accuracy of GCM data and the quality of regional-scale input (Manatsa et al.,
2008). Concurrently, statistical downscaling methods offer computational efficiency and
establish empirical linkages between GCM-derived predictors and local climate variables,
though they may inadvertently underestimate variability and extreme events, relying on certain

assumptions for their future applicability (Liu et al., 2016; Manatsa et al., 2008).

The evolution of downscaling techniques has been driven by an imperative need for finer-scale
climate insights, crucial for comprehending localized impacts, devising adaptation strategies,
and facilitating informed decision-making within an evolving climate context (Fowler et al.,
2007; Jakob et al., 2011). While both dynamical and statistical approaches exhibit distinct
merits and limitations, dynamical downscaling explicitly captures physical processes albeit
with heightened computational costs, whereas statistical methods provide computational
efficiency while potentially glossing over certain intricacies of the climate system (Fowler et

al., 2007; Manatsa et al., 2008). In response to GCMSs' inherent inability to faithfully reproduce
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local nuances, spatial downscaling techniques have emerged, ranging from basic interpolation
methods to intricate statistical relationships. These techniques aim to uphold spatial patterns
while augmenting resolution, yet they must surmount hurdles such as the assumption of
consistent bias over time in statistical approaches and the computational overhead associated
with dynamical methods (Fowler et al., 2007; Liu et al., 2016; Prudhomme et al., 2002). The
pursuit of climate downscaling methods is firmly rooted in the need to empower regional and
local assessments, thereby unravelling the complex interplay between climate variables and
their far-reaching consequences. Combining multiple downscaling approaches fosters a
comprehensive awareness of our changing environment, which considerably strengthens our
ability to produce meaningful, actionable climate intelligence at applicable scales (Fowler et
al., 2007; Prudhomme et al., 2002). Combining statistical and dynamic techniques is crucial in
bridging the gap between global climate models and localized realities, supporting informed

decision-making in a changing climate.

2.3.5. Bias correction Techniques

Bias correction techniques are crucial in the context of climate and meteorological modeling.
Bias correction refers to the mathematical or statistical adjustments made to the output data
from GCMs or other climate models. These adjustments aim to mitigate systemic biases or
inaccuracies in the model simulations (Ghimire et al., 2019). Such biases often arise from
systematic model errors resulting from inadequate conceptualization, discretization, and spatial
averaging within grid cells (Teutschbein et al., 2012).

A comprehensive review of various bias correction techniques has been proposed by several
people, not limited to Teutschbein et al. (2012), Lafon et al. (2013), Watanabe et al. (2012).
These techniques can be broadly categorized into three main types: mean-based, distribution-

based, and distribution and persistence-based methods (Chen et al., 2013).

Mean-Based Bias Correction: This method, also known as delta change, is a straightforward
approach that involves adjusting the mean values of model outputs to align them with observed
data. However, it has limitations as it does not account for variability in time series data,
making it less suitable for analyzing extreme events and assessing the impacts of climate

change (Nguyen et al., 2016).

Distribution-Based Bias Correction: Distribution-based approaches, such as quantile
mapping, focus on adjusting the entire distribution of model output data to match that of
observed data at a specific time scale. While this method addresses distribution properties, it
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may only consider a single specified time scale, potentially overlooking changes over time
(Nguyen et al., 2016).

Distribution and Persistence-Based Bias Correction: Techniques like nesting bias
correction (NBC) and Recursive Nested Bias Correction (RNBC) fall under this category. They
aim to simultaneously correct biases at multiple time scales while considering distributional
and persistence characteristics in the data. This approach provides a more comprehensive way
to correct biases and can capture variations over time (Nguyen et al., 2016). These bias
correction techniques come in a variety, and they exhibit different performances when

adjusting the biases in the GCM simulation and the observed data (Table 2.2).
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Table 2-1: Comparison between statistical downscaling and dynamical downscaling techniques.
Downscaling techniques | Level of complexity Advantages Drawbacks
Statistical downscaling 1S | oratistical downscaling is less Unlike dynamical downscaling, statistical

Statistical downscaling

computationally simpler than
dynamical downscaling and doesn't
directly simulate physical processes.
Yet, it requires establishing complex
statistical connections between large-
scale climate indicators and local
variables. The selection of an
appropriate statistical model and the
necessity for high-quality historical
data also contribute to its complexity.
(Yhang et al., 2017).

computationally demanding compared to
dynamical downscaling, making it more
feasible for use in smaller domains.

It relies on historical observations (perfect
prognosis) or simulations (model output
statistics), providing flexibility in the data
sources used to establish statistical
relationships.

It demonstrates a good adaptability to
different geographic areas.

downscaling does not directly simulate the
physical processes of climate systems, potentially
limiting its ability to capture complex interactions
(Yhang et al., 2017).

The quality and representativeness of historical
observations used for statistical relationships can
influence the accuracy of downscaling results.
Different statistical downscaling models may
perform better or worse depending on the specific
aspect analyzed, making it challenging to select
the most appropriate model.

Dynamical downscaling

Conducting dynamical downscaling
studies requires significant resources,
including access to supercomputing
facilities and a team of experts in
climate modelling. This can limit the
accessibility of this approach to
smaller research institutions or
developing regions (Yhang et al.,
2017).

Dynamical downscaling allows for the
generation of high-resolution climate data
for specific regions. This is valuable for
applications  that require  detailed
information at a local or regional scale,
such as urban planning, agriculture, and
water resource management.

RCMs can provide detailed information
about various climate variables, including
temperature, precipitation, wind patterns,
and more. This is essential for
understanding how climate change might
impact specific areas.

The effectiveness of RCMs is closely tied to the
GCMs' boundary conditions. Systematic errors in
GCMs can affect the RCMs' accuracy, even with
bias correction. Dynamical downscaling, a
method used for higher-resolution climate
projections, is resource-intensive and challenging
for extensive regions or numerous scenarios. The
process encompasses uncertainties due to model
parameters, emission scenarios, and climate
variability. Additionally, the scale difference
between GCMs and RCMs can complicate the
precise representation of regional climate
characteristics.
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Table 2-2: Different bias correction methods

Bias correction techniques

Concise description

The Quantile Mapping method.

The Quantile Mapping (QM) method corrects biases in regional climate models, particularly for rainfall and temperature,
aligning model outputs with observed data by adjusting their statistical distributions to match observed cumulative
distribution functions (Enayati et al., 2021)

Distribution Transform (DT)

DT involves fitting a parametric distribution to the observed data and then transforming the simulated data to match this
distribution. It is a flexible method that can account for various distributional differences.

Local Scaling (LS)

LS involves scaling the simulated data based on the ratio of observed to simulated standard deviations. It is a simple
method that doesn't involve complex distributional adjustments. While linear scaling addresses the bias around the mean,
it does not correct the variation in the variance (Teutschbein et al., 2012).

Power transformation of precipitation
and variance scaling for temperature.

The Power Transformation of Precipitation method (PTR) uses an exponential factor (aP"b) to adjust precipitation
variance, unlike linear scaling, but is limited to precipitation corrections due to its power function basis. For temperature,
the Variance Scaling method, detailed by Teutschbein et al. (2012), adjusts both mean and variance (Leander et al., 2008)

Local Intensity Scaling

Although linear scaling addresses the bias in the mean, it cannot rectify biases in wet-day frequency and intensity. The
Local Intensity Scaling (LOCI), as introduced by Schmidli et al. (2006), extends linear scaling by independently
modifying the mean, wet-day frequencies, and wet-day intensities in the precipitation time series.

Distribution Mapping for precipitation
and temperature.

The distribution mapping technique, used to rectify bias in precipitation data, works using the cumulative distribution
functions (CDFs) of both the observed and the incorrect data. The main objective is to match the CDFs of the biased data
with those of the observed data, effectively changing the biased data's distribution to correspond to that of the observed
data. This can be done by creating a transfer function to shift the occurrence distributions of precipitation and temperature
(Teutschbein et al., 2012). Teutschbein et al. (2012) confirm that distribution mapping, often referred to in some literature
as probability mapping, outperformed all the bias correction methods in adjusting the precipitation and the temperature.
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2.4. Hydrological Modelling

Hydrological models serve as fundamental tools for assessing the potential impacts of climate
change on water resources (Blanco-Gomez et al., 2019). Hydrological modeling involves the
development of mathematical representations of hydrologic processes to elucidate their
interactions and behaviors, ultimately contributing to our understanding of water availability,
pollution, flooding, and drought (Ekundayo, 2020). The significance of these models lies in
their ability to identify the drivers of hydrological systems, thereby answering scientific
inquiries (Doren et al., 2009) and contributing to understanding and managing watersheds
(Musyoka et al., 2021). Hydrologic models, as tools of scientific inquiry, enable a better
understanding of hydrologic processes and their responses to changes and, within the context
of resource management, serve as planning tools guiding decision-making for managing both

land and water resources.

2.4.1. Classification of Hydrological Models

Numerous classification schemes exist for hydrologic models, including but not limited to
distinctions like deterministic versus stochastic and lumped versus distributed. These
classifications typically revolve around the method used to represent elements within the
hydrological cycle or specific components (Jajarmizadeh, 2014). Schaefer et al.'s work (2015)
delineated the distinction between stochastic and deterministic models concerning their
reliance on probability principles. They clarified that traditional flood flow routing through
reservoirs is deterministic. Nonetheless, when the flow's probability is factored into the routing
process, the model employed is classified as stochastic. Juraj. M (2003) further divides

deterministic hydrologic models into three primary categories:

Lumped Models: Lumped models, characterized by parameters that remain spatially constant
throughout the entire basin, focus solely on assessing the basin's response at its outlet. These
models cannot often accurately represent the intricate physical aspects of hydrologic processes.
To address this limitation and account for spatial variability, these models employ specific
procedures to calculate practical values encompassing the entire basin's characteristics
(Valencia et al., 2023).

Semi-Distributed Models: Semi-distributed models introduce spatial variability by
partitioning the basin into smaller sub-basins. This approach offers a more physically realistic

representation compared to lumped models while requiring a reduced volume of input data
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compared to fully distributed models. Notable examples of semi-distributed hydrological
models include SWAT and HEC-HMS (Ekundayo, 2020; Kampf et al., 2007).

Distributed Models: Distributed models allow parameters to exhibit spatial variations at a
resolution typically defined by the user. These models aim to integrate information on the
spatial distribution of parameter variations with advanced computational algorithms. However,
it is worth noting that distributed models demand substantial datasets for parameterization,
making data availability a crucial consideration when opting for this approach (Valencia et al.,
2023).

2.4.2. Hydrological Model Selection Criteria

Various hydrological models have been created as a result of technological advancements in
order to study the effects of changing climatic conditions, changes in land use and land cover,
and changes in soil properties on hydrological cycles (Ghonchepour et al., 2021). In
hydrological studies, choosing the best model for a particular catchment during a modeling
session is a recurring problem. No single model is always the best across various hydrological
circumstances (Marshall et al., 2005) pointed out. To complete the assignment, various
parameters must be considered (Ghonchepour et al., 2021; Marshall et al., 2005). These criteria
consider user preferences, skill in using a particular model, the modelling goal, and the time
available for model development and execution. A crucial factor in choosing the right
hydrological model is also the quantity and quality of hydrometeorological data, together with
information on the physical characteristics of the basin (Hughes et al., 2010). Considering these
factors, the SWAT model was selected for this study, which examines how climate change may
affect the basin of the Ruzizi River's water balance.

2.4.3. SWAT Model

The Soil Water Assessment Tool (SWAT) is a continuous-time, semi-distributed, process-
based river basin model approved to evaluate upcoming hydroclimate-related management
decisions (Abesh et al., 2022). The Agricultural Research Service (USDA-ARS) of the United
States Department of Agriculture (USDA) developed SWAT, which has been widely used to
simulate basin hydrology response under different climate change scenarios and for best
management practices (BMP). This has shown that the model helps examine a wide range of
watershed sizes, land use practices, and environmental issues. This study used SWAT to
evaluate the potential effects of climate change on hydrologic process components in the RRB

due to its widespread acceptability among scientists and land-management professionals. The
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model is built on processes, is computationally effective, and can run continuous simulations
for extended periods. Weather, hydrology, soil temperature and characteristics, plant
development, nutrients, pesticides, bacteria and diseases, and land management are important
model components. A watershed is divided into several sub-watersheds in SWAT, and these
sub-watersheds are further divided into hydrologic response units (HRUs), composed of
homogeneous topographical, soil, and management features. The HRUs may not be continuous
or spatially identifiable in a SWAT simulation and instead represent a proportion of the sub-
watershed area. Alternatively, a watershed can only be divided into sub-watersheds with the
same dominant land use, soil composition, and management (Srinivasan et al., 2012). The
extensive utilization of SWAT, documented in approximately 4,000 publications, underscores
its widespread acceptance and utility for comprehending complex water resource issues across
varying basin scales and environmental contexts (Tan et al., 2019). The hydrology at each
computational unit of SWAT (i.e., HRUSs), is calculated using a water balance equation
(Equation 2-1) encompassing precipitation, runoff, evapotranspiration, percolation, and return

flow components (Bhatta et al., 2019).

SWy = SW;+ 2ot (Ragy () = Quuy () = Ee (1) = Waegp (D) — Qg (D)) 2-1
Where SWkis the final soil water content (mm), SW, is the initial soil water content (mm), t is
the time in days, Rday(i) is the amount of precipitation on day i (mm), Qsur(i) is the surface
runoff (mm), Ea(i) is the evapotranspiration (mm), Wseep(i) is the percolation (mm), and Qgw(i)
is the return flow (mm). The amount of surface runoff can be estimated using the SCS curve

number equation as follows:

(R _Ia)z
qurf =gy o 2-2

(Raay—Ia+S)

la represents the day's initial abstractions, including surface storage, interception, and
infiltration (all expressed in millimeters of water), and S is the retention parameter. The
retention parameter varies spatially according to changes in soil, land use planning, slope, and

soil water content over time. These factors define the retention parameter:

S = 25.4(—"— 10) 2-3

where initial abstraction (la) is typically defined as 0.2S and CN is the curve number for the

day.
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Furthermore, the model calculates sediment yield from each hydrologic response unit (HRU)
using the Modified Universal Soil Loss Equation (MUSLE), which is an adaptation of the
widely used Universal Soil Loss Equation (USLE) but modified for use in a continuous
simulation framework. The MUSLE integrates factors such as rainfall intensity, soil type,
topography, crop management, and conservation practices to estimate soil erosion rates (Bibi

et al., 2023). This equation is represented as follows:

SYLD = Qpeak X qsury X K X LS X C X P 2-4

where, SYLD is the sediment yield, Qpeak is the peak runoff rate, qsurf is the surface runoff
volume, K is the soil erodibility factor, LS is the slope length and steepness factor, C is the
cover and management factor, and P is the support practice factor.

Following the estimation of sediment yield at the HRU level, SWAT aggregates these yields
to calculate the total sediment load at the watershed or sub-watershed scale. The sediment
transport process within the channel network of the model is then simulated to account for
sediment deposition and re-suspension, allowing for the evaluation of sediment delivery ratios
and the impact of various land management scenarios on sediment dynamics (Pindi et al., 2023;
Dos Santos et al., 2023).

2.5. Literature Review of Previous Similar Studies

As per the extent of my research, previous studies conducted to assess the Impact of Climate
Change on Hydrological Responses and Sediment Budget in the Ruzizi River Basin are very
scarce. Very limited studies were conducted on the impact of climate change on hydropower
and sediment transport across the region, and some of these studies are discussed below.
However, there are a significant number of studies that aim to assess how climate change
affects water resources and hydrological processes in Africa and around the world. (Table 2-
3).

Eisenberg & Muvundja (2020) quantified soil erosion in the Ruzizi sub-catchments of
hydropower plants Ruzizi | and |1, focusing on the application and validation of the (Revised)
Universal Soil Loss Equation (USLE/RUSLE) in a region characterized by complex land use
practices and diverse terrain. The study found that high C (Cover and Management Factor) and
LS (Slope Length and Steepness Factor) factors, combined with variations in K (Soil
Erodibility Factor) factors, resulted in high soil loss estimates, primarily linked to steep slopes
and crop and grassland in the study area. With seasonality and heterogeneous land use
considered, the updated USLE model calculated a total annual soil loss of 577,124 tonnes,
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indicating notable disparities in land use practices between Rwanda and the DRC. The study
underlined the need for high-resolution data and validation to improve soil erosion estimates
in comparable locations and suggested that USLE models be adopted for areas with small-scale
farming. The study offered insightful information about the elements causing soil erosion and

how land management techniques may lessen its effects in the Ruzizi sub-catchments.

Moreover, Muvundja et al (2022) mainly investigated the hydroelectric power (HP) operations
in the Ruzizi River, emphasizing the importance of meeting environmental requirements for
sustainable energy production in Africa. The study analyzed the river's flow regime using
Gumbel's model and concluded that a minimum environmental flow of 28 m?/s, representing
about 25% of the average discharge, was necessary to maintain electricity production and river
ecosystem functioning. In the context of sediment transport, the article highlighted soil erosion
and solid waste pollution issues in the region, particularly from urban areas, affecting the
reservoirs and HP operations. Overall, the study underscored the significance of addressing

these environmental challenges to ensure the sustainability of HP projects in the DRC.
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NO | Study Area Title Main objective Limitations and findings Author
Despite the use of RCMs and outdated
scenarios, the results show that both
“ . subbasins under RCP 8.5 are anticipated to
Assessment of future climate | , . ) . .
) To assess the impact of climate | see increases in rainfall and temperatures but
. | change impact on water ;
1 Katar and Meki balance  components in change on the water resources of the | decreases in average annual stream flow. Balcha (2023)
subbasins/Ethiopia. Central Rift Valley Lakes Central Rift VValley (CRV) using the | RCP 4.5, on the other hand, could result in a
Basin. Ethionia.” y SWAT model and best RCMs.” rise in stream flow by the 2070s for the Katar
’ pia. subbasin. Under RCP 8.5, both subbasins
could, however, see a decline in average
annual stream flow by the 2070s.
“ : Streamflow was predicted to increase in most
Assessment  of  climate | |, . ) . . . X
change impact on The_studyalms to assess the impact | periods at certain statlo_ns, ranging from
. . . of climate change on future water | 0.79% to 238.04%, while water balance | Balu et al.
2 | Ponnaiyar/India. hydrological components of e . . . .
. . . .. | availability in the Ponnaiyar river | components like surface runoff, water yield, | (2023)
Ponnaiyar river basin, Tamil basin using the SWAT model” and evapotranspiration were also expected to
Nadu using CMIP6 models.” & change P P P
This study revealed that worsening climate
change scenarios (RCP 4.5 and RCP 8.5) in
“ ) . the basin could lead to a significant decrease
Modeling climate change | . . . o .
. . To assess the impacts of climate | in inflow during dry and normal years but a
impact on the inflow of the . S .
L .+ | change on the inflow of the Magat | substantial increase during wet years. The | ..
I Magat reservoir using the Soil . , . . . Singson et al.
3 | Magat/Philippines. reservoir using the SWAT model | highest inflow to the reservoir was
and Water Assessment Tool . X . (2023)
toward the development of a dam | anticipated during the rainy season months of
(SWAT) model for dam | . ”
manacement.” discharge protocol framework. September, followed by October—December.
& ) However, the study used old scenarios RCPs.
It also emphasized the over-estimation of the
peak flow by the model.
West Seti  river Climate change impact on | “To project future climate scenarios The article finds that_ increased precipitation Budhathoki et
4 basin/Nepal water balance and | and their impacts on water balance | will boost water vyield, especially in the al. (2021)
' hydrological extremes in | components in the different | Middle Mountain region. Evapotranspiration | ™
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different physiographic
regions of the West Seti River
Basin, Nepal.”

(incl. Climate Change)
physiographic regions in the study
basin.”

will rise significantly in the High Himalayas.
Most of the basin will see increased
streamflow, suggesting development
opportunities for irrigation and hydropower.
However, climate-induced risks, especially
for the West Seti Hydropower project, should
be considered in planning. Yet, the study
lacks specific data and comprehensive risk
assessments, limiting its depth.

“Evaluation and application of

“To evaluate and apply a SWAT
(Soil and Water Assessment Tool)
model to comprehensively assess

This study used the SWAT model to assess
climate change's impact on streamflow in
Nepal's Tamor River Basin. It found that a
simpler model setup produced comparable
results and saved time. Future projections

. a SWAT model to assess the | the impact of climate change on the !ndlcated decreased precipitation and
Tamor river | . . ; . increased temperatures, leading to a | Bhatta et al.
. climate change impact on the | hydrology of the Himalayan River | .~~~ )
basin/Nepal. ) : : o significant decrease in streamflow. The study | (2019)
hydrology of the Himalayan | Basin, with a focus on quantifying .
. . . can inform water resources management and
River Basin. changes in streamflow, water . o
O hydropower projects. However, it did not
availability, and watershed . i
. consider other factors like land use and
dynamics. L . .
carbon dioxide concentration, suggesting a
need for further research to address these
aspects.
These include the identification of nine
LULCs and nine soil types within the HRUs.
cr - . “To determine the rainfall-runoff Th.e r.nOdeIS S”e?m. ﬂO.W . analysis,
Rainfall-runoff ~ modeling | . : ., calibration, and validation indicated the
o . o interaction of Finca’aa watershed | _. ...
Finca’aa and its prioritization at sub- ) . significance of the base flow alpha factor
. . and identify the surface runoff . -~ Debela at al.
watershed/Oromia, | watershed level using swat (ALPHA BF) in predicting stream flow.
vulnerable areas of the watershed at (2022)

Ethiopia.

model: a case of Finca’aa,
Oromia, western Ethiopia.”

sub-basin level

model.”

using SWAT

Comparison of observed and simulated data
demonstrated the model's accuracy. The
study revealed substantial monthly and
seasonal variations in water yield, with
notable water losses. The annual surface
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runoff was 449.81 mm, with sub-basins 4 and
5 prone to runoff due to agricultural
activities. The study underscores the
importance of implementing effective
watershed management techniques.
However, a limitation is the absence of
specific management recommendations.

“Predicting Climate Change
Impacts on Water Balance

“To integrate four selected GCMs
from the CMIP5 model with SWAT
to project climate change impacts on

Results showed that future conditions are
expected to be warmer and wetter in the
2030s, 2050s, and 2070s under RCP 4.5 and
RCP 85 scenarios, with increased
evapotranspiration (ET) primarily from
Spring to early Fall and a shift in the peak
flow season from Summer to Fall. Water
yield and streamflow are projected to
increase in the Fall, potentially affecting
floods and droughts. The study suggests that

\[/)\faiz(resrf\e d/Ué: 'Ll;eek Compor)ents of a | water bala_tnce components in_ a Deckers_ Creek Watershed WiII_ become é%;sg et al.
' Mountainous Watershed in | representative Appalachian | wetter in the future due to increased
the Northeastern USA.” Watershed in West Virginia (WV), | precipitation, streamflow, and water yield.
USA.” This research provides quantitative evidence
of climate change's impact on hydrological
processes, aiding water resource managers in
planning for potential hydrological extremes
in the Appalachian region and similar
mountainous areas worldwide. However, the
study's limitations, if any, are not explicitly
mentioned in the provided conclusion.
“Assessment  of  climate | “To evaluate the impacts of climate Thlsh SBUdy utilized ahStat.IStlcal dO\;vnslcEallng
change Impacts on river flow | change on river flows in the method fo assess the impact of climate
Awash reqimes in the uostream of | upstream Awash Basin using the change on future runoff and streamflow inthe | Daba et al.
basin/Ethiopia. g P P g Upper Awash River basin. The analysis | (2020)

Awash basin, Ethiopia: based
on IPCC fifth Assessment

soil and water assessment tool
(SWAT) model and ensemble

considered three future periods (2020s,
2050s, and 2080s) relative to the 1981-2010
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GCMs under two RCPs emission
scenarios.”

baseline, using two emissions scenarios
(RCP4.5 and RCP8.5). The results showed
that annual temperatures would rise
consistently, while rainfall would decline in
the 2050s and 2080s but increase in the
2020s. This shift would lead to increased
mean annual streamflow and runoff.
Seasonal changes, especially in dry seasons,
were more pronounced. These findings
underscore the significant impact of climate
change on surface runoff and streamflow,
with implications for regional water
resources and agricultural management.

Guajovo river
basin/EL Salvador.

“Impact of climate change on
water balance components
and droughts in the Guajoyo
river basin (El Salvador).”

“To assess the impacts of climate
change on hydrological processes,
such as water balance components
of the basin, using five future
general circulation models (GCMs)
climate projections of temperatures
and precipitation under different
emission climate scenarios,
downscaled for use as an input in a
SWAT model of the Guajoyo River
Basin, located in northwest El
Salvador.”

This study predicted that future climate
scenarios in the upper Minjiang River region
will lead to increased extreme temperature
warming, changes in precipitation patterns,
and altered flood and drought risks. While
flood risk may decrease under some
scenarios, drought risk is expected to reduce.
Notably, autumn flood risk in the upper
reaches should be closely monitored as
extreme runoff is projected to increase from
August to October.

Blanco-Gomez
et al. (2019)

10

Minjiang River

Basin.

“Study on the impact of future
climate change on extreme
meteorological and
hydrological elements in the
Upper Reaches of the
Minjiang River.”

“The study analyzes the future
trends of hydrometeorological
element extremes under climate
scenarios, providing useful support
for theoretical studies of potential
drought and food threats in the upper
reaches of the Minjiang River, as
well as a reference for future water
conservancy project design in the

The study revealed that in the upper reaches
of the Minjiang River under future climate
scenarios, extreme temperature warming will
increase while cold temperatures weaken.
Precipitation patterns will change, with more
continuous heavy precipitation and strong
precipitation but less short-term heavy
precipitation. Flood risk is reduced, while
drought risk decreases, with high water

T. Chen et al.
(2023)
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upper reaches of the Minjiang
River.”

runoff increasing at some stations and
decreasing at others. However, flood risk in
the upstream source area still increases,
particularly in the autumn months.
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3. RESEARCH DATA AND METHODOLOGY
3.1. Description of Study Area

3.1.1. Location

The Ruzizi River Basin is one the biggest in the Great Lake region, with an area of 5,253.97 km?. It is
a transboundary river basin shared by three countries, Rwanda and Burundi from the north-east to the
south-east and DR Congo from the north-west to the south-west (Figure 3-1). The outlet of the Ruzizi
River basin is TANGANYIKA lake, while its mainstream, named Ruzizi River, takes its inflow in
Kivu Lake and constitutes the geographical boundaries in the south and the north, respectively (Jean
etal., 2019).
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Figure 3-1. Map depicting the geographical location of the Ruzizi River Basin

The Ruzizi River basin's landscape comes from the East African Rift, a split in the Earth's crust that's
been active for 30 million years. The river's flow pattern follows the lines created by this geological
activity. This area is home to active volcanoes and experiences frequent earthquakes, which often
trigger landslides. The Earth's makeup here consists mainly of basaltic rocks from the Cenozoic era.
Over time, sediments from the Cenozoic era have settled in the Ruzizi River valley, especially where
it empties into Lake Tanganyika. Metasediments and very old Precambrian gneisses are also found on
the southern slopes (Muvundja et al., 2022). Due to its challenging topography, the Ruzizi River
provides an ideal natural environment for the establishment of hydroelectric infrastructure

characterized by relatively modest dam structures and reservoirs. Ruzizi 1 dam, boasting a generating
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capacity of 29.8 MW, was constructed just before the Democratic Republic of the Congo achieved
independence in 1959. Positioned at the confluence of Lake Kivu and the river, close to the city of
Bukavu, this hydroelectric facility holds a strategic location. Subsequently, in 1989, the Ruzizi 2 dam
was erected approximately 15 kilometers downstream from Ruzizi I, with an impressive power-
generating capability of 43.8 MW (as referenced in Eisenberg et al., (2020) and Muvundja et al.,
(2022)).

3.1.2. Climate Condition

The region’s local climate, as depicted through the comprehensive analysis of climatic variables across
14 stations from 1983 to 2020, offers a detailed perspective on the variability and trends in rainfall and
temperature. The climatic data, meticulously presented in Figures 3-2, 3-3, and 3-4, alongside the
decadal variations captured in Figure 3-5, form the basis for a nuanced understanding of the local

climate dynamics, including seasonal variations.
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Figure 3-2: Comparative Study on Climate (1983 -2020): Panel (a) depicts average rainfall per month,
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while Panel (b) shows station-wise mean temperature trends, underscoring regional variations in

precipitation and temperature

3.1.2.1. Rainfall Distribution and Seasonal Patterns

Figure 3-2(a) provides a bar graph representation of the average monthly rainfall across the 14 stations,
highlighting significant precipitation variability across different regional locations. This variability
points to the region's diverse climatic zones, with some areas experiencing heavier rainfall than others.
As further detailed in Figure 3-4(a), the seasonal rainfall distribution shows the median values and

distribution of seasonal rainfall, offering insights into the wet and dry seasons.
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Figure 3-3: Box and Whisker Analysis (1983 -2020): Panel (a) explores rainfall variability and trends.

Panels (b) and (c) examine fluctuations in minimum and maximum temperatures, respectively.

The data indicate a pronounced wet season, DJF (Dec-Jan-Feb), MAM(Mar-Apr-May), and
ASON(Aug-Sep-Oct-Nov), with peak rainfall of 560 mm and minimum rainfall of 251.3mm
occurring, followed by a significant reduction in precipitation, JJ(Jun-Jul), with a maximum rainfall
of 74.62mm and a minimum 10.13mm, marking the dry season (Figure 3-4a). This seasonal rhythm is
crucial for agricultural planning, water resource management, and understanding ecological dynamics
within the region. The average monthly rainfall within the Ruzizi basin (Figure 3-3(a)) ranges from
175.61mm to 8.17mm throughout the year.

3.1.2.2. Temperature Trends and Seasonal Fluctuations

Temperature trends and variability within the region, illustrated through the line graphs in Figure 3-
2(b) and the box and whisker plots in Figures 3-3(b) and (c), offer a comprehensive view of the climatic
dynamics across the studied period. These figures collectively detail the mean temperature variations,

minimum (Tmin), and maximum (Tmax) temperatures, revealing a pronounced inter-station and inter-
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annual thermal variability. This variability, underscored by geographic, altitudinal, and land use
factors, is pivotal in understanding the region's climatic dynamics, including its vulnerability to

extreme weather events and implications for thermal comfort.
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Figure 3-4: Seasonal Climate Trends (1983 - 2020): Panel (a) shows precipitation distribution, while

Panels (b) and (c) detail seasonal mean values of Tmin and Tmax, capturing fluctuations and ranges
of critical weather variables

Notably, the Ruzizi basin records distinctive seasonal temperature variations, with the highest
maximum average seasonal temperature observed in ASON at approximately 28.6°C and the lowest
in MAM at around 23.9°C. Similarly, Tmin exhibits seasonal extremes, peaking in ASON at 19.3°C
and dipping to its lowest in JJ at 14.6°C. On a monthly scale, August and June stand out with the
highest (28.6°C) and lowest (26°C) average maximum temperatures, respectively, while February and
June mark the extremes for Tmin within the year.

3.1.2.3. Long-term Climate Dynamics
Figure 3-5 encapsulates the decadal variation in climate variables, including maximum temperature,

minimum temperature, and precipitation, analyzed over three-decade intervals from 1983 to 2020. The
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trend lines within each panel illustrate the direction and magnitude of changes for each decade, with

an overarching trend line highlighting the long-term trajectory observed over the 37 years.
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Figure 3-5: Decadal Climate Trends (1983 - 2020): Panels (a) maximum temperature, (b) minimum
temperature, and (c) precipitation show trends by decade with trajectories for each, revealing long-

term warming and precipitation patterns over 37 years.

This decadal analysis reveals nuanced variations in climate variables, pointing to a complex warming
pattern and precipitation changes over time. Such long-term insights are vital for understanding the

impacts of climate change on the region, informing adaptation and mitigation strategies.

3.1.3. Land Use Land Cover and Soil Type of the Ruzizi River Bassin
The Ruzizi basin's land use and cover are divided into seven categories: Forest, Range-Bush Land,

Bare Land, Agricultural Land, Built-Up Area, Waterbodies, and Wetlands. Dominating the basin,
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Figure 3-6: Soil (a) and slope (b) maps of Ruzizi River Basin (c) LULC

3.2.2. Future Climate Data

In the context of this study, a comprehensive exploration of the Ruzizi River basin's response to climate
change was undertaken using advanced climate models. Two CMIP6 scenarios, SSP2-4.5 and SSP5-
8.5, were carefully coupled with four GCMs. This meticulous pairing aims to identify and employ the
most accurate and predictive climate models to assess the potential impacts of climate change on the
delicate equilibrium of water components within the Ruzizi River basin. Furthermore, the selected
GCMs, including prominent models such as MIROC6, MRI-ESM2-0, and MPI-ESM1-2-LR (Table
3-2), were used to downscale the future climate in the Ruzizi basin. These models have been
recognized for their precision in simulating climatic phenomena and are chosen to ensure a robust

assessment of the basin's vulnerability to changing climatic conditions.

Table 3-2: CMIP6 model used in this study

Model Name Institution Spatial Reference
Resolution
MRI-ESM2-0 Meteorological Research Institute, 1.1*1.1 Lin et al. (2023)

Ibaraki, Japan
MPI-ESM1-2-  Max Plank Institute for Meteorology 0.94*0.94 Song et al. (2023)

LR (MPIM), German

MIROC6 Japan Agency for Marine-Earth 1.4*%1.4 Shiogama et al.
Science and Technology (2023)
(JAMSTEC)
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Figure 3-7: Rainfall and stream flow station map

3.3. Methodology

The primary aim of this research thesis was to assess the impact of climate change on hydrological
responses and sediment budget in the RRB. In this regard, historical and future data were used to
simulate the hydrological processes within the RRB using the calibrated and validated SWAT model
(Figure 3-8).
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The methodology comprises the following steps: First, the preparation of climate data involves the
spatiotemporal extraction of GCM data, followed by bias correction and statistical downscaling using
the CMhyd tool to refine the data to a scale appropriate for the river basin. The next step involves the
evaluation of the climate models, which includes assessing the performance of the multi-model
ensemble mean climate model, conducting spatial analysis of future climate data using inverse distance
weighting, and analyzing temporal trends with the Mann-Kendall test to understand spatial variability
and predict future changes. The process continues with the SWAT-based configuration, calibration,
and validation of the hydrological model to ensure it accurately represents the current hydrological
processes within the watershed. After calibration and validation, the SWAT-CUP updates the SWAT
parameters, enhancing the model's accuracy in predicting future hydrological scenarios. Finally,
assessing climate change impacts on the watershed is conducted by simulating new climate conditions
in the validated SWAT model under various scenarios, allowing for a comprehensive analysis of

potential changes in hydrological processes and sediment transport due to climate change.
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3.4. Data Processing and Analysis

3.4.1. Hydro-Meteorological Data Quality Assessment

3.4.1.1. Filling in Daily Missing Data

Filling in daily missing meteorological data is essential before utilizing recorded weather data in other
processes. It is crucial to ensure the accuracy of the data since not all gauging stations might have been
correctly filled, and even if they were, the data may still contain inaccuracies due to various natural
and artificial effects that could have influenced the measurements. Additionally, some stations might
have limited record times, further complicating the data quality. To address these issues, filling out
missing data and performing quality checks becomes necessary. Estimating missing data is generally
the first step in this process. Various methods are employed for estimating missing data, and among
them, the four most commonly used methods are the arithmetic mean (AM), normal ratio (NR), inverse
distance weighting (IDW), and Kriging methods (Shabalala et al., 2019).

Although the effectiveness of filling the missing data within a dataset strongly depends on the nature
of the data set, the inverse distance weighting method has been found to provide accurate estimations
when compared to other methods, such as the normal ratio (NR), multiple linear regression (MLR),
correlation coefficient weighting (CCW), and arithmetic average (AA) methods (Bokati et al., 2022).
The IDW method is widely used in various fields, such as geosciences and environmental science, due
to its simplicity and efficiency (Armanuos et al., 2020) and was used in this study. The inverse distance
method (Eq 3-1) considers the distances between the ungagged station and its neighboring gauges (N1,
N2, N3, ..., Nm) to assign weights and estimate the missing data based on the weighted average of
nearby stations (Maleika, 2020).
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If the weights are inversely proportional to distance, the value of b can be 1, and if they are inversely
proportional to squared distance, it can be two, respectively. The number of adjacent gauges is

represented by the integersi=1, 2, 3, ...

3.4.1.2. Homogeneity and Consistency of Data

Tests for hydroclimatic homogeneity enable the detection of a change in conjunction with time series
data. Homogeneity testing is one of the most crucial analyses in studies connected to the climate since
it ensures the consistency of any inferences. Before using any climate impact research, it is essential
to do various hydroclimatic homogeneity tests. For hydrological and climate studies, using erroneous

observed meteorological data could result in incorrect findings; as a result, data homogeneity checks
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and data quality management are advised (Daba et al., 2020b). Additionally, homogeneity tests are
used to evaluate the impact of non-climatic elements on climate time series data, including

modifications to instruments, observational procedures, station relocations, and station surroundings.

The study utilized the graphical approach of double mass curve analysis (DMCA) to examine the
consistency of the hydrometeorological data (Figure 3-9). The double mass curve was generated by
summing up a rainfall series for the rain gauge station, whose consistency must be verified against the
summation of the average rainfall of the other rainfall gauge stations in the area under consideration.
The double mass curve should be linear if the rainfall statistics are reliable. Since this technique is
predicated on the idea that recorded data are consistent when originating from the same parent
population, a break in the slope of the line would suggest that conditions have changed in one area but

not in another (Khalil, 2021). The inconsistent rainfall data for a station can be adjusted as follows:

The slope for aperiod after slope change Mc
K = pe for ap ifter slop ge  _ 3-2

The slope for aperiod before slope change Ma

Pcx = Px Me 3-3
Mo

a
Px is the originally recorded precipitation at period t1 at station X, Pcx is the corrected precipitation at
any time tl at station X, Ma is the initial slope of the mass curve, Mc is the doubled mass curve's

corrected slope.
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Figure 3-9: Double mass curve for daily rainfall data of all the fourteen stations
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3.4.2. Downscaling and Bias Correction Methods

When examining the potential future atmospheric GHG concentrations determined by GHG emission
scenarios, GCMs, which are based on the rules of physics, are regarded as the most reliable instruments
available for the projection of global climate hundreds of years in the future (Prudhomme et al., 2003).
GCMs cannot accurately represent sub-grid scale climate because they output data at coarse grid
resolutions. For hydrologic studies at the catchment scale, finer-resolution hydroclimatic data are
required. Utilizing downscaling approaches, we address the scale mismatch between the GCM outputs
and the hydroclimatic data required at the catchment level (Sachindra et al., 2014). Dynamic and
statistical downscaling are the two main categories under which downscaling approaches are
categorized. In dynamic downscaling, boundary conditions are input into a higher-resolution RCM
from a coarse-resolution GCM (Sachindra et al., 2014). RCMs, instead of GCMs, mimic atmospheric
physical processes at the catchment size. Dynamic downscaling algorithms have several drawbacks,
chief among them being their high computing cost and reliance on GCM-provided boundary
conditions. Unlike dynamic downscaling, statistical downscaling is based on empirical relationships
between catchment scale variables such as precipitation, streamflow, surface air temperature, etc., and
GCM outputs (predictors of statistical downscaling models) (Sachindra et al., 2014). This work
employed statistical downscaling due to its high spatial resolution, wide range of emission scenarios,
and cheap computing cost and efficiency (Trzaska et al., 2014). The CMhyd tool was used to
downscale the large-scale climate variables generated from the CMPI16 model for historical, SSP2-4.5,
and SSP5-8.5 (Hordofa et al., 2022).

Bias correction methods are employed to minimize biases or inaccuracies in the GCM outputs before
using them in the hydrological model. The CMhyd tool offered eight bias correction methods,
including linear scaling, delta change correction, precipitation local intensity scaling, power
transformation of precipitation, variance scaling of temperature, and distribution mapping of
precipitation and temperature. In this study, distribution mapping was chosen as it has demonstrated
better performance compared to other methods in previous studies (Hordofa et al., 2022; Teutschbein
et al., 2012). The purpose of bias correction is to improve the accuracy and reliability of the GCM
data, making it more suitable for hydrological modelling and impact assessment. By minimizing
biases, the study aimed to obtain more accurate results when assessing the impact of climate change

on meteorological variables like rainfall and temperature.

3.4.3. Multi-Model Ensemble Climate Projection
The arithmetic mean method from the multi-model ensemble approach was employed to calculate the
ensemble mean of three CMIP6-GCMs, including MIROC6, MPI-ESM1-2-LR, and MRI-ESM2-0,

43



4 |Institute for Water
C | 4 and Energy Sciences
PAU (incl. Climate Change)

chosen for its straightforwardness and proven effectiveness in prior climate change research (Rhymee
et al., 2022; Gebrechorkos et al., 2023). Using both monthly observed rainfall, minimum temperature
(Tmin), and maximum temperature (Tmax) data spanning from 1983 to 2014 from CHIRPS, and
historical monthly data (rainfall, Tmin, and Tmax), the efficacy of the multi-model ensemble mean

was assessed across the Ruzizi Basin.

3.4.4. Rainfall and Temperature Trend Analysis

3.4.4.1. Mann Kendall test (MK)

The primary analytical techniques for time series data, especially in climate change, involve trend
analysis (Hordofa et al., 2022). This approach aims to discern overarching patterns of upward or
downward shifts in climate-related variables. There are two principal categories of trend analysis:
nonparametric and parametric methods. Nonparametric methods, such as the Mann-Kendall trend test
and Spearman's rho, are commonly used due to their simplicity and ease of implementation (Jamali
and Eslamian., 2023). However, parametric methods, including quantile regression, are gaining
popularity as they provide a more accurate description of the trend and its details (Almazroui and Sen.,
2020). Furthermore, in most hydroclimatological time series records, meeting the prerequisites to
apply the parametric method is often unfeasible. In contrast, the nonparametric trend test can be applied
to time series data that exhibit greater independence and are less susceptible to the influence of outliers
(Wang and Li., 2021). In this regard, the nonparametric method of Mann-Kendall was used to assess
the effect of climate change on meteorological variables due to its reliability for detecting monotonic
trends in climate time series data (Hordofa et al., 2022) for both historical and future periods using the
concept described in Table 3-4. The MK test has been extensively employed in hydro-climatic studies
of precipitation, runoff, and temperature (Bari et al., 2016; Luo et al., 2016; Onyutha et al., 2015; Zele
et al., 2016; Daba et al., 2020a). The MK test has the benefit of straightforward calculation, and the
trend analysis is not affected by a few isolated outliers for sequence analysis. A significance level of
0.05 was used for this investigation (X. Zhang et al., 2019).

Table 3-4: Description of the concept Mann Kendall trend test at p = 0.05 of significant level based
on ZMK (Alashan, 2023)

Concept Znvk
No trend 0
Statistically significant increasing trend > +1.96
Statistically significant decrease in trend <-1.96
Statistically, no significant increasing trend 0<Zmk<1.96
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Statistically, no significant decreasing trend -1.96 <Zmk <0

3.4.4.2. Spatial Distribution of Rainfall and Temperature

The spatial distribution maps were generated for the mean annual temperature (specifically Tmax and
Tmin) and rainfall to facilitate meaningful comparisons. The study employed the well-established
inverse distance weighting interpolation method to calculate values at unmeasured locations to achieve
this. Subsequently, the study harnessed the advanced capabilities of ArcGIS10.8.2 to create
comprehensive maps (Dembélé et al., 2020), vividly illustrating the spatial patterns of both rainfall

and temperature (both Tmax and Tmin) across the expansive region of the RRB.

3.4.5. SWAT Model Setup

Three essential physically based inputs were necessitated to develop the SWAT model: a soil map, a
LULC map, and a DEM. The application of the DEM within SWAT enabled the delineation of the
watershed into 30 subbasins, covering a total area of 5253.9 square kilometers. Hydrological Response
Units (HRUs) were meticulously defined through soil overlaying, land use, and slope maps. Slope
categories were specifically selected to include ranges of 0-5%, 5-20%, 20-30%, and over 50% within
the Ruzizi Basin. This process formed 376 HRUs after setting the threshold for land use, soil, and
slope combinations to 10%. The SWAT model was subsequently executed using observed climate data
for precipitation and temperature, while the model's built-in weather generator produced the remaining
climatic variables. Following this, the model underwent calibration and was then employed to evaluate
the impacts of climate change on the RRB. This comprehensive approach ensured a detailed
representation of the basin's hydrological behavior, enabling a nuanced assessment of climate change's
potential effects.

3.4.5.1. SWAT Model Sensitivity Analysis, Calibration and Validation

The parameter sensitivity analysis plays a crucial role in identifying key flow parameters for the
calibration and validation of the SWAT model. This process was facilitated using the SWAT-CUP
tool interface, particularly through the Sequential Uncertainty Fitting version 2 (SUFI-2), a method
renowned for its efficacy in numerous global studies, as incorporated in the SWAT-CUP 2021 version
5.1.6. To conduct the streamflow sensitivity analysis, average daily streamflow data were collected
over six years (2009-2014) from a hydrological station under the MUTIMBUZI bridge, sourced from
the Institut Geographique du BURUNDI (IGEBU). The sensitivity analysis was executed by selecting
22 hydrological parameters with their initial range (Table A-1), identified from the literature for their

potential impact on model output, to undergo a global sensitivity analysis within SWAT-CUP. This
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involved employing multiple regression methods alongside Latin hypercube sampling of the objective
function to discern sensitive parameters through t-statistics and p-values across 1000 simulations,

where large absolute t-statistics and p-values near zero indicated high sensitivity.

Subsequently, the SWAT model underwent calibration over the initial six-year period, followed by a
validation phase spanning three years (2015 — 2017), with the quality of streamflow data rigorously
assessed before its application. Calibration and validation were meticulously planned to encompass a
range of hydrological conditions, ensuring the mean and variance of streamflow data during these
periods were closely aligned, thereby effectively capturing wet and dry years. The process culminated
in six iterations of 500 simulations each to minimize discrepancies between observed and simulated
streamflow data. This comprehensive approach ensured that the SWAT model was finely tuned,
incorporating highly sensitive and less sensitive parameters to simulate the hydrological dynamics of

the study area accurately.

3.4.5.2. SWAT Model Performance

To assess SWAT's performance, the Nash-Sutcliffe Efficiency (NSE), Coefficient of Determination
(R?), Kling-Gupta Efficiency (KGE), and Percentage Bias (PBIAS) (Table 3-5) were used as
performance metrics ( Brighenti et al., 2019; Budhathoki et al., 2021). The goodness of fit between
observed and estimated streamflow determined model performance. Specifically, NSE and R?, with
values ranging from 0.70 to 0.80, indicate satisfactory streamflow simulation. Additionally, NSE
values between 0.5 and <0.65 are considered satisfactory. PBIAS, with an optimal value of 0,
quantifies the propensity of simulated data to predict observed data accurately, and a low-magnitude
PBIAS indicates a more accurate model simulation. For monthly time steps, PBIAS < £10 is
considered very good (Abesh et al., 2022). For KGE, one value is considered ideal. Above 0.75 is

good, and between 0.5 and 0.75 is intermediate.

Table 3-5: Performance metrics of model simulation

Evaluation metrics Mathematical equations Interval Ideal
value
Percent Bias (PBIAS rXi-Yi — 00,400 0
( ) PBIAS = % %100 ] [
i=1 (X1)
Nash-Sutcliffe ™ (Xi—Yi)? — 00,1 1
N = 1 - S (K=Y ] = o0,1]
Efficiency coefficient i=1 (X1 —X)
(NSE)

46



if\)

Institute for Water
and Energy Sciences

U | (incl. Climate Change)
Coefficient of R? [0,1] 1
Determination (R?) iy LXi—-X)(Yi-Y) 2
(X, (Xi = 0)2 2[R (Yi — Y)2]1/2
Kling-Gupta Efficiency KGE ]—o0,1][ 1

(KGE)

=1-Jr -2+ (a—-1)2+ (B - 1)?

47



40 | Institute For Water
C | 4 and Energy Sciences
PAU (incl. Climate Change)

4. RESULTS AND DISCUSSION

4.1. Multi-Model Ensemble Climate Projection

The efficacy of the multi-model ensemble mean for the Ruzizi Basin was meticulously assessed
through a detailed comparison between simulated and observed historical data, encompassing mean
monthly rainfall, maximum temperature (Tmax), and minimum temperature (Tmin) across the entire
basin. Figure 4-1 showcases a compelling correlation among the overlaid variables, demonstrating a
robust alignment between the ensemble mean predictions and the empirically observed climate data
within the Ruzizi Basin. This striking concordance underscores the reliability of the multi-model
ensemble approach in capturing the basin's climatic nuances, thereby affirming its utility in accurately
reflecting the historical climatic patterns of rainfall and temperature variations. Such a high degree of
correlation validates the ensemble mean's performance and highlights its potential as a critical tool for

hydrological and climatological analyses in the region.

18.4 - 200
— Hist Tmax chirps Tmax chirps Tmim
28.5 4 —— Hist Tmin —— chirps pcp hist pcp
\/ -18.2] 1o
28.0
- 18.0
- 100
27.5
- 17.8
- 50
2707 L 176
-0
265 I I I I I I I I I I I I 174
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Time series

Figure 4-1: Comparison of the multi-model ensemble mean with observed historical rainfall, Tmax,
and Tmin data in the Ruzizi Basin, illustrating the ensemble's effectiveness in reflecting historical

climate trends

4.2. Trend Analysis for Historical and Future Variables
The study meticulously analyzed rainfall and temperature (including minimum and maximum

temperatures) on both monthly and annual scales across distinct temporal segments: the historical
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period (1983-2020) and future projections (2040-2069 and 2070-2100), considering the SSP2-4.5 and
SSP5-8.5 emission scenarios. Additionally, a comprehensive assessment of the spatial distribution of
these critical climate variables, including rainfall, minimum temperature (Tmin), and maximum
temperature (Tmax), was conducted for the study area. This analysis encompassed historical data and
future projections, providing a detailed understanding of the evolving climate patterns. The evaluation
aimed to uncover trends and potential shifts in climate behavior over time, offering insights into the
anticipated impacts of climate change on the study region's environmental dynamics and hydrological

processes.

4.2.1. Historical Annual Rainfall and Temperature Trends

The bar graphs in Figures 4-2 and 3 reveal the outcomes of the Mann-Kendall trend test for historical
climate variables rainfall, minimum temperature (Tmin), and maximum temperature (Tmax) across
fourteen reanalyzed point stations. This test assesses the significance of trends over time, with the z-
value serving as a key indicator of trend direction and robustness. For mean annual rainfall (Figure
4-2), the analysis predominantly reveals no statistically significant trends in most stations, indicating
a stable rainfall pattern over the historical period. Exceptions to this pattern include stations
AF_ 313086, AF_313049, AF_ 313048, and AF_306813, which exhibit a pronounced decreasing trend
in rainfall, achieving statistical significance at the 5% level. Regarding temperature variables, Tmax
trends (Figure 4-3a) were largely non-significant, suggesting general stability in maximum
temperatures across the historical record. However, stations AF_306771 and AF_296463 stand out,
showing significant increasing trends in Tmax, pointing to localized warming. Tmin trends (Figure 4-
3b) were more varied, with most stations displaying no significant changes. Nonetheless, a subset of
stations AF_296334, AF_296400, AF_296403, AF_ 294633, AF_306673, and AF_306708 revealed
statistically significant decreasing trends in minimum temperatures. These findings collectively
underscore the nuanced and heterogeneous response of climate variables across the region,

highlighting areas of significant climatic shifts amidst a backdrop of broader climatic stability.
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Figure 4-2: Results of the Mann-Kendall test for historical annual rainfall across 14 reanalyzed stations
in the RRB. Stations marked with “*” denote a statistically significant trend at the p = 0.05 significance

level
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and minimum temperature (Tmin) (b) across 14 reanalyzed stations in the RRB. Stations marked with
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denote a statistically significant trend at the p = 0.05

Furthermore, the analysis of the spatial distribution of mean annual rainfall and temperature across the
Ruzizi watershed for the period 1983-2014, incorporating both observed and simulated data (Figure
4-4), revealed congruent patterns across the datasets for mean annual precipitation, minimum
temperature (Tmin), and maximum temperature (Tmax). The rainfall analysis (Figures 4-4a and b)

illustrates that regions of the watershed characterized by elevated topography, specifically the upper,
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eastern, and western sections, receive a higher volume of rainfall, between 1337 and 1582mm,

compared to other areas. This pattern of precipitation distribution aligns consistently with both
observed and modeled results, underscoring the reliability of the simulation models in capturing the
watershed's hydroclimatic dynamics. Regarding temperature distribution, both the observed and
simulated data (Figure 4-4c and d for Tmax and 4-4e, f for Tmin) indicate a similar spatial pattern,
with temperatures ranging between 23°C to 31°C for Tmax and 12°C to 20°C for Tmin. Notably, the
watershed's lower and mid-lower regions experience higher temperatures, whereas the temperatures
are significantly cooler in the eastern and western sections, distinguished by their higher elevation.
This temperature gradient reflects the influence of elevation on the watershed's thermal regime, with
cooler conditions prevailing in the more elevated areas. These findings validate the simulation models'
accuracy and provide critical insights into the Ruzizi watershed's climatological characteristics,
offering a foundational understanding necessary for effective watershed management and climate

adaptation strategies.
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Figure 4-4: Spatial Analysis in RRB (1983 — 2014): Panels (a) & (b) show observed and ensemble
average rainfall, (c) & (d) detail Tmax, and (e) & (f) Tmin, presenting comprehensive climate data

comparison
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4.2.2. Historical Monthly Rainfall and Temperature Trends

An integrated overview of the climate trends across the Ruzizi Basin, synthesizing data from all
fourteen monitoring stations to present a comprehensive picture of average annual and monthly
climatic fluctuations across the Ruzizi Basin (Figure 4-5). The analysis of rainfall patterns reveals a
largely stable trend throughout the year, except for December, which shows a significant uptick in
precipitation. January and March stand out for their notable reductions, illustrating the variability in
rainfall distribution across the basin. Despite these monthly variations, the overarching annual trend in
rainfall does not signify a substantial shift, indicating a relatively constant precipitation regime on a
broader scale. Temperature trends across the basin exhibit a nuanced picture. Maximum temperatures
remain consistent across months without significant changes, reflecting a steady state in the basin's

thermal environment, as confirmed by the year-to-year analysis.

Conversely, minimum temperatures across the basin trend downward, with certain months marking
significant declines. This pattern is affirmed by a significant annual decrease in minimum
temperatures, indicating a gradual cooling trend within the basin. Drawing from an average across all
fourteen stations, these consolidated findings underscore the complexity of climate dynamics within
the Ruzizi Basin. The distinct patterns of precipitation and temperature change highlight the
importance of a nuanced approach to understanding and managing the climatic impacts within the
basin, considering the aggregated data's indication of both stability and significant shifts in certain

parameters.
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Figure 4-5: Bar graph illustrating the z-values from monthly and annual trend analyses of rainfall,
maximum temperature (Tmax), and minimum temperature (Tmin) over the baseline period of 1983 to

2020. With “*” indicating stations showing significant trends

The heatmaps combined with dendrograms provide a detailed visualization of the variation and
clustering of average monthly rainfall, maximum temperature (Tmax), and minimum temperature
(Tmin) across different periods for the RRB (Figure 4-6). These visualizations span from historical
data (1983 — 2020) to future projections under SSP2-4.5 and SSP5-8.5 scenarios, covering mid-term
(2040 — 2069) and long-term (2070 — 2100) futures. Focusing on the similarities and dissimilarities
within months across the periods, the heatmaps (Figure 4-6a) of historical rainfall variation (1983 —
2020) reveal a distinct seasonal pattern, with higher rainfall in certain months, reflecting the basin's
climatic rhythm. A clear clustering of months with similar rainfall amounts indicates a consistent
seasonal cycle. On the other hand, the future projection (Figures 4-6b, c, d, and e) under the SSPs
scenarios showed a noticeable shift in the distribution and intensity of rainfall. Mid-term and long-
term projections show alterations in the seasonal pattern, with some months displaying increased
rainfall while others show decreases. This suggests a shift in the seasonal rainfall pattern due to

changing climate conditions, with potential implications for water availability in the basin.

53



Institute for Water
and Energy Sciences
(incl. Climate Change)

2
U

Observed Rainfall (1983 - 2020)

- 117
I%
0
292
I 234

175

Rainfall SSP2-4.5 (2070 - 2100)

c)

I 58
0
292
234

117

I58
0

Figure 4-6: RRB Climate Analysis: Heatmaps with dendrograms show (a) historical rainfall (1983 —
2020) and future rainfall projections for (b) mid-term 2040— 2069 and (c) long-term 2070— 2100 under
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SSP2-4.5, and for (d) mid-term 2040 — 2069 and (e) long-term 2070 — 2100 under SSP5-8.5,
highlighting monthly and yearly climate variations and the impact of socio-economic scenarios on

temperature trends.

Regarding the temperatures, the heatmaps and dendrograms analyzing Tmax and Tmin across the RRB
reveal intricate patterns of temperature variation and clustering that underscore the basin's vulnerability
to climatic shifts. For Tmax (Figure 4-7), the baseline data (1983 — 2020) illustrates a consistent
seasonal warmth that gradually intensifies in future projections under both SSP2-4.5 and SSP5-8.5
scenarios, particularly in the mid and long-term futures. This warming trend, more pronounced under
the SSP5-8.5 scenario, highlights an anticipated increase in peak temperatures, suggesting significant
alterations in the basin's thermal regime. Transitioning smoothly to Tmin (Figure 4-8), the data portrays
a parallel trend of increasing minimum temperatures, especially during traditionally cooler months.
This shift towards milder winters, again more evident under the higher emission scenario of SSP5-8.5,
reflects a broader trend of temperature elevation. The synchrony in the warming patterns of both Tmax
and Tmin across all future scenarios emphasizes the expected rise in average temperatures and signals
a shift towards a warmer climate regime in the RRB. This dual analysis provides a cohesive picture of
the basin's future climatic conditions, marked by hotter summers and less cold winters and other
seasons, necessitating adaptive strategies to mitigate the impacts of these temperature shifts on the

region's ecological and socio-economic fabric.
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Figure 4-7: Tmax Analysis with Heatmaps and Dendrograms: (a) Baseline data (1983 — 2020), (b) &
(c) future projections under SSP2-4.5 for 2040-2069 and 2070-2100, and (d) & (e) under SSP5-8.5 for
the same periods, illustrating temporal shifts and the influence of socio-economic scenarios on

temperature trends
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Figure 4-8: Tmin Trends with Heatmaps and Dendrograms: (a) Baseline Tmin (1983 — 2014), (b) &
(c) future projections under SSP2-4.5 for 2040 — 2069 and 2070 — 2100, and (d) & (e) under SSP5-8.5
for the same periods, highlighting temporal changes and the impact of socio-economic scenarios on

temperature patterns
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4.2.3. Future Annual Rainfall and Temperature Spatial Distribution and Trends

In this study evaluating potential changes in rainfall, Tmax, and Tmin under the Shared Socioeconomic
Pathways scenarios SSP2-4.5 and SSP5-8.5 for 2040-2069 and 2070-2100, there were nuanced
variations in climate patterns. The mid-future (Figure 4-9a) analysis under SSP2-4.5 revealed a
marginal, statistically insignificant increase in annual mean rainfall across observed stations, whereas,
under SSP5-8.5 (Figure 4-9b), most stations showed no significant change, albeit with a slightly
decreasing trend, except for stations AF_306678 and AF_313085 which experienced slight increases.
For the far future, under SSP2-4.5 (Figure 4-10a), projections indicated stable rainfall patterns across
all stations with no significant variation, contrasting with the SSP5-8.5 scenario (Figure 4-10b), which
predicted minor but statistically significant increases in rainfall at all stations except AF_296334,
AF 296463, AF_306678, AF_306708, AF_306771, AF_313048, AF 313049, AF 313089, and
AF_313086, which are expected to see statistically significant increases. These findings underscore
the complex variability in future rainfall patterns, highlighting the importance of incorporating climate
scenario analyses into long-term planning and adaptation strategies, particularly for water resources

management and agriculture, and call for further research to refine these projections.
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Figure 4-9: Mann-Kendall Projections for Ruzizi Basin Rainfall (2040 — 2069): (a) Under SSP2-4.5

scenario and (b) SSP5-8.5 scenario, with “*” indicating stations showing significant trends at p = 0.05
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Figure 4-10: Mann-Kendall Rainfall Projections for Ruzizi Basin (2070 — 2100): (a) SSP2-4.5 and (b)

SSP5-8.5 scenarios, with “*”” marking stations with significant trends at p = 0.05

Furthermore, the assessment of the spatial distribution of projected mean annual rainfall within the
Ruzizi watershed, utilizing multi-model ensemble mean data under the SSP2-4.5 and SSP5-8.5
scenarios, discovered that the future distribution of mean annual rainfall is anticipated to closely mirror
the historical distribution pattern observed between 1983 and 2014. Despite the visual similarity in
spatial distribution patterns (as illustrated in Figures 3a, b, ¢, and d), future rainfall values are expected
to be lower than historical values, indicating a significant decrease in precipitation levels. The
watershed is projected to maintain higher precipitation rates on its northern and eastern sides, with
reduced rainfall towards the southern region. This uneven rainfall distribution is largely attributed to
the watershed's diverse topography, which plays a crucial role in influencing local climate patterns.
These findings suggest a critical need for adaptive strategies in water resource management and
agricultural practices within the Ruzizi watershed, considering the expected changes in rainfall

distribution and the implications for regional hydrology and land use.
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Figure 4-11: Future Precipitation in Ruzizi Basin: Spatial distribution of ensemble average annual
rainfall for (a) mid-future under SSP2-4.5, (b) mid-future under SSP5-8.5, (c) far-future under SSP2-
4.5, and (d) far-future under SSP5-8.5 scenarios

The analysis of the temperature projections within the Ruzizi watershed for the mid-century (2040 —
2069) and late-century (2070 — 2100) periods, utilizing a comprehensive multi-model ensemble under
the Shared Socioeconomic Pathways (SSP) scenarios SSP2-4.5 and SSP5-8.5, reveals a statistically
significant warming trend. This was determined at the 5% significance level, indicating a robust
increase in maximum (Tmax) and minimum (Tmin) temperature trends across all observational
stations, as depicted in Figures 4-12 and 13. Specifically, there was a marked upward trajectory in
temperature metrics under both SSP2-4.5 (a moderate mitigation scenario) and SSP5-8.5 (a high
greenhouse gas emissions scenario). This uptrend signifies a noticeable shift in average temperature
conditions and underscores the potential for increased temperature variability and extremes. Such
findings are critical for understanding the scope and scale of climate change impacts within the Ruzizi
watershed, offering a quantitative basis for adaptive management strategies in response to anticipated

climatic shifts.
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Figure 4-13: Mann-Kendall Tmin Projections in Ruzizi Basin: (a) & (b) for mid-term (2040 — 2069)
and (c) & (d) for far future under both SSP2-4.5 and SSP5-8.5 scenarios, with “*” indicating significant
trends at p = 0.05

The spatial distribution analysis of Tmax (maximum temperature) and Tmin (minimum temperature)
within the Ruzizi River basin, derived from the multi-model ensemble mean under the Shared
Socioeconomic Pathways scenarios SSP2-4.5 and SSP5-8.5, illustrates anticipated climatic shifts.
Figures 4-14 and 4-15 depict the future spatial distributions of mean annual Tmax and Tmin,
suggesting that these future distributions are expected to closely resemble the historical spatial
patterns, albeit with significant increases in temperature values. For the mid-term forecast period
(2040-2069), Tmax is projected to fluctuate between 24°C and 32°C, and Tmin between 15°C and
22°C. The projections for the far-term future period (2070-2100) indicate a further escalation in
temperatures, with Tmax ranging from 25°C to 34°C and Tmin from 17°C to 24°C. Additionally, the
analysis includes comparing the spatial distribution of rainfall and temperature for these future periods
against the baseline under both scenarios, which is depicted in Figure 4-16 for SSP2-4.5 and Figure
A-2 for SSP5-8.5. Under SSP2-4.5, the analysis revealed that the highest difference for Tmax could
reach 2.8°C, with the lowest at 1.96°C; Tmin's highest difference is expected to be 1.82°C, with the
lowest at 0.79°C; and the rainfall's highest difference could peak at 369.4mm, with the lowest at
154.9mm. Conversely, under the SSP5-8.5 scenario, the most significant difference for Tmax is
projected at 4.33°C, with the lowest at 1.7°C; for Tmin, the highest difference could be 2.77°C, with
the lowest at 1.04°C; and for rainfall, the highest difference is forecasted at 367.3mm, with the lowest
at 140.1mm.
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Figure 4-14: Future Tmax Distribution in Ruzizi Basin: Ensemble average annual Tmax for (a) mid-
future under SSP2-4.5, (b) mid-future under SSP5-8.5, (c) far-future under SSP2-4.5, and (d) far-future
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Figure 4-15: Future Tmin Distribution in Ruzizi Basin: Ensemble average annual Tmin for (a) mid-
future under SSP2-4.5, (b) mid-future under SSP5-8.5, (c) far-future under SSP2-4.5, and (d) far-future
under SSP5-8.5 scenarios
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Figure 4-16: Climate Projections Comparison via Maps: Analyzes SSP2-4.5 impacts on Tmax, Tmin,
and rainfall, contrasting historical averages (1983-2020) with future projections for mid-term (2040 —
2069) and far future (2070 — 2100). Maps a) & b) cover Tmax, ¢) & d) Tmin, and e) & f) rainfall

differences.

4.2.4. Future Monthly Rainfall and Temperature Trends

4.2.4.1. Monthly Rainfall Trend and Seasonal Variability

The Mann-Kendall trend analysis was applied to assess monthly average rainfall patterns in the Ruzizi
basin for the mid-future (2040 — 2069) and far future (2070 — 2100) periods under the SSP2-4.5 and
SSP5-8.5 scenarios, as illustrated in Figure 4-17. For the mid-future period under the SSP2-4.5
scenario, the analysis of monthly rainfall data revealed mixed trends, with most months exhibiting
slight increases or decreases (Figure 4-17). Notably, January, April, and October were exceptions,
displaying a significant increasing trend at the 5% significance level, indicating a statistically
significant rise in rainfall during these months. Conversely, for the far future period under SSP2-4.5,
the trend analysis did not identify any significant trends across the year, with some months showing a
minor decrease and others a slight increase in rainfall, suggesting a more stable but varied rainfall

pattern.

Under the more aggressive SSP5-8.5 scenario, the mid-term future period's analysis showed generally
insignificant trends in rainfall, with slight increases or decreases across all stations, indicating no

substantial change in rainfall patterns during this period. However, the far future period under SSP5-
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8.5 marked a departure from this pattern, with January as the only month exhibiting a significant
upward trend in rainfall, suggesting a notable increase in rainfall during this month at the 5%

significance level.

I sSP2-4.5 2040-2069
[ 1ssP2-4.5 2070-2100
[ ]SSP5-8.5 2040-2069
I ssP5-8.5 2070-2100

Average Monthly Rainfall M-K test
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Months

Figure 4-17: Mann-Kendall Test Results in Bar Chart: Shows monthly rainfall predictions under SSP2-
4.5 and SSP5-8.5 for future periods 2040 — 2069 and 2070 — 2100, illustrating outcomes across four

time frames.

The heatmaps and dendrograms illustrating average seasonal rainfall variation and dissimilarities in
monthly rainfall distribution within the RRB across historical (1983 — 2020) and projected periods
under the SSP2-4.5 and SSP5-8.5 scenarios reveal significant insights into hydrological and climatic
dynamics (Figure 4-18). The historical data serves as a baseline, showcasing established rainfall
patterns, with the dendrograms highlighting clustering based on similarity in rainfall distribution. This
period sets the groundwork for understanding how rainfall patterns have evolved and provides a point
of comparison for future projections. For the mid-term future (2040 — 2069), both SSP scenarios
suggest shifts in rainfall patterns compared to the historical record, with the SSP2-4.5 scenario showing
moderate changes and the SSP5-8.5 scenario indicating more pronounced shifts, likely due to its higher
emission trajectory. These projections suggest variations in the onset, duration, and intensity of rainy
seasons. The long-term future projections (2070 — 2100) accentuate these trends, with even more
significant shifts anticipated, particularly under the high-emission SSP5-8.5 scenario. This analysis
reveals a complex picture of how rainfall patterns in the RRB are expected to evolve under the
influence of climate change, indicating critical implications for water resource management,

agriculture, and ecosystem health.
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Figure 4-18: Seasonal Rainfall in Ruzizi Basin: Heatmaps and dendrograms show (a) historical
patterns (1983 — 2020), (b) & (c) mid and long-term projections under SSP2-4.5, and (d) & (e) under
SSP5-8.5, illustrating variations and trends.

66



Institute for Water
and Energy Sciences
(incl. Climate Change)

2
U

4.2.4.2. Standardized Precipitation Index (SP1)

The Standardized Precipitation Index (SPI) graph presents a comprehensive analysis of precipitation
variability across different time frames: historical observations and future projections under the SSP2-
4.5 and SSP5-8.5 scenarios for both mid-term (2040 — 2069) and long-term (2070 — 2100) periods
(Figure 4-19a, et b). By quantifying deviations from the median precipitation, this index offers insights
into drought and surplus conditions. The SPI values range from extreme drought (-2.0) to extreme
surplus (+2.0) ref, with the historical data serving as a baseline for comparison. The future projections
under both SSP scenarios reveal notable shifts in SPI values, indicating changes in precipitation
patterns. For instance, under the SSP2-4.5 scenario, both mid-term and long-term projections suggest
slight variations towards drier or wetter conditions compared to historical data. In contrast, the SSP5-
8.5 scenario projections hint at a more pronounced variability, especially in the long-term future,
suggesting potential intensification of drought or surplus events. This graphical representation
underscores the crucial implications of climate change on precipitation patterns, highlighting the
importance of incorporating SPI analysis into water resource management and planning strategies to

mitigate the impacts of extreme weather events.
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Figure 4-19: SPI Analysis for Ruzizi Basin: Compares historical and future precipitation under SSP2-
4.5 and SSP5-8.5 for mid-future (2040 — 2069) and long-term (2070 — 2100) with a bar graph (a) and
heatmap (b).

4.2.4.3. Monthly Maximum Temperature (Tmax) Trend and Seasonal Variability

The analysis of the mean maximum monthly temperature for both future periods (2040 — 2069 and
2070 — 2100) under the SSP2-4.5 and SSP5-8.5 emission scenarios revealed distinct trends (Figure 4-
20). Within the SSP2-4.5 scenario, an examination of monthly temperatures from 2040 — 2069

indicated an overall increasing trend, except for May, June, July, August, and November, which

67



40 | Institute For Water
and Energy Sciences

PAU (incl. Climate Change)

exhibited a statistically significant upward trend. For the period spanning 2070 — 2100, all stations
displayed insignificant variations throughout the year; however, a significant increasing trend was
observed in August, November, and December under the SSP2-4.5 scenario. Similarly, the SSP5-8.5
scenario showed significant upward trends in May, June, July, August, and November between 2040
— 2069 and from February to December between 2070 — 2100. The remaining months within these

periods exhibited a slightly increasing trend.

[__] SSP2-4.5 (2040-2069)
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I SSP5-8.5 (2040-2069)
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Average Maximum Temperature (Tmax) M-K Test

Figure 4-20: Mann-Kendall Tmax Analysis: Bar graph shows z-values for 2040 — 2069 and 2070 —
2100 under SSP2-4.5 and SSP5-8.5, with asterisks “*” marking significant months, indicating key

temperature trends

Moreover, the analysis incorporating seasonal heatmaps alongside dendrograms has uncovered pivotal
insights into the patterns of maximum and minimum temperature within the basin, as illustrated in
Figures 4-21 and A-4, respectively. This analysis juxtaposes the historical baseline data from 1983 to
2020 against the projected future patterns for 2040 — 2069 and 2070 — 2100 under the SSP2-4.5 and
SSP5-8.5 emission scenarios. The findings indicate a discernible shift in the maximum temperature
patterns under the SSP2-4.5 and SSP5-8.5 scenarios. Notably, the disparities previously observed in
the data across different seasons are diminishing, rendering the seasonal temperature patterns more
homogeneous. This trend suggests a significant alteration in the climatic rhythm of the basin,
potentially leading to more uniform seasonal temperatures as opposed to the distinct thermal

characteristics historically associated with each season.
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Figure 4-21: Seasonal Tmax and Rainfall Trends in Ruzizi Basin: Heatmaps and dendrograms show
(@) historical rainfall (1983 —2014), (b) & (c) mid and long-term Tmax under SSP2-4.5, and (d) & (e)
under SSP5-8.5, depicting temperature and rainfall variations

4.2.4.4. Monthly Minimum Temperature (Tmin) Trend and Seasonal Variability

The analysis of the mean minimum monthly temperature (Tmin) across future periods (2040 — 2069
and 2070 — 2100) under both SSP2-4.5 and SSP5-8.5 emission scenarios, as depicted in Figure 4-22,
indicates a pronounced upward trend in Tmin across all scenarios for both the mid-term and long-term
projections, except a few non-significant months (February, September, and October) during the mid-
term period under SSP2-4.5.
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Figure 4-22: Mann-Kendall Tmin Trends: Bar graph presents z-values for 2040 — 2069 and 2070 —
2100 under SSP2-4.5 and SSP5-8.5, with asterisks “*” identifying statistically significant months,

showcasing evolving climate patterns and temperature shifts

Additionally, examining seasonal heatmaps coupled with dendrograms, as detailed in Appendix 3,
offers profound insights into the evolving patterns of minimum temperature within the basin. This
comparison between historical baseline (1983 — 2020) data and future projections under the SSP2-4.5
and SSP5-8.5 scenarios reveals a noticeable shift in Tmin patterns, with previously observed seasonal
discrepancies diminishing, thereby leading to a convergence of seasonal temperatures. The color
coding of the heatmaps underscores that Tmin values across all seasons are warmer than the baseline,

signifying a significant shift in the overall seasonal minimum temperature patterns. This trend
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highlights general warming across the basin and suggests a narrowing of temperature variability

between seasons, indicating a potential impact on the basin's ecological and hydrological systems.

4.3. Hydrological Modeling Evaluation

The process of watershed delineation, utilizing DEM, in conjunction with streamflow analysis via the
SWAT model, has meticulously partitioned the study area into 30 sub-basins and 376 HRUs. This
granular segmentation has facilitated a detailed hydrological assessment across the entire basin, which
spans an area of 5253.9 square kilometers. Figure 4-23 visually represents this intricate hydrological

framework, showcasing the precise delineation and distribution of HRUs throughout the basin.
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Figure 4-23: Map showcasing the delineation of the watershed into distinct areas, covering a total of
5253.9 km2.

4.3.1. Model Sensitivity Analysis, Calibration and Validation

Sensitivity analysis within the SWAT (Soil and Water Assessment Tool) model framework is critical
to discern key parameters that significantly influence streamflow dynamics. According to Shigute et
al. (2022), this analysis employs the t-statistic, a quotient of the parameter coefficient and its standard

error, to evaluate the relative importance of each parameter, while the p-value quantifies the statistical
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significance of the parameter's sensitivity. For the period spanning 2009 to 2014, streamflow data were
meticulously analyzed during the calibration phase, followed by a validation phase from 2015 to 2017,
ensuring robust model tuning and accuracy. The model elucidated heightened sensitivity for five
paramount flow parameters in a comprehensive global sensitivity analysis of 22 distinct streamflow
parameters, namely V__ GW_DELAY.gw (Groundwater Delay), R__ SOL_AWC.sol (Soil Available
Water Content), V__GWQMN.gw (Minimum  Groundwater  Threshold for  Flow),
R__GW_REVAP.gw (Groundwater Revap Coefficient), and R__SURLAG.bsn (Surface Runoff Lag
Coefficient), as evidenced by their t-statistics and p-values (Table 4-1). This selection underscores
their pivotal role in streamflow modulation within the SWAT model's computational architecture. All
22 parameters were meticulously adjusted through iterative refinement within scientifically justifiable
bounds to enhance the model's fidelity. This iterative calibration aimed to achieve an optimal
congruence between observed and simulated streamflow outputs. Once the calibration was archived,
the fitted parameter values were recorded and returned to the SWAT model (Table 4-2). Following
this rigorous calibration process, a validation phase was conducted, leveraging the calibrated
parameters to affirm the model's predictive accuracy and reliability in simulating streamflow
dynamics, reinforcing the SWAT model's utility in hydrological studies and water resource

management.

Table 4-1: Statistical Analysis of SWAT CUP Parameters: Evaluating Model Sensitivity and
Reliability through t-Statistics and P-Values

Names Description t-Stat P-Value
GW_REVAPM.gw  Groundwater "Revap" coefficient 0.09778 0.922117
PLAPS.sub Plant Uptake Compensation Factor 0.146751 0.883348
ESCO.hru Soil Evaporation Compensation Factor 0.185151 0.85313
TLAPS.hru Temperature Lapse Rate -0.21343  0.831015
ALPHA BNK.te Baseflow Alpha Factor for Bank Storage 0.258974  0.796135
CH K2.rte Effect_ive Hydraulic Conductivity in Main Channel

- Alluvium -0.29543  0.767693
HRU_SLP.hru Average Slope Length -0.30149  0.763706
CANMX.hru Maximum Canopy Storage -0.40223  0.687532
ALPHA BF.gw Baseflow Alpha Factor 0.419657 0.674768
SOL_BD(.).sol Soil Bulk Density 0.449573  0.653027
GW_DELAY.gw Groundwater Delay 0.568829  0.569537
OV_N.hru Manning's "n" Value for Overland Flow -0.68209  0.495299
SURLAG.bsn Surface Runoff Lag Time -0.69955  0.484266
SLSUBBSN.hru Average Slope Length -1.04614  0.295623
CH_NZ2.rte Manning's "n" Value for Main Channel -1.17855 0.238719
SOL_Z(.).sol Depth of Soil Layer 1.329801 0.183734
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EPCO.hru Plant Water Uptake Compensation Factor 1.76827 0.07717
SOL_K(.).sol Saturated Hydraulic Conductivity) -2.77607  0.005554
SOL_AWC(.).sol Available Water Capacity of the Soil Layer 2.846332  0.004468
Threshold Depth of Water in the Shallow Aquifer

GWQMN.gw Required for Return Flow to Occur 12.87147  0.000000
GW_DELAY.gw Groundwater Delay 16.57679  0.000000
CN2.mat Initial SCS Runoff Curve Number for Moisture

Mg Condition Il -75.8484  0.000000

Table 4-2: Optimization Range of SWAT CUP Parameters: Fitted Values with Their Corresponding

Minimum and Maximum Limits

Parameter Name Fitted Value Minimum value  Maximum value
1:R__CN2.mgt -0.292112 -0.310548 -0.194108
2:V_ALPHA BF.gw 0.779536 0.730901 0.905637
3:V__ GW_DELAY.gw 632.548889 579.982666 699.90564
4:V__GWQMN.gw 481.585083 -477.424988 694.481384
5:R__GW_REVAP.gw 0.102285 0.099862 0.14676
6:R__REVAPMN.gw 294.703949 272.625244 341.263672
7:R_HRU_SLP.hru 0.245701 0.07527 0.276964
8:R__ESCO.hru -0.101843 -0.186689 -0.006803
9:R__SOL _BD(..).sol -0.287442 -0.401944 -0.144636
10:R__SOL_AWC(..).sol 0.122605 0.099734 0.25053
11:R__SOL_K(..).sol 0.028563 0.011993 0.206931
12:R__ CANMX.hru 39.425396 30.453415 40.746319
13:R__SLSUBBSN.hru 143.690048 116.272881 156.104126
14:R__CH_K2.rte -202.73793 -204.568237 -47.684967
15:R__OV_N.hru 0.776019 0.741375 1.303171
16:R__EPCO.hru 0.18273 -0.047338 0.405254
17:R_CH_N2.rte 0.247654 0.213698 0.364614
18:R__ SURLAG.bsn 6.605645 5.559568 12.308452
19:R__SOL_Z(..).sol 0.327154 0.198687 0.348357
20:R__ALPHA_BNK.rte 0.14656 -0.075781 0.339809
21:R__TLAPS.sub 14.977725 14.388834 22.240709
22:R_ PLAPS.sub 507.142609 -10.900849 651.841309

Within the SWAT model's parameterization framework, the methods for adjusting parameter values
are sophisticated yet intuitive, facilitating nuanced model tuning. The v_Replace operation allows for
the direct substitution of a parameter's existing value with a predefined value, enabling precise
adjustments tailored to specific modeling needs. Conversely, the r_Relative method dynamically scales
the parameter's value across each Hydrological Response Unit (HRU) by a uniform coefficient, thereby
preserving relative differences while adjusting the magnitude of parameter influence proportionally.
Additionally, the a_Add approach incrementally increases the parameter's current value by a
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designated amount, offering a method to adjust parameter values to refine model outputs further

incrementally.

4.3.2. Model Performance Evaluation

The comparison of observed monthly mean streamflows at the RRB outlet with the corresponding
simulated discharges, as illustrated in Figure 4-24, was pivotal for the calibration and validation phases
of the SWAT model. The model's performance was quantitatively assessed using statistical indices
alongside the P-factor and R-factor, derived from the calibration and validation results. The P-factor
quantifies the proportion of observed data enveloped by the 95% prediction uncertainty (95PPU),
signifying the reliability of the model predictions. Conversely, the R-factor, representing the relative
width of the 95PPU interval, is calculated as the ratio of the average width of the 95PPU to the observed
data's standard deviation, as outlined by Abbaspour et al. (2015). The calibration phase yielded P-
factor and R-factor values of 1 and 0.71, respectively, aligning with the acceptable standards set by
Abbaspour et al. (2015). The statistical analysis during both calibration and validation phases indicated
robust model performance, with calibration statistics of Rz = 0.76, NSE = 0.64, KGE = 0.74, and
PBIAS = 0.2%, and validation period statistics of NSE = 0.70, PBIAS = 0.1%, KGE = 0.63, and R? =
0.74. These findings underscore the SWAT model's efficacy in simulating streamflow within the RRB,

adhering to the established benchmarks for hydrological modeling accuracy.
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Figure 4-24: Temporal Evaluation of SWAT Model Calibration (2009-2014) and Validation (2015 —

2017) Phases: Analyzing Model Performance Over Two Distinct Timeframes.
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Similarly, building upon the robust streamflow calibration and validation results, the approach to
sediment analysis in this data-scarce region capitalized on the established moderate correlation (0.52)
between streamflow and sediment transport. This correlation not only underpinned the methodology
but also served as a foundational validation technique for the sediment transport model in the absence
of comprehensive sediment-specific data. By leveraging this well-documented hydrological principle,
where streamflow acts as a primary driver for sediment mobilization and deposition (Andualem et al.,
2023; Simon et al., 2006), the study effectively utilized streamflow data as a proxy for sediment
dynamics. This method aligns with established practices in hydrological sciences, offering a pragmatic
solution for inferring sediment transport patterns and contributing to the growing body of knowledge
on sediment dynamics under varied hydrological conditions. Although this approach does not replace
the need for direct sediment data, it provides a scientifically sound basis for initial sediment transport
analysis and highlights the urgent need for targeted data collection efforts to refine and validate the
understanding of sediment processes in this region. Through this methodology, the study aims to
contribute valuable insights into sediment management practices and climate adaptation strategies,

underscoring the importance of innovative validation techniques in data-limited scenarios.

4.4. Climate Change Impacts on the Water Budget

The SWAT model's simulations provide a foundational baseline and forward-looking annual and
monthly estimates of water balance components, which are crucial for understanding hydrological
dynamics within the watershed. Figure 4-25 elucidates the mean annual simulated water balance
components and the average monthly basin values derived from the baseline model execution spanning
1987-2020, correlating these components directly with precipitation levels. Consequently, the analysis
delineated an average annual precipitation of 1326.26 mm from 1987 to 2020 (Figure 4-25a). Of this,
26.827% (equivalent to 355.8 mm) was attributed to evapotranspiration (ET) losses within the
watershed. The groundwater return flow (GW_Q) constituted 69.158% (917.22 mm) of the annual
rainfall, juxtaposed with a minuscule surface runoff (SURQ) rate of 0.023% (0.31 mm), alongside a
3.64% (48.28) recharge to the deep aquifer, and 0.002% (0,02mm) to lateral flow.

Further scrutiny into the mean monthly distribution of the simulated water balance components for the
baseline period, as depicted in Figure 4-25b, unveils that the zenith of rainfall (183.8 mm) occurred in
March. Surface runoff (SURF_Q), despite its overall minor role across the annual spectrum, emerged
as a notable component of water loss monthly, overshadowed by the other water balance elements due
to the watershed's low curve number and elevated actual evapotranspiration rates, thereby relegating

surface runoff beneath the groundwater contributions from shallow aquifers. The analysis also noted
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arelatively stable water yield (WYLD) across the months, underscoring the nuanced interplay between

surface and subsurface hydrological processes.

a) Annual water budget (1983 - 2020) 200

B SURQ (mm)E LT (mm) [ |DA_RCHG (mm) b) _
. ET(mm) I ow_Q (mm)lM Rainfall (mm) 0

=
[o]

i I SURF Q (mm)
\ [ Water Yield (mm)
B ET (mm) I
160 ~ [ Rainfall (mm) |

140 A

120 - /
100 -
sod Ml Tl ] \'"
60

40 4

oL IR T Tl I [l T

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Time series
Figure 4-25: Comprehensive Overview of the Annual Water Budget and Monthly Distribution in the
Ruzizi Basin: Average Annual and Monthly Basin Values Spanning from 1983 to 2020

4.4.1. Impact of Climate Change on Monthly Water Budget

The primary water balance components within the watershed were evaluated under projected monthly
climate conditions, focusing on evapotranspiration (ET), lateral flow, and water yield, crucial
parameters predicted by the SWAT model for effective water management and planning in the study
area. The mean monthly rainfall (Figure 4-26a) was also examined, revealing a consistent decrease
across all months under both SSP2-4.5 and SSP5-8.5 scenarios compared to the baseline period (1983
— 2020). Furthermore, under both scenarios, water yield (Figure 4-26b) exhibited a nearly halved
decrease across all months in both mid and far-term futures. Actual evapotranspiration (Figure 4-26c¢)
demonstrated an increase from January to March and October to December, coupled with a decline
from April to September, in both future periods (2040 — 2069 and 2070 — 2099) under both SSP2-4.5
and SSP5-8.5 scenarios compared to the baseline. Moreover, the mean monthly lateral flow (Figure 4-
26d) showed a decrease in the future under both scenarios compared to the baseline. This decrease in
water yield within the Ruzizi watershed was attributed to the projected temperature increase and future

fluctuations, particularly during wet months.
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Figure 4-26: Monthly Hydrological Components under Future Climate Scenarios in the Ruzizi

Watershed: a) rainfall, b) water yield, ¢) actual evapotranspiration, and d) lateral flow for both mid and

far-term future periods

77



4 |Institute for Water
and Energy Sciences

PAU (incl. Climate Change)

4.4.2. Impact of Climate Change on Annual Water Budget

The SWAT model projections illuminate the anticipated alterations in water balance components due
to climate change impacts under the Representative Concentration Pathways SSP2-4.5 and SSP5-8.5
scenarios compared to historical baselines (Table 4-3). The analysis underscores a notable reduction
in mean annual precipitation from the baseline value of 1326.30 mm across all future periods,
specifically during the mid-century (2040 — 2069) and late-century (2070 —2100) under both scenarios.
Under the SSP2-4.5 scenario, the mean annual precipitation is projected to decrease by 37.35%
(equivalent to a reduction of 495.40 mm) between 2040 and 2069 and 36.29% (481.30 mm) between
2070 and 2100. Evapotranspiration (ET) is anticipated to exhibit a slight decrease of 1.24% (4.40 mm)
from 2040 to 2069, followed by a marginal increase of 0.28% (1 mm) towards the end of the century
(2070 — 2100). Water yield (WYLD) is expected to significantly decrease by 51.80% (475.31 mm) in
the mid-term and by 50.66% (464.85 mm) in the late-century period, relative to the historical records.
For the more severe SSP5-8.5 scenario, projections indicate a greater reduction in precipitation by
37.86% (502.2 mm) for the mid-century and 34.43% (456.7 mm) for the late-century.
Evapotranspiration is forecasted to decrease by 0.96% in the mid-century and increase by 1.04%
towards the end of the century. Similarly, compared to historical averages, water yield is projected to
decrease significantly by 52.10% in the mid-century and by 48.59% in the late century. These
projections elucidate a significant downward trend in rainfall, which critically affects the other water
balance components across both scenarios. Specifically, surface runoff is anticipated to decrease
markedly in future periods, illustrating a substantial divergence from historical patterns. This
quantification of climate change impacts on hydrological processes within the SWAT model
framework provides crucial insights for water resource management and adaptation strategies in

changing climatic conditions.

78



4 |Institute for Water
C | 4 and Energy Sciences
PAU (incl. Climate Change)

Table 4-3: SWAT Model Water Balance Analysis Under SSP2-4.5 & SSP5-8.5: Comparative table
details shifts in annual precipitation, evapotranspiration (ET), and water yield (WYLD) for mid (2040
—2069) and late (2070 — 2100) century versus baseline

Climate  Time Rainfall ET Percolation SUR_ Q GW_Q LAT_Q WYLD
scenarios frame (mm) (mm) (mm) (mm) (mm) (mm) (mm)
Baseline  1983- 1326,30 355.80  965.50 0.31 917.22  0.02 917.55
2020
SSP2-4.5 2040- 830.90 351.40  465.53 0 44223 0.01 442.24
2069
- -1.24%  -51.78 -100% -51.79 -50% -51.8%
37.35%
2070- 845.00 356.80 476.55 0 452.7 0.01 452.7
2100
- +0.28% -50.64% -100% -50.64% -50% -50.66
36.29%
SSP5-8.5 2040- 824.1 352.4 462.24 0 439.5 0,01 439.51
2069
- -0.96 -52.11% -100% -52.08 -50% -52.10
37.86%
2070- 869.6 359.5 496.52 0 47168 0.01 471.69
2100
- +1.04 -48.57 -100% -48.58 -50% -48.59
34.43%

It is important to clarify that SUR_Q refers to surface runoff, GW_Q denotes the groundwater
contribution to streamflow, LAT_Q represents lateral flow, and WYLD signifies water yield. These

terms are critical for understanding the hydrological processes modeled in the study.

The analysis of spatial distribution for mean annual evapotranspiration (ET) and water yield across the
Ruzizi watershed was meticulously conducted for the baseline period (1987 —2020) and projected into
future periods (2040 — 2069 and 2070 — 2100) under both SSP2-4.5 (Figure 4-27 and 28) and SSP5-
8.5 (Figure A-3 and 4) climate scenarios, utilizing the SWAT hydrological model. Under the SSP2-
4.5 scenario, the investigation unveiled a distinct spatial variation in mean annual ET and water yield
patterns between the baseline and future periods. The baseline distribution showed a high ET around
the west and the northwestern part of the Ruzizi basin, ranging from 349 to 425mm, whereas the
projected future scenarios suggested minimal deviations to the north relative to baseline figures.
Consequently, the distribution between the mid-term (2040 — 2069) and far-term (2070 — 2100) future
periods displayed remarkable consistency for WYLD. According to the results depicted in Figure 4-
28 and Figure A-4, the eastern sector of the watershed experienced a higher water yield (WYLD)
during the baseline period, a trend that is anticipated to shift towards the northeastern quadrant under

future scenarios.
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Furthermore, a significant reduction in water yield in future scenarios when compared to baseline data

was observed, indicating a pronounced impact of climate change on hydrological dynamics within the
watershed. A comparative analysis, encapsulated in a difference map (Figure 4-29), was executed to
elucidate the disparities in water yield between SSP2-4.5 and SSP5-8.5 scenarios for both mid and far-
term future periods throughout the Ruziz watershed. This analysis highlighted a pronounced
discrepancy in water yield on the northern flank of the basin, with the mid-term period exhibiting a
more significant deviation than the far-term, suggesting temporal variations in hydrological responses
to climate change scenarios. This comprehensive analysis underscores the critical need for adaptive
water resource management strategies in the Ruzizi watershed in light of evolving hydrological

patterns influenced by projected climate scenarios.

Actual Evapotranspiration (mm)

Results

Swat_baseline_Scenario SSP2_2040-2069 ETmm Annual means s5p2_2070-2100 ETmm Annual means
[1315-334 [ 1302-319 [1305-322

[1334-349 [1319-336 []322-338

[]349-363 []336-360 []338-371

[ 363 - 386 [ 360 - 407 [ 371 - 3%

I 386 - 415 B 407 - 438 I 396 - 446

Figure 4-27: SWAT Actual ET Analysis: Depicts baseline (1987 — 2020) and future actual ET for mid
(2040 — 2069) and far-term (2070 — 2100) under SSP2-4.5, showing changing ET patterns, climate

impacts on water availability, and ecosystem dynamics in the watershed.
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Results Results

Swat_baseline_Scenario SSP2_2040-2069 WYLDmm Annual means ssp2_2070-2100 WYLDmm Annual means
[ 1473 - 484 [1317-329 [1337-348
[1484-676 [1329-347 [ 348 - 365
[71676 - 994 [1347-3711 [ 365-388
[0 994 - 1104 [0 371 - 689 [ 388 - 685
I 1104 - 1253 I 689 - 726 I 685 - 723

Figure 4-28: SWAT Water Yield Analysis in Ruzizi Watershed: Tri-panel figure maps water yield for
baseline (1987 — 2020) and projects changes for mid (2040 — 2069) and far-term (2070 — 2100) under

SSP2-4.5, illustrating shifts in hydrological patterns and climate impact on water resources.

Water Yield

Results
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[ ]25.0-26.1 []0.87-0.87
[]26.1-27.8 []087-1.14
[]27.8-36.8 []1.14-1.29
[ 36.8-38.5 [ 1.29 - 2.66
I 38.5-39.6 I 2.66 - 3.04

Figure 4-29: Water Yield Difference Map: Showcases contrasts in Ruzizi watershed's water yield for
mid (2040 — 2069) and far-term (2070 — 2100) between SSP2-4.5 and SSP5-8.5, illustrating variance

in hydrological impacts under different climate scenarios

4.4.3. Impact of Climate Change on Streamflow
The comprehensive analysis of streamflow trends over various temporal scales encompassing
historical simulation (1983 — 2020), mid-future (2040-2069), and far-future (2070 — 2100) periods
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under the Shared Socioeconomic Pathways (SSPs) SSP2-4.5 and SSP5-8.5 scenarios, reveals critical
insights into hydrological responses to climate change. The methodological approach, employing the
Mann-Kendall trend test, enabled the identification of temporal changes in streamflow patterns, both
monthly and annually. The results, encapsulated in Table 4-4, delineate streamflow dynamics under
evolving climate conditions, offering a granular view of anticipated hydrological variability. During
the historical period (1983 — 2020), the analysis indicated a non-significant decreasing trend in monthly
streamflow, persisting across all months and on an annual scale. This trend underscores relative
hydrological stability within the historical context, albeit with a slight decline, suggesting minimal
alterations in water availability and potentially reflecting the resilience or inertia of the hydrological

system to short-term climatic fluctuations.

In contrast, under the SSP2-4.5 scenario, a notable shift towards significant increasing trends in
streamflow is observed for the mid-future (2040 — 2069) across all months. However, the far-future
period (2070 — 2100) exhibits a nuanced pattern, with significant increasing trends in January and
April, while other months show non-significant increases. Under the more severe SSP5-8.5 scenario,
the mid-future period (2040 — 2069) reflects a non-significant upward trend in streamflow, indicating
an uncertain but generally increasing hydrological response. This trend evolves into a significant
ascending trend across all months in the far-future period, highlighting a stronger hydrological reaction
to intensified climatic changes. The year-to-year trend analyses further supplement these findings, with
non-significant trends in the near term gradually transitioning to significant trends in the far term,

underscoring the progressive nature of hydrological changes in response to climate change.

Table 4-4: Trends in Monthly and Annual Streamflow under Historical (1983 — 2020), Mid-Future
(2040 — 2069), and Far-Future (2070 — 2100) Periods Analyzed Using Mann-Kendall Test for SSP2-

4.5 and SSP5-8.5 Scenarios, where “*” indicates significant increase or decrease trends

Months | Baseline MK Z-value SSP2-4.5 MK Z-value SSP5-8.5
Time frame 1987 - 2020 2040 - 2069 2070 - 2100 2040 - 2069 2070 - 2100

—

Jan -1.08 4.54* 2.03* 1.38 4.90*
Feb -1.59 3.75* 1.18 1.40 4.92*
Mar -1.78 3.55* 1.18 1.30 4.75%
Apr -1.35 4.14* 1.97* 1.30 4.75*
May -1.16 3.92* 1.56 0.42 4.28*
Jun -1.05 3.95* 1.52 0.77 4.30*
Jul -0.99 3.97* 1.75 0.91 4.71*
Aug -0.93 3.95* 1.65 1.17 4.71%*
Sep -1.22 3.79* 1.63 0.63 4.63*
Oct -1.10 3.92* 1.60 0.63 4.35*
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Nov -1.19 3.86* 1.75 0.00 4.32*
Dec -0.52 3.90* 1.37 0.73 4.60*
Annual -1.19 4.23* 1.82 1.01 4.86*

Figure 4-30 and Figure A-1 illustrates the mean monthly discharge rates observed historically (1983 —
2020) and projected for mid-future (2040 — 2069) and far-future (2070 — 2100) periods under the
Shared Socioeconomic Pathways (SSP) 2-4.5 and SSP5-8.5 climate scenarios respectively. The
historical analysis indicates a peak discharge in February and a nadir in August, a pattern consistent
across all projected future scenarios. This consistency suggests an absence of alterations in peak
discharge timings within the RRB, implying stable seasonal discharge cycles despite anticipated
climate changes. Notably, the analysis reveals a pronounced reduction in mean monthly discharge rates
throughout the year in future projections compared to the historical baseline. Specifically, historical
discharge in the river's lower reaches varied between 176.5 to 233.7 cubic meters per second (m3/s),
whereas future scenarios predict a marked decrease, with projected discharges ranging from 133.4 m3/s
to 151.5 m?¥/s under the SSP2-4.5 scenario and 123.7 m3/s to 154.2 m3/s under the SSP5-8.5 scenario.

Furthermore, an analysis of mean annual flow rates (Figure 4-31) for both future periods under each
scenario revealed a decrease compared to the historical maximum mean annual discharge recorded in
2008 (213.96 m?3s). This anticipated reduction in streamflow could significantly impact the
hydrological regime of the RRB, with potential implications for water resource management,
ecosystem services, and climate resilience strategies. These findings underscore the necessity for
adaptive management approaches to mitigate the adverse effects of climate change on river discharge

patterns and to ensure sustainable water resource utilization within the basin.

Stream Flow

Results Results Results

Swat_baseline_Scenario SSP2_2040-2069 FLOW_QOUTcms Monthly means ssp2_2070-2100 FLOW_OUTcms Monthly means
12-8.0 0.6-3.4 0.6-3.4
8.0-234 34-14.2 3.4-141
23.4-96.5 14.2 - 91.9 14.1-91.8

=—96.5-176.5 = 91,9 - 133.4 = 91.8 - 133.6

= 176.5-233.7 — 133.4 - 150.3 = 133.6- 151.5
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Figure 4-30: Maps illustrating the flow distribution across the watershed reaches, comparing historical
simulations (1983 — 2020) with projections for the mid-future (2040 — 2069) and far-future (2070 —
2100) periods under the SSP2-4.5 scenarios. These visualizations highlight temporal shifts in

hydrological patterns, reflecting anticipated changes in streamflow distribution due to climatic impacts
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Figure 4-31: Streamflow Comparison Bar Graphs: Four panels compare historical simulated flow
(1983 — 2020) with mid (2040 — 2069) and far-future (2070 — 2100) projections at basin outlet under
SSP2-4.5 and SSP5-8.5. The upper panels, a b, show monthly, and lower panels, ¢ & d, show annual

flows, illustrating seasonal and long-term water availability changes.

4.4.4. Impact of Climate Change on Runoff

The analysis of Surface Runoff across the RRB, conducted through meticulous Man-Kendall trend
analysis (Figure 4-32), revealed predominantly non-significant monthly trends. Notably, marginal
declines were observed in February, March, September, and November, while a slight upward trend
was characterized in the other months. This nuanced monthly behavior is complemented by an overall
annual trend, which, though marginally increasing, was statistically insignificant according to the
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Mann-Kendall test. The examination of monthly Surface Runoff dynamics (Figure 4-33) within the

historical dataset highlighted notable peaks in May and December, contrasting sharply with the
minimal runoff, almost negligible observed in July, August, and September. This pattern suggests a
variable annual response to Surface Runoff, with some years showing negligible reaction, indicating

complex interactions within the watershed.

Future projections under SSP2-4.5 and SSP5-8.5 scenarios, as detailed in Table 4-3 and Figure 4-34,
forecast a stark reduction in Surface Runoff, converging towards zero. This prediction underscores the
potential impacts of climate change on hydrological processes within the RRB, hinting at significant

alterations in water availability and ecosystem dynamics under changing climatic conditions.

2.0

Average Surface Runoff M-K test

-1.0

T T T T T T T T T T T T T
C Qo E a > c = [=)) o t; > (S <
S ¢ =< 23> 3§ o0 2 48 2

Timeseries g

Figure 4-32: Mann-Kendall SUR_Q Trends: Bar graph presents z-values for historical simulation
(1983 — 2020), with asterisks “*” identifying statistically significant months, showcasing evolving

climate patterns and temperature shifts.
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Figure 4-33: Monthly “a” and Annual “b” Surface Runoff Dynamics for the baseline period (1983 —
2020).

Surface Runoff (mm)

2

27 4
2
24 12 24
l}_/" 11
2 02
9 J:‘IQD«’ o
Results vl t Results &+

Sed SUR A | SSP2_2040-2069 SURQmm Annual means SSP5_2040-2069 SURQmm Annual means
Qmm Annual means ~—0-0 [ J0-0

[ 10.000-0.031
[10.031-0.081
[ 10.081-0.164
[ 0.164 - 0.590
I 0.590 - 0.876

Figure 4-34: Three-Panel Comparative Visualization: Assessing Runoff at the Basin Level Across
Historical Data and Future Scenarios SSP2-4.5 & SSP5-8.5 within the RRB.

4.4.5. Impact of Climate Change on Sediments

The detailed investigation of sediment transport patterns across historical (1983 — 2020), mid-future
(2040 — 2069), and far-future (2070 — 2100) timelines within the framework of Shared Socioeconomic
Pathways (SSP) SSP2-4.5 and SSP5-8.5 scenarios unveils pivotal insights into sediment dynamics
influenced by climatic transitions. Utilizing the Mann-Kendall trend analysis, this study meticulously
identified shifts in sediment flux on both monthly and annual scales, as summarized in Table 4-5. This
analysis provides a nuanced understanding of sediment behaviour under progressive climate scenarios,
projecting the hydrological system's response to changing environmental conditions. During the
baseline period (1983 — 2020), a generally stable but slightly declining trend in sediment load was
observed, with February showing a significant decrease and May a minor increase, suggesting a
nuanced hydrological equilibrium amidst fluctuating climatic conditions. This period's trends hint at
the system'’s resilience or inherent stability against short-term climate variability.

Conversely, projections under SSP2-4.5 for the mid-future indicate a marked shift towards increasing
sediment loads across all months, signaling heightened hydrological activity. The far-future period
under the same scenario presents a complex pattern of significant increases in several months (January,
February, April, May, July, August, and November), with the rest showing subtle increments, pointing

towards escalated hydrological variability. The annual sediment load trends also mirror this significant
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escalation. Under the more extreme SSP5-8.5 scenario, the mid-future projections suggest a generally
increasing but variably significant trend in sediment load, with January displaying a notable surge.
This trend intensifies across all months in the far future, reflecting a pronounced hydrological
sensitivity to severe climatic alterations. The progression from non-significant to significant annual
trends over time illuminates the gradual intensification of hydrological responses to ongoing climate
change, emphasizing the critical need for adaptive water and sediment management strategies to

mitigate the implications of such shifts on ecosystems, water quality, and sedimentation processes.

Table 4-5: Comparative Analysis of Mann-Kendall Test Results Sediments: Monthly and Annual
Trend Z-Values for Baseline and Scenarios SSP2-4.5 & SSP5-8.5

Months | Baseline MK Z-value SSP2-4.5 MK Z-value SSP5-8.5
Time frame 1987 - 2020 2040 - 2069 2070 - 2100 2040 - 2069 2070 - 2100

—

Jan -0.76 4.43* 2.61* 2.31* 4.63*
Feb -2.25* 3.48* 2.76* 1.44 4.69*
Mar -1.84 3.42* 1.28 1.86 4.62*
Apr -0.89 3.92* 2.34* 1.44 4.73*
May 0.10 3.62* 1.97* 0.91 4.17*
Jun -0.59 3.99* 1.78 1.05 4.43*
Jul -1.56 3.95* 2.23* 1.42 4.77*
Aug -1.29 3.84* 2.10* 1.72 4.77*
Sep -1.48 3.92* 1.75 0.87 4.66*
Oct -1.16 3.90* 1.76 1.25 4.11*
Nov -1.41 3.86* 2.05* 0.53 4.28*
Dec -0.56 3.88* 1.13 1.21 4.11*
Annual -0.77 4.41* 2.34* 1.42 4.75*

here “*” indicates significant increase or decrease trends.

Similarly, the analysis of monthly and annual average sediment load, Figures 4-35 and 4-36
respectively, revealed significant insights regarding sediment dynamics across the basin, contrasting
the sediment load of the baseline period with the projected load for future periods under SSP2 and
SSP5 scenarios. The monthly analysis showed noticeable fluctuations during the baseline period (1983
— 2020) with a peak in May. In contrast, the monthly future projections under both SSP2 and SSP5
scenarios indicated a stable and lower sediment load, almost half of the baseline load, for both mid and
far future scenarios. Additionally, the annual sediment load for the mid and far future under both SSP2
and SSP5 scenarios showed a slight difference in the magnitude of the sediment load at the outlet.
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Figure 4-35: Monthly Sediment Dynamics Bar Graphs: Compare sediment loads at watershed outlet
under SSP2-4.5 and SSP5-8.5 for mid (2040 — 2069) “a” and far-future (2070 — 2100) “b”
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Figure 4-36: Annual Sediment Dynamics Bar Graphs: Compare sediment loads at watershed outlet
under SSP2-4.5 and SSP5-8.5 for mid (2040 — 2069) “a” and far-future (2070 — 2100) “b”

Figure 4-37 vividly depict the dynamics of mean annual sediment yield (SYLD) across the sub-basins
of the RRB, spanning historical baseline (1983 —2020), mid-future (2040 — 2069), and far-future (2070
— 2100) periods under the SSP2-4.5 scenario. The historical data underscores a pronounced sediment
and runoff production on the eastern flank of the Ruzizi watershed, highlighting its vulnerability to
erosive processes. Conversely, future projections under SSP2-4.5 and SSP5-8.5 scenarios signal a stark
decline in sediment loads and runoff, with values plummeting to levels so low that they are scarcely
represented on the corresponding maps (Figure 4-32). This reduction starkly underscores the
anticipated hydrological shifts due to climate change, manifesting in significantly reduced water
movement and sediment transport. Moreover, Figure 3 delves into sediment load dynamics at the
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basin's outlet, juxtaposing the baseline period with mid- and far-future projections under the SSP2-4.5
and SSP5-8.5 scenarios. Intriguingly, the analysis reveals a constant sediment discharge across all
future scenarios every month. The sediment load during the baseline period nearly doubled that of the
future projections, underscoring a significant downturn. Such a trend can be attributed to the marked
decrease in surface runoff, highlighting the interdependent relationship between runoff generation and
sediment transport capacity. This comprehensive analysis sheds light on the changing sedimentation
patterns within the Ruzizi Basin and raises critical concerns over the implications of diminished runoff

and sediment yield on the basin's ecological health, water quality, and sediment deposition processes.

Sediment Yield
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Figure 4-37: Three-Panel Comparative Visualization: Assessing Sediment at the Basin Level Across
Historical Data and Future Scenarios SSP2-4.5 & SSP5-8.5 within the RRB.

4.5. Management Strategy

Climate change presents a multifaceted challenge influenced by the intensity of climate change itself,
the inherent characteristics of the region, and human activities. Its impacts extend across various
aspects of human life and natural systems, necessitating comprehensive adaptation and coping
strategies. Scientific evidence highlights the imperative for an integrated approach, spanning the
natural ecosystem, socio-economic systems, and their interconnections. Research by Acosta et al.
(2020) underscores the importance of integrated approaches in addressing climate change impacts,
emphasizing the need for synergy between ecological and social dimensions. Moreover, studies by
Vallury et al. (2022) and Hellin et al. (2018) emphasize the critical role of adaptive governance
frameworks that integrate ecological knowledge, social dynamics, and institutional structures to

enhance resilience to climate change. At the grassroots level, watershed-based approaches emerge as
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effective mechanisms for integration, leveraging the interconnectedness of natural processes and
human activities within specific geographical units (Lee, 2022). These approaches integrate water
resource management, forest and land conservation, awareness, education initiatives, and institutional

development, fostering resilience and sustainability within local ecosystems and communities.

4.5.1. Water Resource Management: Adaptive and Sustainable Practices

Implementing sustainable water resource management practices is paramount for maintaining the
health and resilience of the watershed, especially in light of findings indicating declines in
precipitation, lateral flow, surface runoff, and water yield. This involves promoting water conservation
measures, such as reducing water wastage through efficient irrigation techniques, promoting water-
saving technologies in agriculture and industry (Nalluri et al., 2024), and enhancing water storage
capacity to provide buffers against fluctuating water availability. Investments in rainwater harvesting
systems and the expansion of reservoir capacities are critical. Dynamic water allocation models that
reflect decreasing trends in water availability ensure equitable and sustainable distribution.
Additionally, measures to protect water quality, such as riparian buffer zones, vegetated swales, and
wetland restoration, reduce sedimentation, nutrient runoff, and pollution, and safeguard aquatic
ecosystems. Utilizing advanced hydrological modeling tools, like SWAT, can provide insights into

future changes, guiding decision-making for sustainable water allocation and management strategies.

4.5.2. Forest and Land Conservation: Strategic Prioritization and Restoration

Protecting and restoring forest and land resources within the watershed becomes increasingly critical
in mitigating soil erosion, reducing sedimentation, and maintaining water quality in the face of
declining water yields and increasing erosion. Efforts should focus on reforestation, afforestation, and
sustainable logging practices to conserve and restore forested areas, employing native plant species
known for water-retaining capabilities and erosion control. Strategic placement of vegetation barriers
and restoration of degraded lands contribute significantly to sediment capture, preserving water
quality, and enhancing groundwater recharge. Remote sensing and GIS technologies aid in monitoring
land cover changes and identifying priority areas for conservation and restoration efforts, ensuring that
conservation initiatives are precisely targeted and effectively managed (Kittur et al., 2023; Oztiirk et
al., 2023).

4.5.3. Awareness and Education: Fostering Adaptive Community Engagement
Increasing awareness and education among stakeholders and the general public about the importance
of watershed management and the impacts of human activities on water resources is crucial for

fostering community engagement and participation (Allahverdiyev, 2022). Developing outreach
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programs, educational campaigns, and training workshops raise awareness about water conservation,
land stewardship, and sustainable resource management practices (Mandugay et al., 2022). Engaging
local communities, schools, NGOs, and government agencies in hands-on activities, such as tree
planting, stream cleanups, and habitat restoration projects, fosters a sense of stewardship and
ownership over watershed resources (Bezerra et al., 2023). Tailored educational materials
incorporating the latest research findings enhance public understanding and engagement, empowering

stakeholders to take informed actions to protect and enhance watershed health (Quinn et al., 2023).

4.5.4. Institutional Development: Enhancing Adaptive Governance

Strengthening institutional capacity and governance structures at the local, regional, and national levels
is crucial for effective watershed management in an era of changing climate dynamics. This involves
establishing collaborative partnerships, multi-stakeholder platforms, and watershed management
committees to facilitate coordination and cooperation among diverse stakeholders (Darwis et al., 2020;
Opiyo et al., 2022). Continuously updating watershed management plans and policies to reflect the
latest scientific findings and climate projections ensures that management strategies remain effective
and relevant. Developing and implementing adaptive management plans, policies, and regulations
provides a framework for guiding decision-making processes and promoting sustainable practices.
Investing in capacity building, training programs, and technical support for government agencies, local
authorities, and community-based organizations enhances their ability to effectively plan, implement,
and monitor watershed management initiatives. Fostering transparent and participatory decision-
making processes, with input from all stakeholders, builds trust, consensus, and support for watershed
management efforts, ensuring a robust and adaptive response to the challenges posed by climate

change on water balance components and sediment budgets.

4.6. Discussion

The trend analysis of historical climate data in the Ruzizi Basin, complemented by the correlation
assessment between observed historical and downscaled data, sheds light on the intricate climatic
interplays within the region. Studies by Woyessa (2022) and Samuel et al. (2023) have underscored
the criticality of employing multi-model ensembles for accurate climate projection and trend analysis.
A methodology echoed in our findings reveals significant correlations between historical observations
and downscaled projections, particularly in rainfall patterns and temperature variations. The spatial
distribution of these climatic variables, such as rainfall and temperatures, as outlined in our analysis,
mirrors the observations made by Lehner et al. (2023) and Secor et al. (2023), who highlighted the
pronounced impact of elevation on precipitation and temperature gradients, suggesting a nuanced
climatic modulation within varied topographical contexts. This correlation underscores the pivotal role
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of topography in climate dynamics, a factor consistently evident across the observed and simulated
data sets in our study. Furthermore, the integration of downscaling techniques has significantly
enhanced the granularity and accuracy of our spatial distribution analysis, allowing for a more detailed
understanding of local climatic nuances (Alsafadi et al., 2023).

The annual and monthly historical trend analysis of the Ruzizi Basin, employing the Mann-Kendall
trend test, provides a nuanced view of climatic changes over the period 1983—-2020. This test, a non-
parametric method used for detecting trends in climatic time series data, indicated general stability in
annual rainfall patterns across most of the 14 reanalyzed stations within the basin, with a few stations
showing statistically significant decreasing trends in rainfall, underscoring the localized variability and
the importance of region-specific analyses in understanding climate dynamics. Notably, the analysis
revealed no significant trends in maximum temperatures (Tmax) across the historical record,
suggesting general stability in Tmax. In contrast, minimum temperatures (Tmin) exhibited statistically
significant decreasing trends at several stations, highlighting a subtle yet discernible cooling pattern in
Tmin across the basin. These findings align with recent studies that have explored the complex
responses of regional climates to global changes. (Alashan 2023; Gentilucci et al., 2023; Lornezhad et
al., 2023). Moreover, the monthly trend analysis further illuminated the intricate seasonal climatic
behaviors, with specific months showing significant variations in precipitation and Tmin, suggesting
a shifting climatic rhythm within the Ruzizi Basin that could have profound implications for water
resource management, agricultural planning, and biodiversity conservation in the region. These
outcomes resonate with the findings of Verma and Ghosh (2019), who highlighted the critical role of
detailed monthly and annual trend analyses in adapting to and mitigating the effects of climate

variability.

As elucidated through comprehensive trend analyses, the projected climatic shifts in the Ruzizi Basin
paint a complex picture of future climate dynamics. Applying the Mann-Kendall trend test to future
climate data suggests an unequivocal trend toward increased temperatures. This warming is more
pronounced under the high-emission SSP5-8.5 scenario, where the future projections indicate an
elevation in average annual temperatures and significant upticks in maximum and minimum
temperatures across various temporal scales. Such temperature rises are expected to have far-reaching
effects on the basin's hydrological cycle, ecosystems, and agricultural productivity, prompting a
reevaluation of current management and conservation strategies to buffer these impacts (Ouali et al.,
2023).
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Further compounding the challenge are the anticipated changes in precipitation patterns, which signal
a shift toward greater variability according to Standardized Precipitation Index (SPI) analyses. This
variability manifests as intensified dry spells and heavier precipitation events, reflecting a broader
trend of increasing climatic extremes (Tilahun et al., 2023). The SPI, a critical tool for drought and
surplus monitoring, underscores the growing unpredictability of water availability, with significant
implications for water resource management, agricultural planning, and disaster preparedness in the
region (Vijayan and Mujumdar, 2023). Moreover, the detailed monthly and seasonal trend projections
underscore the need for targeted adaptation strategies. Specific months show heightened vulnerability
to temperature increases and precipitation variability, demanding nuanced, time-specific responses to
mitigate adverse outcomes (Sharma et al., 2023). The seasonal analysis, highlighting shifts in climatic
patterns, further emphasizes the necessity for flexible agricultural practices and water usage policies
to adapt to changing climatic conditions.

The SWAT model's performance in simulating the RRB's hydrological dynamics was rigorously
assessed using a comprehensive suite of metrics. The calibration and validation statistics, including R?
(Coefficient of Determination), NSE (Nash-Sutcliffe Efficiency), KGE (Kling-Gupta Efficiency), and
PBIAS (Percent Bias) were 0.76, 0.64, 0.74, and 0.2% respectively for calibration and 0.74, 0.70, 0.63,
and 0.1% for validation, indicated a high degree of model accuracy and reliability in capturing the
historical hydrological conditions of the basin. Such detailed model evaluation is consistent with
methodologies advocated by Moriasi et al. (2007), who emphasize the importance of these metrics in
determining the credibility of hydrological models for climate impact assessments. This rigorous
model calibration and validation process ensures that the SWAT model's projections for the RRB are
both scientifically robust and reliable for analyzing future climate scenarios (; Negewo et al., 2021,
Shigute et al., 2022).

The projected climate change scenarios under SSP2-4.5 and SSP5-8.5 reveal significant impacts on
the water balance components of the RRB, comparing the baseline period with future periods (Heyi et
al., 2022; Rahvareh et al., 2023). Notably, there is an anticipated decrease in mean annual precipitation,
leading to substantial reductions in surface runoff, evapotranspiration, and water yield. Such changes
signal a shift towards drier conditions, potentially exacerbating water scarcity challenges. This aligns
with the findings of Chen et al. (2023), who discuss the implications of reduced precipitation and
altered runoff patterns on global water resources, emphasizing the need for adaptive water
management strategies to counteract these changes. The decreased runoff is particularly significant, as

it directly influences water availability for the basin's agricultural, domestic, and ecological needs.
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The analysis further highlights a pronounced reduction in mean monthly stream flow under future
climate scenarios, indicating a significant alteration in the basin's hydrological regime. Such reductions
in stream flow have critical implications for the ecological health of the river system, water quality,
and the provision of ecosystem services. These findings are echoed in the work of Milly et al. (2005),
who note that climate change-induced alterations in hydrological patterns, including stream flow
reductions, pose challenges to water resource management and conservation efforts, necessitating
innovative approaches to sustain water availability and ecosystem health (Milly et al., 2005).
Interestingly, the study observes a basin-wide decrease in soil erosion due to the significant reduction
in runoff. This is a positive outcome, as lower soil erosion rates can lead to improved water quality,
reduced sedimentation in water bodies, and enhanced soil health, contributing to better agricultural
productivity and ecosystem resilience. The relationship between runoff and soil erosion and the
potential benefits of reduced erosion are discussed in the literature (Gémez et al., 2009; Xiong et al.,
2018) highlight the importance of managing runoff to mitigate soil erosion and its adverse

environmental impacts.

A multidimensional approach to managing the RRB in the face of climate change, emphasizing the
synergy between advanced hydrological models like SWAT for precise impact assessments (Janji¢ et
al., 2023; Rahvareh et al., 2023; Qi et al., 2022) and the pivotal role of forest and land conservation
through native species reforestation to mitigate soil erosion and enhance biodiversity. The significance
of community engagement in water conservation is underscored by recent studies (Mello et al., 2021;
Perkins, 2011), advocating for educational programs and participatory governance as essential
components for sustainable watershed management. Moreover, developing adaptive governance
frameworks is crucial for addressing the complex challenges of climate change, with research
advocating for collaborative, multi-stakeholder strategies that ensure resilient, equitable water
management practices (Scott et al., 2021). This comprehensive, integrative approach, grounded in
recent scientific evidence, affirms the need for a cohesive strategy that combines technological,
ecological, and social initiatives to enhance the resilience and sustainability of the RRB's water

resources and ecosystems in response to climate variability.
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5. CONCLUSION AND RECOMMENDATION

5.1. Conclusion

Analyzing the impact of climate change on the water cycle's various elements is essential for managing
water resources. Consequently, this study investigated the consequences of climate change on the
hydrology of the Ruzizi watershed for the periods 2040 — 2069 and 2070 — 2100 under the Shared
Socioeconomic Pathways (SSP) scenarios SSP2-4.5 and SSP5-8.5, utilizing the SWAT. To assess
future climate impacts on hydrological responses and the sediment budget, the study employed
ensemble averages from three General Circulation Models (GCMs), following an evaluation of these
models' performance. The investigation included analysis of historical (1983 — 2020) trends and
homogeneity testing for annual rainfall and maximum and minimum temperatures in the Ruzizi
watershed, as well as the future data from 2040 to 2100, under both SSP2-4.5 and SSP5-8.5 scenarios.
Following trend analysis, the SWAT model was accurately calibrated and validated for 2009 — 2014
and 2015 — 2017, respectively. Downscaled and bias-adjusted climate data using distribution mapping
techniques, including rainfall, minimum, and maximum temperatures, were input into the validated
SWAT model to evaluate climate change's impacts on water balance components and sediments budget

in the Ruzizi watershed.

The comprehensive analysis and discussion of results conclude with insights into climate change's
effects on hydrological patterns, water balance components, and sediment transport in the RRB. This
highlights the urgent need for an integrated management approach. The multi-ensemble means climate
model demonstrated strong performance in the Ruzizi basin, with the spatial distribution of annual
mean rainfall and temperatures showing consistency and good alignment between historical and
simulated historical data. Future trend analyses identified a notable increase in mean annual rainfall at
all Ruzizi basin stations under the SSP2-4.5 scenario (2040 — 2069) and most under the SSP5-8.5
scenario (2070 —2100). Furthermore, significant rising trends in mean annual temperatures (maximum
and minimum) were observed for mid and long-term future periods under SSP2-4.5 and SSP5-8.5
scenarios. These findings revealed substantial shifts in precipitation patterns and temperature regimes
that starkly contrast historical data, underscoring the imminent challenges to water availability and

ecosystem sustainability.

Projected climate scenarios, notably under SSP2-4.5 and SSP5-8.5, forecast considerable changes,
including a decrease in precipitation by up to 35% and an increase in temperatures by as much as 2°C
for the far future (2070 — 2100). These projections herald significant challenges for the basin,
particularly regarding water yield, expected to decrease by over 50%, and sediment loads, likely to

decrease due to intensified decreases in runoff events. Such changes necessitate the development of
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adaptive water resource management strategies, such as the implementation of water-saving
technologies and strategic water storage expansions and the prioritization of forest and land
conservation efforts. Through reforestation and afforestation using native species, these conservation
efforts aim to mitigate soil erosion, which is expected to be reduced by up to 30%, and enhance

groundwater recharge, thereby preserving the basin's ecological integrity and water quality.

The conclusion also highlights the indispensable role of integrated management strategies in
addressing the complex impacts of climate change. It emphasizes the importance of water resource
management, advocating for measures beyond mere conservation to enhance the basin's adaptive
capacity to water availability fluctuations. In parallel, the critical need for forest and land conservation
efforts is underscored, advocating for strategies that focus on reducing soil erosion and leveraging
these actions to bolster ecosystem services and biodiversity. The strategic use of vegetation barriers
and the restoration of degraded lands are vital components in sustaining the basin's environmental

health and resilience.

Furthermore, the importance of fostering community engagement and developing adaptive governance
frameworks is underscored. These efforts stress the necessity for collaborative partnerships and multi-
stakeholder platforms, aiming to enhance the resilience and sustainability of the RRB. By establishing
participatory decision-making processes and continuously adapting management plans to reflect
evolving scientific understandings, these strategies offer a blueprint for effective natural resource
stewardship. This integrated, science-based approach to watershed management and conservation is
essential for navigating the challenges of climate change, ensuring the sustainable management of the
basin's water resources, and preserving its hydrological and ecological systems for future generations.

5.2. Recommendation
Given the comprehensive analysis of the RRB's vulnerabilities and challenges in the face of climate
change, several recommendations emerge for local authorities, the scientific community, and other

stakeholders engaged in the basin's management and research.

The foremost recommendation for local authorities is implementing an integrated water resource
management (IWRM) framework that aligns with sustainability, equity, and adaptability principles.
Authorities should prioritize establishing robust monitoring systems, utilizing advanced hydrological
models like SWAT to anticipate and plan for water resource variability and climate change impacts.
Investing in infrastructure that supports water conservation, such as rainwater harvesting systems,
efficient irrigation technologies, and expanded reservoir capacities, is critical. Additionally, policies

that encourage land use practices conducive to water retention and soil conservation, including
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reforestation and afforestation with native species, should be developed and enforced. Collaborative
governance structures facilitating stakeholder engagement across sectors must ensure that management

strategies are comprehensive, inclusive, and grounded in local needs and knowledge.

For the scientific community and other stakeholders interested in conducting further research in the
RRB, it is vital to focus on interdisciplinary studies that bridge hydrology, climate science, ecology,
and social sciences. Research should aim to refine climate projection models within the basin,
enhancing their spatial and temporal resolution to provide more detailed insights into future scenarios.
Investigating the socio-economic impacts of climate change on local communities and ecosystems can
inform more targeted adaptation and mitigation strategies. There is also a significant opportunity for
developing and testing innovative water conservation technologies and soil conservation techniques
tailored to the basin's specific conditions. Engaging local communities in research processes enriches
scientific inquiry and builds local capacity for climate resilience. Establishing partnerships with
international research institutions and leveraging citizen science initiatives can broaden the scope and

impact of research activities, fostering a collaborative approach to addressing the basin's challenges.

Through these recommendations, local authorities, the scientific community, and other stakeholders
can work synergistically to enhance the resilience of the RRB to the multifaceted challenges posed by
climate change. By fostering integrated management approaches, advancing scientific research, and
promoting stakeholder collaboration, it is possible to safeguard the basin's water resources,

ecosystems, and the livelihoods of those who depend on them for generations.
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7. APPENDICES
Table A- 1: SWAT model parameters

Parameter name Initial Range Parameter name Initial Range
Min Max Min Max
r__CN2.mgt -0.2 0.2 r__ CANMX.hru 0 100
v__ALPHA_BF.gw 0 1 r__SLSUBBSN.hru 10 150
v__ GW_DELAY.gw 30 500 r__ CH_K2.rte 0.01 500
v__GWQMN.gw 0 5000 r__OV_N.hru 0.01 1
r__GW_REVAP.gw 0.02 0.2 r__EPCO.hru 0 1
r__ REVAPMN.gw 0 500 r_CH_NZ2.rte 0.01 0.3
r__HRU_SLP.hru 0 1 r__SURLAG.bsn 0.05 24
r_ESCO.hru 0 1 r__SOL_Z.sol -04 04
r__SOL_BD.sol -0.5 0.6 r _ALPHA BNK.rte 0 1
r__SOL_AWC.sol -0.2 0.4 r__TLAPS.sub -10 10
r__SOL_K.sol -0.3 0.3 r__PLAPS.sub -1000 1000
Stream Flow

Results Results

SSP5_2040-2069 FLOW_OUTcms Monthly means SSP5_2070-2100 FLOW_OUTcms Monthly means
06-3.2 0.7-3.6
3.2-13.0 3.6-14.7
13.0 - 85.6 14.7 - 92.1

— 85.6-123.7 —92.1-135.5

— 123.7 - 139.5 = 135.5 - 154.2

Figure A- 1. Maps illustrating the flow distribution across the watershed reaches for the mid-future
(2040-2069) and far-future (2070-2100) periods under the SSP5-8.5 scenarios.
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Figure A- 2. This map series analyses climate projections under SSP5-8.5, comparing Tmax, Tmin,

and precipitation changes. It pairs maps to contrast historical averages (1983-2014) with mid-term

(2040-2069) and far future (2070-2100) projections, covering changes in Tmax (maps a and b), Tmin

(maps c and d), and rainfall (maps e and f).
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Figure A- 3. Annual future evapotranspiration under SSP5-8.5 for 2040 to 2100
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Figure A- 4. Annual future water yield under SSP5-8.5 from 2040 to 2100
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