


Bahir Dar University

College of Science
Department of Physics

CLIMATIC EXTREMES UNDER CLIMATE CHANGE

SCENARIO
OVER ETHIOPIAN RIVER CATCHMENTS

By

Mulugeta Aregay Gebremariam

A Dissertation Submitted in Partial Ful Ilment of the
Requirements for the Degree of
Doctor of Philosophy (Ph.D)
in Atmospheric Physics

Thursday 15t January, 2026
Bahir Dar, Ethiopia



Bahir Dar University

College of Science
Department of Physics

Climatic Extremes Under Climate Change Scenario
Over Ethiopian River Catchments

By

Mulugeta Aregay Gebremariam

Principal Supervisor: Dr. U. Jay Prakash Raju
Associate Professor of Atmospheric Physics
Department of Physics
Bahir Dar University
Bahir Dar, Ethiopia

Thursday 15" January, 2026
Bahir Dar, Ethiopia

Copyright by Mulugeta Aregay Gebremariam, 2026









Dedication

To my beloved wife, Tizita Sebsibe, whose unwavering love, steadfast support, and bound-

less patience were my greatest strength throughout this long journey.

To our beautiful children: Gelila, Noah, Yemar, Yam, and Yohanna. You have sacri-
ced countless hours of my time and attention with incredible understanding and grace.

This achievement is as much yours as it is mine.

To my dearest mother, Abrehatsion WoldEyesus Sahile, whose love, prayers, and en-

during sacri ces laid the foundation for all that | am and all that I strive to be.

May this work inspire you all to always pursue your dreams with dedication and
courage.

With all my love,
Mulugeta Aregay GebreMariam



Abstract

This doctoral research presents a comprehensive analysis of hydroclimatic extremes across
Ethiopia’s eight major river basins, addressing critical gaps in understanding compound
climate risks in tropical highland regions. The study employs an innovative tripartite
framework integrating ground-based observations from 17 WMO-certi ed meteorological
stations and 28 hydrological gauging stations, high-resolution satellite data from TerraCli-
mate (4 km resolution), and ECMWF ERAJS reanalysis data (0.25 resolution) spanning
the period 1986-2023. Through the application of advanced statistical methodologies
including standardized drought indices (SPI, SPEI, SSI), Mann-Kendall trend analysis,
Sen’s slope estimator, and adapted crossing theory for heatwave characterization, the

research reveals profound transformations in Ethiopia’s climate system.

The investigation demonstrates a statistically signi cant intensi cation of meteorolog-
ical, agricultural, and hydrological droughts across all basins, with frequency increases of
40-60% since the 1980s. The Abay, Awash, and Wabi Shebelle basins emerge as particular
hotspots, showing the most pronounced drying trends. Large-scale climate teleconnec-
tions, particularly ENSO and Indian Ocean Dipole phases, explain 68-85% of interannual
drought variability, with basin-speci ¢ sensitivity patterns re ecting Ethiopia’s complex
physiographic diversity.

Flood analysis reveals increasing frequency and magnitude of extreme precipitation
events, with ood magnitude increasing by 25-40% since the 1980s. The research doc-
uments accelerating drought-to- ood transitions, with soil moisture memory e ects re-
ducing transition times by 2.3 days per decade, fundamentally challenging conventional

water management approaches that treat these phenomena discretely.

Thermal extremes analysis identi es unprecedented warming trends, with heatwave
frequency increasing by 150% since the 1990s. The research reveals an "elevation para-

dox™ whereby Ethiopian highlands are warming faster than lowlands, contradicting global

iv



ABSTRACT

patterns and climate model projections. This anomalous warming is driven by reduced
cloud cover ( albedo = -0.11), expanding foehn winds, and decreasing atmospheric hu-
midity at higher elevations.

Climate projections using statistical downscaling of CMIP6 models under SSP scenar-
ios indicate substantial intensi cation of all climate extremes through 2050, with meteo-
rological and hydrological droughts projected to increase by 50-200%, ood magnitudes
by 30-60%, and heatwave duration by 3-5 days per decade. The research particularly
highlights growing risks of compound events, including concurrent drought-heatwave con-
ditions and rapid transitions between hydrological extremes.

Theoretical contributions include the development of an integrated framework for an-
alyzing compound climate extremes, the identi cation of elevation-dependent climate re-
sponses that challenge conventional climate theory, and documentation of non-stationarity
in teleconnection relationships. Methodological advances feature the novel adaptation of
crossing theory for tropical highland heatwave analysis and implementation of a hybrid
statistical downscaling approach optimized for compound extreme projection.

Practical applications include speci ¢ recommendations for updating reservoir oper-
ation rules, adjusting agricultural calendars, implementing heat health warning systems,
and revising infrastructure design standards. The basin-speci ¢ characterization of cli-
mate risks provides a scienti ¢ foundation for targeted adaptation strategies, with the
research already informing improved early warning systems in the Awash Basin pilot
project achieving 92% accuracy in drought onset detection.

This research provides the most comprehensive assessment to date of hydroclimatic
extremes in Ethiopia’s river basins, o ering both scienti c insights for climate resilience
planning and methodological frameworks for similar assessments in other tropical high-
land regions. The ndings underscore the urgent need for transformative adaptation
approaches that address the interconnected nature of climate risks in one of the world’s

most vulnerable regions.
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Chapter 1

Background of the Study

1.1 General Introduction

Climatic extremes refer to weather events that rank in the highest or lowest percentiles of
historical observations, typically exceeding threshold values that distinguish them from
normal variability (NOAA, 2024). The Intergovernmental Panel on Climate Change
(IPCC) de nes extreme weather events as those "rare at a particular place and time of
year," often quanti ed as rarer than the 10th or 90th percentile of observed probability
distributions (IPCC, [2022). These events include heatwaves, droughts, oods, extreme
precipitation, tropical cyclones, and compound events where multiple extremes occur si-

multaneously or sequentially.

Drought represents a complex hydroclimatic phenomenon characterized by prolonged
precipitation de ciency that cascades through ecological and socioeconomic systems.
Globally, droughts a ect approximately 55 million people annually with economic losses
exceeding 6{8 billion USD (Keyantash and Dracup, |2002; IPCC| 2022). In East Africa,
where rain-fed agriculture sustains 95% of livelihoods (Nicholson, [2017), these events trig-
ger catastrophic impacts as demonstrated during the 2010{2011 Horn of African drought.
This event caused 60{100% crop failure, mass livestock mortality, and pushed 13 million
people into acute food insecurity (Funk et al., 2018; Ayana et al., 2021). Ethiopia ex-
empli es this vulnerability with droughts a ecting 1.5 million people annually since 1980
and contributing to 85% of all natural disaster impacts nationally (GoE, 2019). The
2015{2016 EI Niro-induced drought alone in icted 1.4 billion USD in agricultural losses
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CHAPTER 1. BACKGROUND OF THE STUDY

while exposing 10 million Ethiopians to humanitarian crises (USAID, [2016; Haile et al.,

2023).

Drought manifests through interconnected typologies:
Meteorological (precipitation de cits) precedes agricultural (soil moisture deple-
tion), which escalates to hydrological (reduced stream ow and groundwater), cul-

minating in socioeconomic impacts (Van Loon et al., 2016).

Quanti cation requires specialized indices:

The Standardized Precipitation Index (SPI) measures precipitation anomalies (Mc-
Kee et al., 1993), while the Standardized Precipitation Evapotranspiration Index
(SPEI) integrates temperature-driven evapotranspiration (Vicente-Serrano et al.,
2010c). For agricultural systems, the Soil Moisture Index (SMI) (Bergman et al.,
1988) and for hydrological systems, the Standardized Stream ow Index (SSI) (Vicente-

Serrano et al., 2012) provide critical diagnostics.

Ethiopian-speci c studies demonstrate SPI’s e cacy in capturing the spatial extent
of the 2015 drought (SP1 < 2:0) but reveal signi cant discrepancies:
Satellite-derived rainfall (CHIRPS) shows overestimation errors exceeding 30% in
highland regions compared to ground observations (Bayissa et al., [2018a), while
Tsegaye et al.| (2020) validated SPEI’s superiority in capturing agricultural drought
impacts in the Awash Basin using MODIS NDVI correlations (r? = 0:78).

Recent research demonstrates how heatwaves amplify drought severity through land-
atmosphere feedback mechanisms. Concurrent temperature anomalies (+2{3 C above
climatic norms) reduce soil moisture by 90% within 8 weeks (Haile et al., 2023) while sup-
pressing convective rainfall by 15{25% through diminished Convective Available Potential
Energy (CAPE) (Taylor et al., 2012). Miralles et al.| (2019a) quanti ed this coupling glob-
ally, demonstrating that heatwaves coinciding with soil moisture de cits enhance vapor
pressure de cit (VPD), accelerating moisture loss exponentially. In Ethiopia, such com-
pound events have increased the frequency of ash droughts || epitomized by the 2022
Ethiopia-Somalia event that developed three times faster than conventional models pre-
dicted (Christian et al., | 2023). The Heatwave Magnitude Index (HWMId) (Russo et al.,
2015) has proven e ective in quantifying these synergies, with |Gebrechorkos et al.| (2021)
reporting HWMId values exceeding 8.0 (extreme heat) during 80% of major Ethiopian
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droughts since 2000. Floods, though less frequent (occurring 2{3 times annually), demon-
strate intensifying patterns under climate change. The 2006 Belg oods resulted from
175% above-normal rainfall (quanti ed using ECMWF’s Rgs, index), displacing 300,000
people (Korecha and Barnston, |2007). TerraClimate data reveals ood-prone areas ex-
panded by 22% since 2000, with drought-to- ood transitions accelerating by 2.3 days per
decade due to soil moisture memory e ects (IPCC, 2021). |Abebe et al. (2020a) docu-
mented increased ood frequencies in the Baro Akobo basin using the Flood Magnitude
Index (FMI), linking them to Indian Ocean Dipole anomalies. These rapid transitions
create compound risks that existing monitoring systems fail to capture, as evidenced
by the 2020 Omo River ash ood that followed a 6-month drought, causing 400 mil-
lion in infrastructure damage (MoWE, [2021). Climate change projections necessitate
advanced downscaling techniques. The Statistical Downscaling Model (SDSM) bridges
global climate models (GCMs) with local hydroclimatic responses, enabling basin-speci ¢
risk assessment. Alamgir et al.| (2019) applied SDSM to project 200% increased drought
frequency in Bangladesh by 2050 under RCP8.5, while [Tramblay et al. (2020) demon-
strated its predictive skill for Mediterranean ood regimes. In Ethiopia, despite CMIP6
projections indicating 50{200% more drought events by 2100 under SSP3-7.0 (IPCC,
2023a), SDSM applications remain scarce. [Endris et al. (2019b) successfully downscaled
CMIPS5 rainfall for the Tekeze basin using SDSM (NSE = 0:89), while Tadege et al. (2021)
projected 40% reduced stream ow in the Rift Valley lakes by 2070 using RegCM4-SDSM
coupling. However, no studies have applied SDSM for compound heatwave-drought pro-
jections across Ethiopia’s major basins, nor reconciled TerraClimate soil moisture with

ERAS5-Land atmospheric drivers for drought- ood transitions (Hersbach et al., [2020b).

1.2 Statement of the Problem

Ethiopia’s agrarian economy and the livelihoods of its vast population are inextricably
linked to the rhythms of its climate, making the nation profoundly vulnerable to a triad
of interconnected climatic extremes: drought, oods, and heatwaves. While the devastat-
ing socioeconomic impacts of drought and oods are well-documented, heatwaves have
more recently emerged as a silent and intensifying threat, particularly in tropical regions

where compound e ects of humidity and limited adaptive capacity amplify societal im-
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pacts (Perkins and Alexander, [2013; [Mora et al., [2017). Historical analysis, combining
ground observations from synoptic stations with high-resolution reanalysis data, reveals
an alarming intensi cation trend across all three hazards, threatening water security, food

systems, and public health.

The primacy of drought as a catastrophic hazard is unequivocal. As detailed in
Ethiopia’s National Adaptation Plan (NAP-ETH), drought accounts for a staggering
85% of all impacts from natural disasters, a ecting an average of 1.5 million people
annually since 1980 (Government of Ethiopia, 2019a). The historical trajectory is grim;
the 1983{1984 famine, triggered by a drought event where the Palmer Drought Severity
Index (PDSI) plunged below -4.0, resulted in an estimated 300,000 fatalities (Devereux,
2000). More recently, the 2015{2016 drought exhibited soil moisture de cits that were
40% more severe in ECMWEF ERADS reanalysis data than in station records (Haile et al.,
2023), highlighting a critical monitoring gap. This problem is exacerbated by signi cant
discrepancies between data sources, with comparisons between satellite (CHIRPS) and
ground rainfall data revealing errors exceeding 30% in the highlands (Bayissa et al.,

2018a), creating substantial uncertainty for early warning and water resource planning.

Conversely, oods exhibit higher frequency (2{3 events/year) and bring a di erent
kind of devastation, destroying infrastructure and displacing communities with little
warning. The ECMWF ERAS reanalysis has been instrumental in diagnosing these
events, revealing that the severe 2006 ood resulted from Belg season rains that were
175% above normal (Korecha and Barnston, 2007). Furthermore, analysis indicates that

ood-prone areas in Ethiopia have expanded by approximately 22% since the year 2000
(Taye et al., 2021b), suggesting a growing number of communities and assets are now

exposed to this recurring risk.

However, the most critically understudied dimension of Ethiopia’s climate vulnera-
bility is the increasing threat of heatwaves. Extensive research has quanti ed heatwave
trends in temperate zones (Russo et al., 2014; Perkins-Kirkpatrick and Gibson, 2017), yet
tropical highlands like Ethiopia remain a glaring research vacuum despite their unique
climatology and high vulnerability (Byers et al., |2020; Dosio et al., |2018). This ne-
glect is perilous. Heatwaves are not merely periods of discomfort; they are periods of
profound physiological stress that can trigger catastrophic crop failure during sensitive

phases like te  owering (Tack et al., 2017a), exacerbate urban mortality rates (Matthews),
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2017), and compromise critical infrastructure (MoT), [2024). The complex topography of

Ethiopia’s eight major river basins, spanning elevations from 50 m to over 4,500 m, creates

a mosaic of microclimates where heatwave manifestations vary dramatically over short

distances (Simane et al., 2016), defying analysis by coarse global models and simplistic
xed-threshold approaches.

Therefore, the core problem this dissertation addresses is the critical triple gap in
understanding the intensi cation, interaction, and impacts of droughts, oods, and heat-
waves at the basin scale. This gap is fueled by three interconnected issues: rst, an
intensi cation of all three hydroclimatic extremes that is not yet fully quanti ed at the
necessary spatial and temporal scales; second, persistent and signi cant uncertainties
arising from discrepancies between ground-based, satellite, and reanalysis data, which
hamper e ective monitoring and early warning for all hazards; and third, a profound
lack of integrated, high-resolution analysis that can reconcile these datasets to provide a
coherent and physically consistent picture of past and future risks for droughts, oods,
and ] most critically J the under-researched threat of heatwaves. The socioeconomic con-
sequences of this problem are severe, perpetuating a cycle of crisis response instead of
enabling proactive, targeted adaptation. This study seeks to confront this problem di-
rectly by leveraging a multi-data, multi-hazard approach to re ne our understanding
of historical extremes and to generate detailed, basin-level projections that can inform

Ethiopia’s essential transition from climate vulnerability to climate resilience.

1.3 Research Gaps and Analytical Contributions

Despite advances, critical knowledge de cits persist in Ethiopian climatic extremes re-

search, which this thesis aims to address:

Compound extremes modeling remains underdeveloped despite observed drought-
heatwave- ood cascades (e.g., 2022 ash drought developing 3 faster than models
predicted) (Christian et al., 2023);

Spatiotemporal resolution often lacks hyper-scale (<5km) integration of land-atmosphere

feedbacks across Ethiopia’s sharp elevation gradients (Coppola et al., 2021);

Data fragmentation creates inconsistent extreme indices due to uncoordinated mon-
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itoring networks and access issues (Funk et al., 2019).

This research is designed to bridge these gaps through several key contributions: It
will develop a uni ed multi-basin framework for analyzing compound extremes (drought,

ood, heatwaves) across all eight major Ethiopian catchments. A signi cant advancement
will be the fully integrated use of high-resolution ground observations, remote sensing data
(e.g., TerraClimate), and reanalysis products (ECMWEF) to create a consistent, long-
term dataset. Furthermore, the project will implement a robust statistical downscaling
approach to produce high-resolution climate projections speci cally tailored for basin-
scale extreme event analysis under future scenarios.

Theoretical implications of this work will advance the understanding of heatwave-
drought coupling mechanisms through the analysis of vapor pressure de cit (VPD) and
energy dynamics (Taylor et al., |2012).

Practical applications include providing optimized information for reservoir operations
(e.g., at Koka Dam) and supporting the development of drought-resistant crop scheduling

using improved, downscaled seasonal forecasts (Tadesse et al., 2016).

1.4 Objectives of the Study

1.4.1 General Objective

The general objective of this research is to derive the climatic extremes using the Sta-
tistical Downscaling Model (SDSM) and to assess the occurrence of droughts, heatwaves
and oods over Ethiopia under the climate change scenario across di erent climatic river

basins of Ethiopian catchments.

1.4.2 Speci c Objectives

1. To characterize the spatial and temporal patterns of drought across Ethiopia through

the integration of ground-based and remote sensing data.

2. To analyze ood patterns in Ethiopia (1986{2023) using an integrated approach

combining ground observations, TerraClimate, and ECMWF reanalysis data.
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3. To quantify warming trends in basin-scale heatwaves across Ethiopia through an

observational analysis using crossing theory.

4. To analyze historical and projected climate trends across Ethiopian river basins

(1986{2050) using a statistical downscaling and spatial analysis approach.

1.5 Signi cance of the Study

This study’s tripartite data integration framework establishes a new paradigm for climate
extremes assessment in Ethiopia by synergizing multiple data sources and methodologies,
addressing critical gaps in previous research while providing innovative solutions for cli-

mate monitoring and adaptation planning. The integrated approach combines:

Ground-based observations from 17 WMO-certi ed synoptic stations, provid-
ing point-speci ¢ validation with sub-daily temporal resolution essential for ash
drought detection (Christian et al., 2023). These stations o er high-quality data
that adhere to international standards, enabling precise calibration of satellite and

reanalysis products.

TerraClimate’s 4-km resolution aridity indices (1958{present), o ering continu-
ous spatial coverage that e ectively resolves Ethiopia’s complex topography (Abat-
zoglou et al., 2018). This high-resolution dataset captures microclimatic variations

across elevation gradients that are typically missed by coarser global datasets.

ECMWF ERAS reanalysis (0.25 resolution) supplying comprehensive atmo-
spheric drivers (e.g., vapor pressure de cit, geopotential heights) unavailable from
surface stations (Hersbach et al., |2020b). These data provide crucial contextual
information about large-scale atmospheric processes in uencing Ethiopian climate

variability.

The methodological innovation represents a signi cant advancement through the de-

velopment of a weighted data fusion algorithm that:

1. Calibrates TerraClimate’s PDSI against ground soil moisture measurements, achiev-

ing remarkable improvement in accuracy (RMSE reduced from 0.8 to 0.3 through
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station-speci ¢ bias correction). This calibration process e ectively addresses sys-
tematic biases in satellite-based products, particularly in topographically complex

regions.

2. Disaggregates ECMWEF’s atmospheric variables using elevation gradients from Ethiopia’s
30m Digital Elevation Model, enabling high-resolution representation of climate
variables across diverse topographic settings. This approach captures orographic
e ects on precipitation and temperature patterns that are crucial for accurate hy-

drological modeling.

3. Validates outputs through triple collocation analysis (Sto elen, |1998), achieving

exceptional performance metrics:

92% accuracy in drought onset detection (substantially improved from 78% us-
ing single datasets), as demonstrated in the Awash Basin pilot project (Marta
et al., 2020)

40% improvement in ood peak timing prediction, enabling more e ective

water resource management and disaster preparedness

This integrated approach successfully overcomes three key limitations that have ham-

pered previous studies:

Ground-only analyses that lack su cient spatial coverage (only 0.03 stations/100,km?)
to capture regional climate variability, particularly in remote and topographically

complex areas (Marta et al., 2020)

Satellite-only products that miss critical subsurface processes (e.g., groundwater in-
teractions, soil moisture dynamics) essential for comprehensive drought assessment

(Bayissa et al., |2018a)

Reanalysis data that exhibit consistent wet biases (up to 20% in Kiremt rains) due
to inadequate representation of local topographic e ects and convective processes
(Endris et al., 2019b)

The practical implementation and validation of this framework have led to its o cial

endorsement by the Ministry of Water and Energy for multiple applications:
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Real-time drought monitoring implemented in the 2023 Awash Basin pilot project,
providing early warning for agricultural planning and water resource management
(Marta et al., 2020)

Reservoir operation optimization tested at Koka Dam, enabling improved water
allocation during drought periods and reduced ood risk during extreme rainfall

events

Early warning system upgrades with planned national rollout in 2024, enhancing
Ethiopia’s capacity for climate resilience and adaptive management (World Bank
Group), 2022)

1.6 Scope, Delimitations, and Assumptions

This research employs a comprehensive yet carefully de ned framework with speci ¢

boundaries and methodological considerations:

Spatial scope: The study encompasses eight major Ethiopian river basins (Abay,
Awash, Baro{Akobo, Genale{Dawa, Omo{Ghibe, Rift Valley, Tekeze, Wabi{Shebelle)
representing approximately 85% of the country’s surface water resources and cap-
turing its diverse bioclimatic, hydrological, and socio-economic conditions (Gebrem-
icael et al., 2019Db).

Temporal scope: The analysis covers 1986{2023 for historical trend assessment,
capturing signi cant climate variability including major drought and ood events.
Projections extend to mid- and late-21st century using CMIP6 scenarios, providing
insights into future climate risks (IPCC, |2021).

Methodological framework: The study employs a comprehensive suite of analytical
techniques including:

{ Data consistency assessment using Double Mass Curve analysis

{ Spatial averaging using Thiessen Polygon method

{ Drought indices calculation (SPI, SPEI, SSI) at multiple timescales

{ Trend analysis using Mann{Kendall test and Sen’s slope estimator
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{ Statistical downscaling using SDSM for climate projections

{ Advanced heatwave analysis using Crossing Theory

Delimitations: The study explicitly excludes coastal ooding phenomena (irrelevant
for this landlocked country) and Palmer Drought Severity Index (PDSI) due to its
limited applicability in tropical highland environments. The SDSM implementation
utilizes only precipitation and temperature predictors, acknowledging the trade-o

between model complexity and computational feasibility (Wilby et al., |2002).

Assumptions: The research assumes stationarity of downscaling relationships be-
tween large-scale atmospheric variables and local climate conditions, while recog-
nizing potential non-stationarity under rapid climate change. Homogeneity cor-
rections via Double Mass Curves are presumed to e ectively remove non-climatic
biases from station data, though some uncertainties may persist in regions with

sparse monitoring networks (Maraun et al., [2010).

1.7 Dissertation Structure

This dissertation is organized into seven chapters, each systematically designed to address
the research objectives and provide a comprehensive assessment of hydroclimatic extremes
in Ethiopia’s river basins.

Chapter 1: Introduction
Presents the atmospheric physics context, problem statement, research objectives, signif-
icance, scope, and conceptual framework of the study. The optimized research work ow
guiding the entire research process is illustrated in Figure 1.1.

Chapter 2: Literature Review
Reviews relevant theoretical foundations, historical and projected climate extremes, drought
and ood indices, hydroclimatic methodologies, and identi es critical research gaps in the
context of Ethiopian river basins.

Chapter 3: Materials and Methods
Describes the study area, multi-source data (ground-based, satellite, reanalysis), pre-
processing and quality control procedures, and the analytical frameworks including drought

indices, trend analysis, crossing theory for heatwaves, and statistical downscaling (SDSM).
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Chapter 4: Drought and Flood Patterns

Provides integrated spatial and temporal analyses of drought (using SP1, SPEI, SSI) and
ood patterns across Ethiopia’s eight major river basins from 1986{2023, synthesizing

ground and remote sensing data.

Chapter 5. Heatwave Trends
Analyzes basin-scale warming trends and heatwave characteristics using an adapted cross-
ing theory approach, with a focus on elevation-dependent responses and critical impact
thresholds.

Chapter 6: Future Climate Projections
Applies statistical downscaling of CMIP6 models under SSP2-4.5 and SSP5-8.5 scenarios
to project climate extremes from 2025{2050, o ering basin-speci c risk assessments and
implications for adaptation.

Chapter 7: Conclusions and Recommendations
Synthesizes key ndings from all analytical chapters, discusses theoretical and practical
contributions, and provides targeted recommendations for climate resilience planning and
future research.

Figure 1.1: Research Work ow
Figure 1.1 illustrates the optimized research work ow integrating multi-source data and
analytical methods to assess hydroclimatic extremes under climate change scenarios. The
work ow begins with data acquisition from ground stations, TerraClimate, and ECMWF
reanalysis, followed by rigorous quality control and bias correction. It proceeds with the
calculation of standardized drought indices (SPI, SPEI, SSI), statistical trend detection
(Mann{Kendall, Sen’s Slope), heatwave analysis via crossing theory, and statistical down-
scaling of CMIP6 models under SSP scenarios. This structured, reproducible framework
ensures a holistic basin-scale assessment of drought, ood, and heatwave risks, forming

the methodological backbone of this dissertation.
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Figure 1.1: Optimized research work ow for Ethiopian drought analysis incorporating
SSP-based climate scenarios (A4-compatible)
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Chapter 2

Literature Review

2.1 Introduction

Climatic extremes represent complex multi-scale phenomena emerging from interactions
between global atmospheric dynamics, regional climate systems, and local physiographic
factors. This chapter synthesizes theoretical frameworks and empirical ndings gov-
erning the behavior of droughts, oods, and heatwaves across spatial hierarchies, with
speci ¢ application to Ethiopia’s river catchments. Drawing upon atmospheric physics,
hydrometeorology, and climate science, we establish the foundational principles for ana-
lyzing climatic extremes under changing climate conditions, contextualized within East
Africa’s unique hydroclimatological setting. This review focuses on the what and why
the observed patterns, their drivers, and the indices used to quantify them while detailed
explanations of the how the speci ¢ analytical methods and algorithms | are reserved for

the Methodology chapter.

2.2 Global and Regional Context of Climatic Ex-
tremes

Climatic extremes represent statistically signi cant deviations from historical meteo-
rological norms, triggering cascading socio-ecological disruptions worldwide. Globally,
the frequency of compound climate hazards has increased by approximately 50% since
1950, with heatwave-drought concurrences demonstrating the most rapid acceleration

(IPCC| 2021). Africa experiences disproportionate impacts due to technological limita-
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tions, socio-political vulnerabilities, and geographical exposure, with Ethiopia facing 2.3
times more extreme events than the continental average (Nicholson, [2017). The country’s
topographical complexity ranging from 125m below to 4,533m above sea level || creates
microclimates with divergent vulnerability signatures across its eight major river basins
(Berihun et al., 2020). Temperature trends reveal alarming patterns: the mean annual
temperature has increased by 1.3 C between 1960-2006 at 0.28 C per decade, exceeding
global averages and projected to rise by 1.4-2.9 C by 2050s (Gebrechorkos et al., [2023).

These changes manifest through intensi ed hydroclimatic extremes: ooding inci-
dents surged to 274 events in 2020 alone, while droughts between 1964-2023 a ected 96.5
million Ethiopians, reducing GDP by 4% and agricultural output by 12% (World Bank
Group, 2022). The ecological repercussions include annual soil losses of 1 billion tons in
highlands, diminishing land productivity by 2.2% annually through erosion and nutrient
depletion (Bewket and Conway, |2016). Regionally, Afar, Somali, Gambella, and Ben-
shangul Gumuz exhibit extreme health vulnerability due to synergistic e ects of rising

temperatures, water scarcity, and limited healthcare infrastructure (Abebe et al., 2020a).

2.3 Historical Extremes in Ethiopian River Catch-

ments

Ethiopia’s eight primary river basins exhibit distinct extreme event signatures docu-
mented through ground observations and satellite monitoring. The Abay Basin (Blue
Nile) experienced its most severe drought in 2015 when stream ow dropped to 35%
of normal, reducing hydropower generation at the Grand Ethiopian Renaissance Dam
(GERD) by 60% (Tadege et al.,[2021). Conversely, the 2020 ood in Baro Akobo displaced
300,000 people following 175% above-normal rainfall (Korecha and Barnston, 2007). The
Rift Valley basin shows the strongest warming trend (0.4 C/decade) with heatwave dura-
tion increasing by 3.2 days/decade (Lemma et al., 2023). The Awash Basin experiences

ash droughts developing within 15-20 days due to synergistic soil moisture-temperature
feedbacks (Haile et al., [ 2023), while Genalle Dawa demonstrates highest sensitivity to In-
dian Ocean Dipole (I0D) variability with precipitation anomalies exceeding 40% during
positive 10D phases (Black et al., 2003). The Omo Ghibe basin su ered 45% reservoir
depletion at Gibe 111 during the 2011 hydrological drought, severely compromising irriga-
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tion and power supply (Hirpa et al., 2019). Tekeze Basin recorded its lowest SSI-12 value
(-2.8) in 2015, re ecting unprecedented stream ow de cits (Endris et al., 2019b). Wabi
Shebelle exhibits strong EI Nino teleconnections with 80% of drought events coinciding

with ENSO warm phases (Segele et al., [2009).

Table 2.1: Historical drought and ood characteristics across Ethiopian river catchments

Catchment Drought Frequency Flood Magnitude Primary Climate Drivers
Abay 3.2 events/decade (Conway et al.| [2004) 175% above normal (2020) (Dinku et al.||2007) ENSO, AMO

Awash 4.1 events/decade (Conway et al.|2004) 220% above normal (2006) (Giannini et al.|{2003) TEJ, Urbanization
Baro Akobo 2.8 events/decade (Saji et al.| [2005) 150% above normal (2018) (Giannini et al.| {2003) 10D, MJO

Genalle Dawa 5.3 events/decade (Gebrechorkos et al.[|2019a) 190% above normal (2019) (Giannini et al.||2003) 10D, CAPE

Omo Ghibe 3.7 events/decade (Conway et al.| [2004) 210% above normal (2014) (Dinku et al.|2007) ENSO, Orography

Rift Valley 6.4 events/decade (Gebrechorkos et al.|[2019a)  165% above normal (2016) (Dinku et al.| 2007) Local convection, UHI
Tekeze 3.0 events/decade (Conway et al.||2004) 140% above normal (2011) (Giannini et al.| [2003) ENSO, Elevation
Wabi Shebelle 4.9 events/decade (Giannini et al.|[2003) 230% above normal (2022) (Dinku et al.||2007) ENSO, Land degradation

2.4 Drought Typologies and Quanti cation Indices

Drought progression follows cascading impacts through interconnected phases, each re-

quiring specialized quanti cation approaches.

Meteorological drought manifests through precipitation de cits quanti ed using
the Standardized Precipitation Index (SPI) at various timescales. In Awash Basin,
SPI-3 values below -1.5 occur every 2.3 years, lasting 4.2 months on average (Dinku
et al., 2008). CHIRPS satellite data reveals increasing frequency from 8 to 14
events/decade since 1990, with urbanization amplifying warming signals | Addis
Ababa’s Bole station shows signi cant minimum temperature increases (Khan et al.,
2019).

Agricultural drought involves soil moisture de cits often measured via the Stan-
dardized Precipitation Evapotranspiration Index (SPEI). SPEI-6 demonstrates strong
correlation with crop failure in wheat-growing regions of Oromia (Tsegaye et al.,
2020). Heatwave ampli cation accelerates moisture loss, with concurrent temper-
ature anomalies reducing soil moisture rapidly during compound events (Miralles
et al., 2019a).

Hydrological drought manifests as stream ow de cits evaluated via the Stan-
dardized Stream ow Index (SSI). In Tekeze Basin, SSI-12 reached -2.8 during the
2015 drought | the lowest in 40 years (Endris et al., 2019b). Lag times between me-

teorological triggers and hydrological manifestation vary from 2-6 months depending
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on basin geology, with volcanic aquifers showing longer bu ers than sedimentary

systems (Van Loon et al., 2016).

2.5 Large-Scale Climatic Oscillations

Ethiopian hydroclimatology is governed by three dominant oceanic-atmospheric oscilla-
tions with distinct basin-level impacts. The El Nino-Southern Oscillation (ENSO) sup-
presses Kiremt rains in northwestern basins (Abay, Tekeze) through Walker circulation
modi cations that shift the Intertropical Convergence Zone southward, reducing mois-
ture ux from the Congo Basin (Segele et al., | 2009). During strong El Niro years (1982,
1997, 2015), Abay Basin rainfall de cits exceeded 40%, triggering signi cant agricultural
losses (USAID, 2016). Conversely, the Indian Ocean Dipole (I0OD) enhances October-
December rainfall in southeastern catchments (Genalle Dawa, Wabi Shebelle) through
intensi ed westerly moisture transport, with positive phases increasing precipitation by
30-60% (Black et al., 2003). The catastrophic 2006 Belg oods coincided with a strongly
positive 10D, displacing 300,000 people (Korecha and Barnston, 2007). Compound inter-
actions occur when positive 10D coincides with La Nira, amplifying rainfall extremes in
Baro Akobo (Saji et al., [2005). The Atlantic Multidecadal Oscillation (AMO) in uences
western basins through African Easterly Jet modulation, with warm phases increasing
July-September rainfall in Baro Akobo by 15-25% (Nicholson, |2013). The current warm
phase, which began around 1995, correlates with a reduction in drought frequency in
western Ethiopia but enhances heatwave intensity in low-elevation basins (Giannini et al.}
2003).

2.5.1 Large-Scale Climatic Teleconnections and Their In uence

on Ethiopian River Basins

Ethiopian hydroclimatic variability is profoundly modulated by large-scale ocean-atmosphere
oscillations, which exert distinct and often contrasting in uences across the country’s
eight major river basins. These teleconnections operate through alterations in regional
atmospheric circulation, moisture transport, and convective activity, thereby precon-
ditioning the occurrence and intensity of hydroclimatic extremes (Segele et al., 2009;

Nicholson, [2017). This subsection synthesizes the dominant teleconnection mechanisms
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and their basin-speci ¢ manifestations, with particular emphasis on the Somali Low-Level

Jet (SLLJ) as a critical mediator of moisture ux into Ethiopia.

Dominant Teleconnection Patterns

Three primary oceanic-atmospheric oscillations govern Ethiopia’s rainfall regimes:

El Niro{Southern Oscillation (ENSO): During El Nino (warm) phases, the
Walker Circulation shifts eastward, suppressing convective activity over the west-
ern Indian Ocean and reducing moisture in ux into the northwestern and central
highlands. This leads to signi cant rainfall de cits in the Abay, Tekeze, and Awash
basins, where Kiremt (June{September) rains may be reduced by 30{40% during
strong events (e.g., 1982, 1997, 2015) (Korecha and Barnston, 2007; Diro et al.,
2011). Conversely, La Nina episodes often enhance rainfall in these regions, though

spatial heterogeneity remains high due to orographic modulation.

Indian Ocean Dipole (10D): Positive IOD phases are characterized by warmer
western Indian Ocean SSTs, which strengthen zonal moisture transport toward East
Africa. This enhances October{December (short rains) in southeastern Ethiopia,
particularly in the Genale-Dawa and Wabi-Shebelle basins, where precipitation can
increase by 30{60% (Black et al., |2003). The catastrophic 2006 Belg oods, which
displaced 300,000 people, coincided with a strongly positive 10D phase (Korecha
and Barnston, [2007). Negative IOD phases tend to suppress rainfall in these basins,

exacerbating drought conditions.

Atlantic Multidecadal Oscillation (AMO): Warm phases of the AMO intensify
the African Easterly Jet, increasing July{September rainfall in western Ethiopia by
15{25%, particularly in the Baro-Akobo basin (Nicholson, 2013). The current warm
phase (since 1995) has contributed to a reduction in drought frequency in western
Ethiopia while simultaneously amplifying heatwave intensity in low-elevation basins

due to enhanced subsidence and reduced cloud cover (Giannini et al., 2003).

The Somali Low-Level Jet (SLLJ): Mechanism and Basin-Speci ¢ Impacts

The Somali Low-Level Jet (SLLJ) is a dominant feature of the summer monsoon circula-

tion, forming as a result of the cross-equatorial pressure gradient between the Mascarene
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High and the Asian thermal low (?). The SLLJ reaches peak intensity between June and
September, transporting moisture from the Indian Ocean into the Horn of Africa. Its
strength, position, and vertical structure are critical determinants of moisture delivery to

Ethiopian river basins (?).

Wabi-Shebelle Basin: The SLLJ exerts the most direct in uence on the Wabi-
Shebelle basin due to its proximity to the jet’s core trajectory. A strong and
northward-displaced jet enhances low-level moisture convergence over the Ogaden
Plateau, increasing the likelihood of seasonal rainfall. Conversely, a weak or southward-
shifted jet results in severe moisture de cits, triggering meteorological droughts that
rapidly propagate into agricultural and hydrological droughts given the basin’s arid

to semi-arid climate. Approximately 80% of signi cant drought events in Wabi-
Shebelle coincide with periods of SLLJ weakening or displacement (Segele et al.|
2009).

Genale-Dawa Basin: This basin also exhibits high sensitivity to SLLJ variability,
though modulation by the 10D is more pronounced. Enhanced SLLJ ow during
positive IOD phases ampli es moisture in ux, leading to above-normal short rains.
During negative 10D/weak SLLJ periods, the basin experiences pronounced dry

spells, a ecting rain-fed agriculture and pastoral livelihoods.

Awash and Rift Valley Basins: The in uence of the SLLJ is more indirect in
these central basins, mediated through interactions with the Ethiopian Highlands.
Orographic lifting of SLLJ-driven moisture contributes to Kiremt rainfall in the
eastern escarpments of the Awash basin. Variability in the jet’s moisture content

can thus in uence rainfall reliability in these agriculturally critical regions.

Baro-Akobo and Omo-Ghibe Basins: These southwestern basins are less di-
rectly in uenced by the SLLJ, receiving moisture primarily from the Congo Basin
and the Atlantic Ocean via the African Easterly Jet. However, teleconnected adjust-
ments in large-scale circulation during extreme ENSO or 10D events can indirectly

modulate rainfall patterns even in these basins.
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Compound Teleconnection E ects and Non-Stationarity

Increasing evidence suggests that interactions between multiple teleconnections can am-
plify hydroclimatic extremes in Ethiopia. For instance, the coincidence of a positive 10D
with La Nina has been shown to generate extreme rainfall and ooding in the Baro-
Akobo basin (Saji et al., 2005). Furthermore, emerging research indicates potential non-
stationarity in these teleconnection relationships under anthropogenic climate change,
with models suggesting a strengthening of 10D in uences and increased variability in
ENSO impacts on Ethiopian rainfall (Endris et al., |2019b; IPCC, 2021). This evolving
teleconnection framework underscores the need for dynamic, basin-speci ¢ climate risk
assessments that account for changing large-scale drivers alongside local physiographic

and land-use factors.

2.5.2 Basin{Teleconnection Linkages and Hydroclimatic Impacts

The in uence of large-scale climate teleconnections on Ethiopia’s river basins is hetero-
geneous, re ecting the nation’s complex topography and climatic gradients. Table [2.2]
synthesizes the dominant teleconnections, their seasonal impacts, and associated hydro-
climatic extremes for each major basin, based on observational and modeling studies.

Key: ENSO = El Nino{Southern Oscillation; IOD = Indian Ocean Dipole; AMO
= Atlantic Multidecadal Oscillation; SLLJ = Somali Low-Level Jet; UHI = Urban
Heat Island; (+) = positive phase. Seasonal abbreviations: Kiremt (main rainy season,
Jun{Sep), Belg (short rainy season, Feb{May).

The table highlights the multi-scale nature of climate in uences on Ethiopian hydrol-
ogy. Basins such as Wabi-Shebelle and Genale-Dawa exhibit high sensitivity to Indian
Ocean dynamics (10D and SLLJ), while northwestern basins (Abay, Tekeze) are predom-
inantly modulated by Paci c-driven ENSO variability. The Awash and Rift Valley basins
demonstrate compounded vulnerabilities due to interactions between remote teleconnec-
tions and local factors such as urbanization and topography.

These linkages underscore the importance of basin-speci ¢ climate risk assessments
that account for both large-scale atmospheric drivers and local physiographic controls,
particularly in the context of non-stationary teleconnection behavior under anthropogenic
climate change (IPCC, [2021; Endris et al., 2019b).

19



CHAPTER 2. LITERATURE REVIEW

Table 2.2: Summary of dominant teleconnection in uences on Ethiopian river basins and
associated hydroclimatic impacts.

River Basin

Dominant Teleconnec-
tion(s)

Primary Season Af-
fected

Typical Hydroclimatic Impact
and Key References

Abay (Blue Nile)

ENSO (EI Niro), AMO

Kiremt (Jun{Sep)

El Nino: Rainfall de cits (up to
40%), increased drought frequency
(Segele et al., 2009; |[Korecha and
Barnston| 2007]).
AMO warm phase:
July{Sep rainfall
2013).

Enhanced
(Nicholson,

Awash

ENSO, 10D, SLLJ vari-
ability

Kiremt (Jun{Sep),
Belg (Feb{May)

El Niro: Reduced Kiremt rains,
ash drought initiation (Haile
et al., |2023).

I0OD+: Enhanced Belg rainfall,
ood risk (Black et al.} |2003).
Weak SLLJ: Moisture de cit,
agricultural stress (?).

Baro-Akobo

10D, AMO, ENSO (indi-
rect)

Year-round,
Jun{Sep

peak

IOD+: Increased short rains,
ood ampli cation (Saji et al.
2005).

AMO warm phase:
Jul{Sep moisture

Increased
ux (Nicholson,

2013).

Genale-Dawa 10D, SLLJ Oct{Dec (short rains) 10D+ Rainfall increase
(30{60%), ood events (Black
et al., |2003).

SLLJ strength: Direct moisture
transport modulation (?).

Omo-Ghibe ENSO, 10D, orographic ef- Mar{May, Sep{Nov El Ninro/I1OD+: Rainfall vari-
fects ability, ood/drought extremes
(?).
Topographic modulation: Lo-
calized enhancement/suppression.
Rift Valley ENSO, local convection, Belg (Feb{May) El Nino: Reduced Belg rains, lake
UHI level decline (Tesfaye et al.,|2014b).
Urban heat island: Enhanced
heatwave intensity (Worku et al.}
2021a).
Tekeze ENSO, elevation-  Kiremt (Jun{Sep) El Niro: Signi cant rainfall
modulated suppression, hydrological drought

(Endris et al.} |2019b)).
Highland cooling: Attenuated
warming trends.

Wabi-Shebelle

10D, SLLJ, ENSO

Oct{Dec (short rains)

IOD+: Rainfall ampli cation,
ood risk (Saji et al.} |1999).

Weak SLLJ: Severe moisture

de cit, drought  propagation

(Segele et al., |2009).

El Niro: Drier conditions in east-

ern sectors.
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2.6 Precipitation and Stream ow Analysis

Precipitation analysis for Ethiopian basins typically utilizes synoptic station networks
and satellite products to overcome spatial coverage limitations. Key stations are often
selected to represent major basins, such as Bahir Dar for Abay and Addis Ababa for
Awash (Dinku et al 2007). A common challenge is data quality, including inhomo-
geneities and missing records, which are often addressed through statistical imputation
and homogeneity tests (Azur et al., 2011). Stream ow networks managed by the Min-
istry of Water and Energy (MoWE) provide essential data, though coverage can be sparse
in some basins like the Rift Valley and Tekeze headwaters. Calibration of hydrological
models or satellite-derived runo products against these gauge observations is a stan-
dard practice to ensure accuracy (Tramblay et al., 2020). Spatiotemporal patterns show
a strong gradient, with western basins (e.g., Baro Akobo) receiving over 1,200mm/year
versus eastern catchments (e.g., Wabi Shebelle) receiving less than 400mm/year. The
Kiremt season (June-Sept) is dominant, contributing 50-80% of annual ow in northern

basins (Conway et al., [2004).

2.7 Analytical Approaches in Climate Extremes Re-
search

Research on climatic extremes employs a suite of established analytical techniques. Trend
detection is fundamental, with non-parametric statistical tests widely used to identify
signi cant changes in climate time series while accounting for autocorrelation, and robust
estimators are applied to quantify the magnitude of these changes. For instance, studies
have detected signi cant warming trends at major stations like Addis Ababa Bole (Kalnay,
et al., 1996)).

Spatial interpolation is crucial for creating continuous elds from point-based station
data. Techniques such as Inverse Distance Weighting (IDW), Kriging, and Thiessen
Polygons are commonly compared, with their performance varying based on Ethiopia’s
complex topography; IDW often performs well for precipitation mapping (Dinku et al.,
2007).

Bias correction is an essential step when using climate model outputs, as Global
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Climate Models (GCMs) and Regional Climate Models (RCMs) exhibit systematic biases.
Distribution mapping techniques are frequently employed to adjust model outputs to
better match the statistical properties of observed data (Cannon et al., |2015).

Finally, drought assessment relies on a standardized framework of indices (SPI, SPEI,
SSI), each tting meteorological, agricultural, or hydrological data to appropriate proba-
bility distributions to enable consistent monitoring and cross-basin comparison Vicente-
Serrano et al.| (2012).

2.8 Statistical Downscaling and Climate Projections

Statistical Downscaling (SD) is a critical methodology for translating coarse-resolution
global climate model (GCM) projections to the ner spatial scales needed for basin-scale
impact studies. The process typically begins with predictor screening, where large-scale
atmospheric variables from reanalysis data (e.g., geopotential height, humidity) are iden-
ti ed that have strong statistical relationships with local climate variables (predictands)
in each basin (Wilby et al., |2002).

Model calibration then establishes transfer functions between these large-scale predic-
tors and local conditions during a historical period. The performance of these downscaling
models, measured by metrics like R , varies across Ethiopia’s diverse climates (Endris
et al., 2019b).

Future projections derived from downscaled CMIP6 scenarios under various SSPs
(Shared Socioeconomic Pathways) provide insights into potential changes. For Ethiopian
basins, projections often indicate an increase in the frequency and intensity of meteoro-
logical and hydrological droughts in some regions, alongside increased o0od magnitudes
in others, particularly under high-emission scenarios like SSP5-8.5 (Alamgir et al., 2019).
However, challenges remain, including the underestimation of extreme rainfall events and
di culties in capturing localized convection and urban heat island e ects, which are not
well-resolved by GCMs (Maraun et al., 2010; Oke, (1982).
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Figure 2.1: Conceptual framework for statistical downscaling in climate impact studies,
applicable to Ethiopian river catchments (Source: Modi ed from Wilby et al. [2002)
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Chapter 3

Materials, Study Area, and Methods

3.1 Introduction

This chapter provides a comprehensive synthesis of the foundational materials, geograph-
ical context, and methodological framework underpinning the analytical chapter: 4 (Sec-
tions: 4.1, 4.2, 4.3 and 4.4 ) of this dissertation. While each subsequent section ad-
dresses distinct research questions J spanning hydroclimatological drought assessment,

ood trend analysis, heatwave analysis, and statistical downscaling of climate projec-
tions, they are uni ed by a common core of data sources, study regions, and analytical
techniques. The purpose of this consolidated presentation is to articulate this general
framework with precision, thereby enhancing clarity, ensuring reproducibility, and avoid-
ing unnecessary repetition. Speci ¢ methodological nuances or augmentations unique
to a particular analytical section are explicitly noted and cross-referenced herein. This

structure underscores the cohesive and integrated nature of the research endeavor.

3.2 Study Area: Ethiopia and Its Major River Basins

The research domain is the Federal Democratic Republic of Ethiopia, a landlocked na-
tion in the Horn of Africa situated between approximately 3 N{15 N and 33 E{48 E.
Encompassing an area of 1.1 million km , Ethiopia’s physiography is dominated by the
extensive Ethiopian Highlands, bisected by the Great Rift Valley, which creates a topog-
raphy of exceptional heterogeneity. Elevation gradients are extreme, ranging from the

Danakil Depression at approximately -125 m to the summit of Ras Dashen at 4,550 m

24



CHAPTER 3. MATERIALS, STUDY AREA, AND METHODS

above sea level. This profound topographic variability is the principal determinant of
the nation’s complex climate system, which is modulated by the seasonal migration of
the Inter-Tropical Convergence Zone (ITCZ), regional monsoon circulations, and telecon-
nections with global phenomena such as the El Nino-Southern Oscillation (ENSO) and
the Indian Ocean Dipole (I0OD) (Nicholson, [2017; Segele et al., 2009; Diro et al., 2011)).
Consequently, spatial precipitation distribution is markedly heterogeneous, with mean
annual totals ranging from less than 200 mm in the arid eastern lowlands to over 2,000
mm in the humid southwestern highlands (Gebremicael et al., 2019a).

The hydrological resources of Ethiopia are channeled through several major river
basins that drain this complex terrain. This study focuses on eight principal basins (Fig-
ure [3.1), selected for their collective representation of the country’s diverse bioclimatic,
hydrological, and socio-economic conditions, thus providing a holistic national perspective

for investigating hydroclimatic extremes.

Abay (Blue Nile) Basin: Draining the northwestern highlands, the Abay is
Ethiopia’s largest and most economically critical basin, contributing 60% of the
Nile’s ow. It features a bimodal rainfall regime (Kiremt: Jun{Sep; Belg: Feb{
May) with annual precipitation between 1,200{2,000 mm. Its water resources are
paramount for agriculture and hydropower generation, notably the Grand Ethiopian

Renaissance Dam (GERD) (Conway, [2000a).

Awash Basin: A closed basin in central Ethiopia terminating in the Afar De-
pression, the Awash is the most heavily utilized river system, supporting extensive
irrigation, industry, and major urban centers, including Addis Ababa. Its semi-
arid climate (200{1,200 mm/year) exhibits high spatiotemporal rainfall variability,
rendering it acutely vulnerable to hydrological droughts (Edossa et al., 2010).

Baro-Akobo Basin: Situated in the southwestern lowlands within the Nile sys-
tem, this basin experiences a humid tropical climate with a prolonged wet season
and the country’s highest rainfall (1,400{2,200 mm/year), sustaining extensive rain-

forests and rain-fed agriculture (Gebrehiwot et al., 2011a).

Genale-Dawa Basin: Draining the southeastern highlands towards the Indian

Ocean, this basin’s climate is strongly in uenced by the 10D, resulting in high
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interannual rainfall variability (300{1,000 mm/year). The predominantly semi-
arid region supports pastoral and agro-pastoral communities highly susceptible to

meteorological drought (Gebrehiwot et al., [2011a).

Omo-Ghibe Basin: Flowing south into Lake Turkana, the basin exhibits a stark
elevation gradient from humid highlands (>1,000 mm/year) to arid lowlands. Water
resources are critical for hydropower (e.g., Gibe Il Dam) and ecosystem services

in the lower valley, making ows sensitive to regime changes (?).

Rift Valley Basin: Comprising an endorheic chain of lake systems (e.g., Ziway,
Langano, Abaya), this basin’s climate is complex due to topography and lake-
atmosphere interactions, ranging from sub-humid to arid. The lakes are vital for
agriculture, sheries, and tourism, with levels sensitive to hydrological changes

(Tesfaye et al., 2014a).

Tekeze Basin: A Nile tributary in northern Ethiopia characterized by rugged

terrain and deep gorges. The climate transitions from temperate highlands to arid

lowlands with variable rainfall (600{1,200 mm/year), creating susceptibility to both
oods and droughts (Gebremicael et al., 2019a).

Wabi-Shebelle Basin: Draining the arid Ogaden Plateau in the southeast, this
basin features highly ephemeral ows. Its climate is dominated by the Somali Jet,
yielding low and erratic rainfall (250{600 mm/year) that challenges rain-fed agri-
culture and sustains pastoralist communities vulnerable to meteorological drought

(Alemayehu et al., [2021).

3.3 Data Sources and Acquisition

A multi-source, integrated data strategy was employed to ensure analytical robustness
and address inherent spatial coverage limitations. All data were processed for a common

temporal window (1986{2023) where feasible to maintain consistency.

3.3.1 Ground-Based Observational Data

Ground-truth data form the empirical cornerstone for validation and calibration.
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Figure 3.1: Map of Ethiopia depicting the eight major river basins constituting the
primary study areas for this research.

Meteorological Data: High-quality daily precipitation and maximum temper-
ature data were acquired from 17 synoptic stations (Table operated by the
Ethiopian Meteorological Institute (EMI), which adhere to World Meteorological
Organization (WMO) operational standards (World Meteorological Organization,
2018; Tola et al., 2025). The geographical distribution of these stations, while pro-
viding national coverage, is uneven; some basins (e.g., Wabi Shebelle, Baro Akobo)
are represented by a single primary synoptic station. This sparsity is a recognized
constraint in Ethiopian hydrometeorology (Conway, 2000a), yet the application of
standardized drought indices at individual stations is an established methodology
in data-scarce regions (?Haile et al., [2021b). The selected stations are strategi-
cally sited and acknowledged for their regional climatological representativeness
(Alemayehu et al., [2021).

Hydrological Data: Daily stream ow records were obtained from the Ministry
of Water and Energy (MoWE) for 28 gauging stations (Table across the ma-
jor basins. Stations were selected based on record length ( 30 years), data com-

pleteness (<10% missing), and their representation of key sub-basin hydrological
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responses.

3.3.2 Remote Sensing and Reanalysis Products

To overcome the spatial limitations of in-situ observations and enable continuous spatial
analysis, two gridded climate datasets were incorporated. Only the precipitation and

maximum temperature variables from these products were used in this study.

ERADbL-Land: This high-resolution (0.1) global land surface reanalysis (Hersbach
et al., |2020b) was the primary source for gridded precipitation and maximum tem-
perature data. Its long-term, spatially consistent estimates were crucial for gap-

Iling station records, performing spatial analysis across the study domain, and

validating the physical consistency of the interpolated elds.

TerraClimate: This high-resolution ( 4 km) monthly climate dataset (Abat-
zoglou et al., [2018) provided secondary estimates of precipitation and maximum
temperature. It was primarily utilized to validate the spatial interpolation results
from the station data and was also used for calculating drought indices in regions

with sparse station coverage.

Ancillary Datasets: Supplementary data included: the SRTM 30m Digital Elevation
Model (DEM) for topographic analysis (Farr et al., 2007); MODIS NDVI (MOD13A3)
for vegetation dynamics (Didan, [2021); VIIRS nighttime lights for urban heat island
classi cation (Elvidge et al., [2017)); and soil texture maps from the Harmonized World

Soil Database v2.0 (Fischer et al., [2022).

3.3.3 Global Climate Model (GCM) Data

For downscaling and future projections (section 6.4), output from the Canadian Earth
System Model (CanESM5) was sourced from the Coupled Model Intercomparison Project
Phase 6 (CMIP6) archive. CanESM5 was selected for its pro cient simulation of key
climatic drivers for East Africa (Akinsanola et al., 2021). Data included historical runs
(1981{2014) and future projections (2025{2050) under SSP2-4.5 and SSP5-8.5 scenarios.
Large-scale atmospheric variables from the NCEP/NCAR Reanalysis served as ‘perfect’

predictors for statistical downscaling model calibration (Kalnay et al., [1996).
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Table 3.1: Ethiopian Meteorological Institute (EMI) Synoptic Stations.

Synoptic Station Name  Basin Lat (N) Lon (E) Elevation (m) Record Period
Bahir-Dar New and Old Abbay 11.595 37.385 1800 1986{2023
Debre-Markos Abbay 10.3257 37.7392 2446 1986{2023
Gondar A.P. Abbay 12.52115 37.4319 1973 198642023
Nekemte Abbay 9.083333  36.463333 2080 1986{2023
Addis Ababa Bole Awash 8.981081  38.79871 2354 1986{2023
Combolcha Awash 11.083899 39.717633 1857 1986{2023
Debre-Zeit(AF) Awash 8.733333 38.95 1900 198642023
Dire-Dawa Awash 9.9667 42.5333 1180 1986{2023
Metehara (NMSA) Awash 8.858667 39.919 944 1986{2024
Arba-Minch Rift Valley 6.057167 37.55783 1207 1986{2023
Awassa Rift Valley 7.065 38.483056 1694 198642023
Gode Met Wabi Shebelle 5.9 43.58 290 1986{2024
Gore Baro Akobo 8.1333 35.533333 2033 1986{2023
Jimma Omo Ghibe 7.666667 36.81667 1718 1986{2023
Mekele A.P. Tekeze 13.47051 39.5312 2257 198642023
Neghele Genalle Dawa  5.416667 39.566667 1544 1986{2023
Robe Genalle Dawa  7.133333 40.05 2480 1986{2023
Table 3.2: Stream ow Data Stations.
Basin Gauge Station Data Period Latitude Longitude
Baro Akobo Begwoha NR Tapi 1986 - 2022 7.2 35.45
Baro Akobo Gactheb NR Mizan Teferi 1986 - 2022 7.01 35.6
Baro Akobo Berhan NR Bebeka Farm 1986 - 2022 6.9 354
Baro Akobo Gengi NR Gecha 1986 - 2022 7.6 35.43
Baro Akobo Gilo NR Pignado 1986 - 2022 7.62 34.3
Baro Akobo Baro Gambela 1986 - 2022 8.3 34.6
Awash KeateRr@Haik 1986 - 2022 11.3 39.7
Awash Awash@Dubti 1986 - 2022 11.7 41.12
Awash Awash Berga@Assayta 1986 - 2022 11.6 41.5
Awash Mille@Mille 1986 - 2022 11.42 40.8
Awash Awash Bello 1986 - 2022 8 38
Abay Abbay NR Kessie 1986 - 2022 11.1 38.2
Abay Abbay NR Bure 1986 - 2022 10.6 37.12
Abay Beles@Babizenda 1986 - 2022 11.13 35.47
Abay Main Beles@Bridge 1986 - 2022 11.3 36.5
Abay Ribb NR Addis Zemen 1986 - 2022 12 37.72
Abay Guder NR Guder 1986 - 2022 8.95 37.75
Genalle Dawa Genale@Kole Bridge 1986 - 2022 4.53 41.75
Genalle Dawa Genale@Halwen 1986 - 2022 4.43 41.83
Genalle Dawa Manna NR Goro 1986 - 2022 7.01 40.37
Genalle Dawa Wolmel@Melka Amana 1986 - 2022 6.23 39.8
Omo Ghibe Washi NR Dimbira 1986 - 2022 7.32 36.03
Omo Ghibe Gecha NR Bonga 1986 - 2022 7.28 36.22
Omo Ghibe Sheta@Bonga 1986 - 2022 7.28 36.23
Omo Ghibe Guma NR Andaracha 1986 - 2022 7.15 36.3
Wabi Shabelle Wabi Below Bridge 1986 - 2022 7.01 39.03
Wabi Shabelle Assassa@Assassa 1986 - 2022 7.1 39.22
Wabi Shabelle Weiyb NR Agarfa 1986 - 2022 7.37 39.8
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3.4 Data Pre-processing and Quality Control

A rigorous multi-step protocol was implemented for quality control, homogenization, and

gap- lling of all datasets.

3.4.1 Quality Control of Ground Data

K-Nearest Neighbors (KNN) Method

KNN is used for interpolation and missing data estimation:

1. Distance Calculation: The distance between a given data point x and its neighbors
is calculated using a distance metric, typically Euclidean distance:

AV 4
u

X
doaix) = € (i X2 (3.1)

k=1

2. Prediction: The value of the target point is estimated as the weighted average of

its k nearest neighbors:
1 X
¥ = K Yi (3.2)

i=1

where y; represents the values of the nearest neighbors (Altman, 1992).

Thiessen Polygon Method

is used to interpolate spatial data across regions, with each station weighted by the area
of its polygon:
A

W; = P—A (3.3)
i=1 N

where A; represents the area of the polygon associated with station i, and n is the number

of stations (Thiessen, 1911).
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Double Mass Curve Method

evaluates the consistency of long-term precipitation or stream ow data by plotting cu-
mulative values of a station against the cumulative mean of surrounding stations:
_ XK
Cumulative P; = P; (3.4)
i=1
Changes in the slope of the double mass curve indicate potential inconsistencies in the
data (Searcy and Hardison, 1960).

Correlation Analysis

uses Pearson’s correlation coe cient (r) to measure the linear relationship between drought
indices (SPI, SPEI, SSI) derived from various sources (EMI, MoWE, TerraClimate,
ECMWEF) (see Tablei4.2):

F)
e & 0N V)

= pE =

i X i Y)Y

(3.5)

where X; and y; are observed values, and x and y are their means. A high r value close

to 1 or -1 indicates a strong correlation.

Inverse Distance Weighting (IDW)

is a spatial interpolation technique estimating unknown values at unsampled locations
using known values from nearby points. IDW assumes that closer points are more similar,

exerting greater in uence on estimated values (Shepard, 1968; Li and Heap, 2014).

Mathematically, IDW estimates the value at an unknown point Py by taking a weighted

average of known points P;j: P
n Z(Pi)
i=1 d(Po;Pi

Z(Po) = Pt (3.6)
i=1 d(Po;Pi)P

where Z(Py) is the interpolated value, Z(P;) is the known value at point P;, and d(Py; P;)
is the distance between the points. The parameter p controls the in uence of known

points, with a higher p giving more weight to nearby points (Watson, |1992).
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The distance d(Po; P;) is typically calculated using the Euclidean distance formula:

dPo:P) = 0 X 0o i @3.7)

where (Xo;Yo) are the coordinates of the unknown point and (X;;y;) are the coordinates
of the known points. In practical applications, IDW may use a search radius to limit
interpolation to nearby points, preventing distant points from unduly in uencing the

results (Burrough and McDonnell, 1998).

3.4.2 Data Quality and Bias Correction

Our study relies exclusively on 17 synoptic meteorological stations across Ethiopia, cho-
sen for their compliance with stringent WMO quality standards, including continuous
3-hour observations, complete meteorological variables, and consistent long-term records
(1986{2023). While this ensures high data reliability for drought indices such as SPEI
and SPI, the spatial distribution of these stations does not fully capture sub-basin cli-
matic variability, especially in the Abay (Blue Nile) lowlands and eastern Awash regions
(Conway, 2000a; Edossa et al., 2010).

Initial use of satellite and reanalysis datasets (e.g., TerraClimate, ECMWEF) in our
study did not include systematic bias correction, potentially contributing to overestima-
tion of drought frequency and severity in these basins. We documented inherent biases in
these remote sensing products, consistent with ndings in regional hydroclimate assess-
ments (Hirpa et al., |2019; |[Fang et al., |2021). To address this, we incorporated quantile
mapping bias correction techniques using Ethiopian Meteorological Institute (EMI) sta-
tion data as reference, thereby improving precipitation input accuracy for SPI calculations
(Gudmundsson et al., 2012).

We emphasize that while the rigorous data quality control of synoptic stations under-
pins the robustness of our ndings, the limited station density and spatial heterogeneity
may lead to drought frequency overestimation on the order of 10{15% in poorly mon-
itored basins. These results should be interpreted as indicative of basin-scale drought
trends rather than precise local measurements. Future studies should prioritize expand-
ing ground-based observation networks and applying systematic bias correction to remote

sensing datasets to reduce uncertainties (Hirpa et al., 2019; Fang et al., 2021).
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Calibration Method

For each station, the routing coe cient Couiing Was calibrated against MoWE ground-

based stream ow observations Qqps by solving:

Crouting = RL;ZM (3.8)

The calibration used monthly means of observed discharge and corresponding satellite
runo over a 10-year historical reference period (1990{1999) to avoid bias from extreme
drought or ood years.

This approach assumes linearity between runo and stream ow on monthly scales,
which is acceptable for semi-arid and seasonal basins with relatively stable base ow re-
cession characteristics (Shamshirband et al., 2020; Beck et al., 2017a). Sensitivity analysis
con rmed the robustness of the calibration, with coe cient of determination (R?) values

exceeding 0.85 for most stations.

Limitations of Hydrological and Meteorological Data

While rigorous quality control and bias correction were applied, several inherent limita-
tions in the observational datasets should be acknowledged:

Spatial Representativeness: The network of 17 synoptic stations, while WMO-
compliant, provides uneven spatial coverage. Basins such as Wabi Shebelle and Baro
Akobo are represented by a single primary station, which may not fully capture sub-basin
climatic heterogeneity, particularly in topographically complex areas. Spatial interpola-
tion techniques (IDW, Thiessen Polygons) mitigate but do not eliminate this representa-
tiveness gap.

Hydrological Data Gaps: Stream ow records from the 28 MoWE stations, though
essential for SSI calculation, contain periods of missing data (up to 10% in some records).
Gap- lling using regional regression assumes hydrological similarity between catchments,
which may not hold during extreme events, potentially smoothing the magnitude of severe
low- ow or ood periods.

Temporal Homogeneity: Despite homogeneity corrections via Double Mass Curve
analysis, non-climatic in uences such as station relocation, instrument changes, or land-

use changes around stations may introduce subtle biases that are challenging to fully
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remove, especially in longer-term trend analysis.

Resolution Mismatch in Integration: Integrating point-based station data with
gridded satellite/reanalysis products (TerraClimate at 4 km, ERA5 at 0.25) involves
a scale discrepancy. While bias correction was applied, microclimatic features resolvable
by stations (e.g., valley cold pools, urban heat islands) may be diluted in the gridded
datasets.

These limitations suggest that drought and ood frequency may be over- or under-
estimated by approximately 10{15% in the most data-sparse basins. The results are
therefore interpreted as robust indicators of basin-scale trends rather than precise local
measurements. Future monitoring e orts should prioritize network densi cation, espe-

cially in underrepresented lowland and transitional zones.

3.5 Drought Indices

Standardized Precipitation Index (SPI)

is derived from the gamma distribution of precipitation data, which is transformed into a
standard normal distribution. The gamma distribution is preferred for time scales due to
its superior t compared to log-normal and normal distributions, particularly for drought
indices like SPI (Angelidis et al., [2012a). This study selected the gamma distribution for
monthly precipitation series due to its adaptability and statistical t.

The procedure to obtain the standard normal distribution is as follows:

1. Gamma Distribution: The probability density function (PDF) of the gamma dis-

tribution is given by:

X, ‘e &.
(

q(X) = )" for X, >0 (3.9)

where is the shape parameter, estimated using maximum likelihood, and is the
scale parameter. Here, Xy represents precipitation over k consecutive months (in
mm). The gamma function ( ) is de ned as:
VA 1
()= y e Ydy (3.10)

0
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2. Transformation to Normal Distribution: The cumulative probability G(Xy) of the

gamma distribution is transformed into a normal distribution to obtain the SPI
value, which measures deviations from the long-term mean (Angelidis et al., 2012a).
The cumulative distribution function (CDF) is calculated by integrating the PDF:

Zxk Zxk

G(Xy) = 0 q(X)dx:% X le = dX (3.11)

The parameters and are estimated using:

1+ 1+ — (3.12)

(3.13)

— P —
where A = In(Xy) —2%% n s the number of observations, and Xy is the sample

mean.

The gamma distribution is unde ned for X, = 0. In cases of zero precipitation, the

probability distribution is adjusted:
HX) =g+ (1 q)G(X) (3.14)

where H(X) is the cumulative probability and q is the probability of zero pre-
cipitation. This cumulative probability is transformed into the standard normal

distribution to compute SPI:

Co +Cit+ C2t2
SPI=2z2= t ; for0<H(X 0:5 3.15
1+ dyt + dot2 + dat? or (%) (3.15)

Co +Cit+ C2t2
1+ dit+dyt2 + dst3

SPI=Z=+ t . for05<H(Xy) 1 (3.16)

where t is determined by:

t= 1In for 0 < H(Xyx) 0:5(3.17)

1 .
H(X)?
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s

1
e PEEE—— << .
t= I s ¢ Pros<HXO 1 (3.18)

The constants are ¢y = 2:515517, ¢; = 0:802853, ¢, = 0:010328, d; = 1:432788,
d, = 0:189269, and d; = 0:001308.

Drought conditions are classi ed based on SPI values: mild drought (SPI between
0 and -0.99), moderate drought (-1.00 to -1.49), severe drought (-1.50 to -1.99), and
extreme drought (SPI < -2.00) (Wang et al., 2023). Conversely, SPI values 2.0
indicate extremely wet conditions, often associated with oods (see Table: [3.3).

Table 3.3: Classi cation for SPI, SPEI, and SSI values.

Classi cation Indexes Values
Extremely dry (ED) SPI, SPEI, SSI 2
Severely dry (SD) -2.0 < SPI, SPEI, SSI 15
Moderately dry (MD) -1.5 < SPI, SPEI, SSI 1:0
Near normal (NN) -1.0 < SPI, SPEI, SSI1 <1.0
Moderately wet (MW) 1.0 SPI;SPEI;SSI <15
Very wet (VW) 1.5 SPI;SPEI;SSI <20
Extremely wet (EW) SPI, SPEI, SSI 2

3.6 Drought Indices SPEI Computation

To quantify meteorological drought, we computed the Standardized Precipitation Evap-
otranspiration Index (SPEI). SPEI required an estimation of potential evapotranspi-
ration (PET). For consistency across all basins, PET was estimated using the Harg-
reaves method, which relies solely on maximum and minimum temperature. This ap-
proach is particularly suitable for Ethiopian conditions, where full meteorological vari-
ables (e.g., humidity, wind speed, solar radiation) required for more complex methods
such as Penman-Monteith are often unavailable or unreliable at non-synoptic stations
(Worglul et al., 2017; |[Fick and Hijmans, 2017).

The Hargreaves method has demonstrated reasonable performance in both the high-
land and lowland regions of Ethiopia and has been validated in prior regional hydrological
modeling studies (Worglul et al., 2017). Using a uniform PET estimation method reduces
methodological inconsistencies that could arise from employing di erent PET models at
di erent locations. Furthermore, SPEI was implemented within a water balance frame-

work, where actual evapotranspiration and soil moisture dynamics were accounted for
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through climatic water balance (precipitation minus PET). This physically-based im-
plementation enhances the hydrological relevance of the SPEI signal by incorporating

land-atmosphere interactions (Vicente-Serrano et al., [2010a).

Validation of this approach was conducted using two strategies. First, at stations
where su cient data permitted, we compared Hargreaves-based PET with Penman-
Monteith estimates and observed that SPEI di erences were minimal (mean 0.15). Sec-
ond, spatial and temporal agreement was assessed against global reanalysis and remote
sensing products (ECMWF ERAS5, TerraClimate), showing strong correlation (R? > 0:89)
and accurate identi cation of historical drought years (e.g. 1984, 2002, 2015), which are
well documented in Ethiopian drought records (Edossa et al., [2010; Haile et al., [2021b).

While the exclusive use of the Hargreaves method may limit the representation of
evaporative demand under speci ¢ microclimates, we address this limitation by (i) ap-
plying a water balance-based SPEI approach, (ii) validating against alternative models
and satellite products, and (iii) explicitly acknowledging the constraint in our discus-
sion section. This strategy ensures internal consistency, methodological transparency,
and compatibility with global drought monitoring practices in data-scarce environments

(Vicente-Serrano et al., [2017).

3.6.1 Standardized Precipitation Evapotranspiration Index (SPEI)

is based on the cumulative water balance (precipitation minus potential evapotranspira-

tion). The calculation steps are:

1. Water Balance Calculation:
Di=P; PET; (3.19)

where D; is the water balance for month i, P; is the precipitation, and P ET; is the

potential evapotranspiration.

2. Distribution Fitting and Standardization: The cumulative distribution of D; is tted
to a probability distribution (e.g., log-logistic), which is then standardized to derive
the SPEI (Vicente-Serrano et al., 2010b).
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3.7 Hydrological Drought Assessment Using SSI

To assess hydrological drought, the Standardized Stream ow Index (SSI) was calculated
from historical stream ow records across the ve major river basins. Stream ow data
were acquired through formal agreement with the Ethiopian Ministry of Water and En-
ergy (MoWE). The gauge stations selected for SSI computation are identical to those
previously used in our Thiessen polygon construction for spatial weighting of meteoro-
logical data (precipitation and temperature). This methodological consistency ensures

coherence between our meteorological and hydrological drought assessments.

The selected stations monitor major river segments within each basin and were chosen
based on three criteria: (i) representativeness of the primary sub-basin hydrology, (ii) con-
tinuous long-term records, and (iii) data availability for the full study period (1986{2023).
For instance, in the Baro Akobo Basin, stream ow data were analyzed from six stations,
including Begwoha NR Tapi and Gactheb NR Mizan Teferi. Similarly, the Awash Basin
analysis employed ve key stations, such as KeateRr@Haik and Awash@Dubti, each se-
lected for their hydrological relevance and historical data coverage. A complete list of
gauge stations, river names, sub-basin a liations, and geographic coordinates is provided
in Table 3.2

This dual use of gauge stations ] for both SSI computation and Thiessen polygon
generation | reinforces spatial consistency and methodological transparency across our
drought indices. All stream ow time series were tested for homogeneity and missing
data were gap- lled using regional regression methods following established hydrological
protocols (Hirpa et al., 2019; Dile et al., 2016). The SSI was then computed by tting
a gamma distribution to monthly ow values and standardizing the results to facilitate

inter-basin comparisons (Modarres, [2007).

While the consistent use of stations strengthens methodological integrity, it also in-
herits spatial limitations related to gauge density. Several sub-basins remain under-
instrumented, a known issue in Ethiopian hydrometeorology (Conway, 2000a). Future
research should expand spatial coverage through additional gauge deployment and inte-

gration with remote sensing-based ow proxies (Hirpa et al., [2019).
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3.7.1 Standardized Stream ow Index (SSI)

SSI is calculated using the same methods as SPI but is based on stream ow data. The
calculation follows the same process as SPI, applying the gamma distribution to stream-
ow data to compute cumulative ow values for each month, allowing identi cation of

hydrological droughts (Shamshirband et al., [2020).

1. Gamma Distribution for Stream ow: The gamma distribution formula used for SPI

is applied to stream ow data.

2. Normalization: Stream ow values are standardized by transforming the gamma dis-
tribution into a normal distribution, producing SSI values that indicate hydrological

drought severity (Nalbantis and Tsakiris, 2009a).

3.7.2 Stream ow Validation

Modeled stream ow estimates from ECMWF were compared to ground-based discharge
data from MoWE gauges in six basins (Abay, Awash, Baro Akobo, Genale-Dawa, Tekeze,
and Wabi Shebelle). Calibration used routing coe cients (equation:(3.8)) to harmonize
ECMWEF runo with observed discharge, addressing biases as in |Beck et al.| (2017b);
Fekadu et al.| (2023).

3.8 Statistical Analysis

3.8.1 Mann-Kendall (MK) Test

Mann-Kendall (MK) Test is a non-parametric statistical test that detects trends in time

series data. The test involves:

Rank Comparison: For each pair of data points (X;; X;), where j > i, compute the

sign of the di erence:
> X
S = sign(x;  Xi) (3.20)

i=1 j=i+1
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where: 8
%4‘1 if Xj = Xj
sign(x;  Xi) = §0 if Xj = X (3.21)
- 1 if Xj < Xj

The sum S represents the di erence between the number of positive and negative
pairwise comparisons.
Statistical Signi cance: The test statistic Z is calculated to determine the trend’s

signi cance:

8
S 1 H
%pm ifS >0
Z:§

0 ifS=0 (3.22)

“pL_ jfS<0

Var(S)

where Var(S) is the variance of S, accounting for ties (Sen, 1968; |Kendall, 1975).

The Mann-Kendall test, while robust to non-normality and outliers, assumes serially
independent data ]| a condition often violated in hydroclimatic time series due to auto-
correlation (Kendall, [1975). To address this, we applied the Yue-Wang pre-whitening
method and veri ed results with the Spearman’s Rho test. Sen’s Slope was prioritized

for trend magnitude due to its resilience to skewed distributions (Sen, (1968).

3.8.2 Sen’s Slope Estimator

calculates the magnitude of the trend detected by the Mann-Kendall test as the median

of all pairwise slopes:

(3.23)

for all i < j. Sen’s slope provides a robust estimate of the trend’s rate of change (Sen,
1968).

3.9 Reanalysis Validation and Bias Correction

ERAS5-Land underwent comprehensive validation against station data prior to gap- Iling:
While ERA5-Land generally performs well after correction, users should note known

limitations in its early record (pre-1990). As shown in Figure 4.13, temporal trends from
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Table 3.4: ERA5-Land performance metrics against station observations (1987{2024)

Metric Raw Corrected Improvement
Mean Bias ( C) -2.17 -0.08 96%
RMSE ( C) 3.21 2.37 26%
Correlation (R) 0.858 0.934 9%

ERADS before 1990 diverge from ground-based EMI observations. This is a recognized issue
in reanalysis products for data-sparse regions prior to the modern satellite era (Hersbach
et al., [2020b; ?). For this study, trend analyses (e.g., Mann-Kendall) focus on the post-
1990 period where all datasets show strong temporal coherence, ensuring robustness in
the reported intensi cation of extremes.

Bias correction methodology:

1. Quantile Delta Mapping: Applied to daily Tmax using 1990{2010 baseline (Can-

non et al., 2015), preserving ERAS trends while correcting distributional biases

2. Hypsometric Adjustment: Elevation-dependent correction via adiabatic scaling

(Hunter and Meentemeyer, |2007):
Tadj = Teras + (Zstation ZERAS)

where = 6.5 C/km (regional lapse rate validated via radiosondes)

3. UHI Masking: Urban grids identi ed using VIIRS radiance >5 nW/cm /sr (Zhang

et al., 2020) received separate correction

Post-correction R reached 0.872, with residual errors <0.5 C in lowlands and <1.0 C in

highlands.

3.10 Crossing Theory Adaptation: From Global Foun-
dations to Ethiopian Winter Context

Crossing theory has been applied to climate extremes in temperate regions, though its
speci ¢ adaptation for heatwave analysis remains methodologically niche. While foun-
dational work (e.g., Vanmarcke| (1983, |2010)) established crossing theory for spatial-

temporal processes, [Chapman et al.| (2019) demonstrated its utility in quantifying winter
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heatwave trends. We adapt this framework to Ethiopia’s tropical highlands during winter

months (October-January) through substantial innovations across three scales.

3.10.1 Global Theoretical Foundation

Crossing theory (Rice, 1944; Vanmarcke, 2010) establishes that for a stationary time
series, heatwave properties can be derived from the cumulative distribution function

(CDF) of observations. The core equations quantify:

Average duration of runs above threshold u:

1 c)
W) = B

where P¢ross(U) = P (Xt 1 < u; X¢ > u) (threshold crossing probability)
Return period:

1 M
Pcross(u) IVIO

r(u) =

where C(u) = CDF at threshold u, M = ONDJ days (122 days), My = 365.25 days/year.
This framework bypasses temporal correlation dependencies but originally assumed winter-
dominated heatwaves in at, temperate regions (Chapman et al., 2019).

Regional Adaptation: Tropical Highlands

Ethiopia’s environment violates these assumptions, necessitating fundamental adapta-

tions (Fig. B.2):

1. Winter Heatwave Dynamics: Peak heat risk occurs during winter (October-

January) due to:

Post-monsoon clear skies (Segele et al., |2009)
Reduced evaporative cooling

Agricultural sensitivity during harvest

2. Diurnal Ampli cation: Stronger daytime asymmetry ( Tgay-nignt = 12 15C)

with limited nighttime recovery (<60%) compared to temperate winters.
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Figure 3.2: Methodology work ow integrating elevation binning and UHI segregation

3. Altitude Gradients: Microclimatic fragmentation across 50-2500m elevation range:

Uiocal = Upasin +  (Zstation  Zbasin)

with = 6.5 C/km (RMSE = 0.8 C).
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3.10.2 Local Implementation

Building on bias-corrected ERAS5-Land data (Section [3.9), we implement a four-stage
work ow (Fig. grounded in tropical climatology principles (Pepin et al., |2022a;
Willett et al., 2022):

Stage 1: Humidity-Corrected Thresholds Wet-bulb temperature transformations

(Willett et al., 2022) account for nonlinear humidity e ects on human thermoregulation:
Uwp = 0:567T4 + 0:393e + 3:94 (3.24)

where T, = air temperature ( C), e = vapor pressure (hPa). This adjustment is critical
during Ethiopia’s "dry heat™ winters where 35 C at 20% RH equals the human physio-
logical limit (28 C wet-bulb) (Sherwood and Huber, |2010). The formulation represents a

rst-order approximation of the full wet-bulb physics with <0.5 C error for
RH<45%.

Stage 2: Urban-Rural Strati cation To resolve sub-basin heterogeneity, we imple-

ment hypsometric integration (Pepin et al., 2022a):

X X
Upasin;j = Wk:j  Ulocal;ks where Wk:j = 1 (3-25)
k k

Here wy.; = fractional area weight of elevation zone k in basin j, derived from SRTM
30m DEM hypsometry. Urban zones were classi ed using VIIRS radiance >5 nW/cm /sr

(zhang et al., 2020), with separate weights for formal and informal settlements.

Stage 3: Orographic and Cloud Correction Microclimate adjustments address

Ethiopia’s extreme relief:

Hypsometric adjustment:
Thyp = Tobs + (Zbasin ~ Zstation); = 6:5 C/km

validated against radiosonde pro les (RMSE=0.8 C)
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Figure 3.3: Implementation work ow for Ethiopian winter heatwave analysis
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Cloud correction:

Tadj = Thyp +  CC; = 0:15 C=%

where  was calibrated against MODIS clear-sky radiances (Giangrande et al.,

2021)), accounting for reduced insolation in highlands

Stage 4: Kernel Density Estimation Strati ed CDFs were estimated using Silver-

man’s adaptive bandwidth method (Silverman, (1986):

h = 0:9min(®; IQR=1:34)n

implemented per 500m elevation-UHI stratum. This approach reduces RMSE by 15%

in highlands compared to xed bandwidths by accommodating non-Gaussian tails of

extreme temperatures (Chapman et al., [2019).

Table 3.5 Bioclimatic patterns revealed by the basin-scale analysis work ow

Pattern Physical Mechanism and Quantitative
Signature
Lowland 2 stronger warming trends in arid basins

ampli cation

Urban acceleration

Elevation paradox

(Awash, Wabi Shebelle) due to positive soil
moisture-vegetation feedbacks reducing
evaporative cooling (Berg et al., 2016). Soil
moisture de cits explain 68% of duration
increases.

170% increase in heatwave days from nocturnal
longwave radiation trapping ( Tmin> Tmax)»
particularly pronounced in the Rift Valley.

Veri ed by VIIRS radiance-density correlations
(R? = 0:89) (Worku et al., [2021a).

Anomalous highland warming (+0.3 C versus
lowlands) driven by reduced cloud cover

(= 0:11) and expanding foehn winds (12%
increase since 2000). Contradicts CMIP6
highland cooling projections (Pepin et al., 2022a;
Llopart et al., 2022).
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3.10.3 Validation Against Observed Heatwaves

Table [3.6/ con rms framework robustness when validated against station records:

Table 3.6: Crossing Theory Performance Metrics (2015-2024)

Metric Lowlands Highlands Urban Rural
Return period RMSE (years) 0.4 0.9 0.5 0.8
Duration MAE (days) 0.6 1.1 0.7 1.0
Intensity MAE ( C) 0.3 0.6 0.4 0.5
R? (event frequency) 0.91 0.82 0.88 0.83

Performance improvements in highlands (+15% RMSE reduction) and rural areas
(+12% R? gain) demonstrate e cacy of our adaptations. Residual errors primarily stem

from unresolved cloud-top interactions (Pepin et al., 2022a).

3.10.4 Threshold De nitions
Critical thresholds (Table were validated against Ethiopian impact data:

Health (35 C): Matched 2022 mortality surge in Addis Ababa (Ministry of Health,
Ethiopia, 2022)

Agriculture (30 C): Aligned with te yield loss in ection points (Tack et al.,
2017a)

Infrastructure (28 C): Corresponded to road softening events in Awash Basin

(MoT, 2024)

Note: 35 C refers to dry-bulb, while wet-bulb comfort limitis 28 C

3.10.5 Probabilistic Forecasting Framework

To enable early-warning applications, we developed a probabilistic heatwave forecasting
system based on real-time CDF updates. The framework generates 30-60 day exceedance

probabilities using three core components:

1. Basin-Speci ¢ CDF Projection:

ét+ (u) = Ct(u) + Ctrend + C:seasonal
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Table 3.7: Basin-speci ¢ heatwave thresholds ( C). Bolded rows indicate critical impact
thresholds.

Basin 90th Percentile Health Threshold Infrastructure Threshold
Abay 29.5 30.0 28.0
Awash 34.2 35.0 30.0
Baro Akobo 30.8 31.0 28.0
Genale Dawa 33.7 34.0 30.0
Omo Ghibe 32.4 33.0 29.0
Rift Valley 31.6 32.0 28.5
Tekeze 30.2 31.0 27.5
Wabi Shebelle 36.1 37.0 32.0

where = lead time (30-60 days), Cgreng = linear trend from 1990-2024, Cseasonal
= climatological adjustment.
2. Elevation-Adjusted Threshold Exceedance:
Y h Ia,
IDHW(t + ) =1 1 ét+ (Uadj;zk)
k=1
where Uyqj = wet-bulb adjusted threshold, z, = elevation zone, Ay = fractional

area.

3. Validation Protocol: Performance was quanti ed using Brier score (BS):

1 X
BS = N (i 0;)? (3.26)
i=1

where f; = forecast probability (0-1), o; = observed outcome (1 if event occurred, 0
otherwise), N = forecast instances. Validation used 2020-2024 out-of-sample data

with:

Forecast Initiation: Daily at 45 days pre-heatwave season
Event De nition: 3 days exceeding basin-speci ¢ 90th percentile
Veri cation: Station observations (EMI, |2021)

Benchmarks: ERAS raw forecasts (Hersbach et al., 2020b) and climatology
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3.11 The Statistical DownScaling Model (SDSM) Frame-
work

The Statistical DownScaling Model (SDSM) is a robust hybrid tool that combines mul-
tiple linear regression and stochastic weather generation (Wilby et al., 2002). Its appli-
cation in Ethiopia has been validated for producing plausible climate change scenarios
(Feyissa et al, [2023). Figure [2.1] illustrates the conceptual work ow of the SDSM pro-
cess, from data preparation to climate scenario generation, adapted from the foundational
manual (Wilby et al., 2002). This study implements this framework using CMIP6 GCM
output.

3.11.1 Statistical Downscaling Methodology: Theoretical Foun-

dation

Model Framework and Implementation

The SDSM (Wilby et al., 2002) combines multiple linear regression (MLR) and a stochas-
tic weather generator (SWG). The MLR component establishes empirical relationships
between large-scale NCEP reanalysis predictors and local-scale observed variables (pre-
dictands), generating regression parameters. These calibrated parameters are then used
by the SWG, along with large-scale predictors from GCMs, to generate an ensemble of
daily time series (e.g., up to 100 realizations), thereby capturing natural variability and
uncertainty (Hussain et al., 2020).

The model requires two primary daily datasets: (1) local predictands of interest (tem-
perature, precipitation) and (2) large-scale atmospheric predictors from the NCEP re-
analysis and GCMs for the grid cell covering the study area (Wilby et al., [2002). The
downscaling procedure involves seven key steps: quality control and data transforma-
tion, predictor variable screening, model calibration, weather generation using observed
(NCEP) predictors, statistical analysis and graphing of model output, and scenario gen-
eration using climate model (GCM) predictors.

Statistical downscaling models are generally classi ed into three types: weather clas-
si cation schemes, weather generators, and transfer functions. The most common ap-

proaches use transfer functions, which model direct empirical relationships between large-
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scale predictors and local-scale predictands (Anandhi et al., 2008; [Dibike and Coulibaly,
2006). This research employs a multiple linear regression-based downscaling approach to

project future changes in maximum temperature and precipitation.

Theoretical Foundation: Multiple Linear Regression

Multiple linear regression (MLR), hypothesis testing, and principal component analysis
form the core statistical foundation for this downscaling exercise. This section focuses on
the application and interpretation of these techniques; a full theoretical treatment can be
found in dedicated textbooks (Supriya, [2015). In regression analysis, a dependent variable
(predictand) is modeled as a function of one or more independent variables (predictors).

An MLR model with multiple predictors is expressed as:

Y=o+ X+ (3.27)
j=1
where Y is the predictand, X; are the predictors, ; are the regression coe cients, and
is the error term.

Following [Dharmaveer et al.| (2020), SDSM generates station-scale weather parameters
by conditioning them linearly on observed large-scale atmospheric predictors (X, for
J = 1;2;::;;n). The downscaling process is either unconditional (e.g., for temperature)
or conditional (e.g., for precipitation).

The downscaling of conditional processes like daily precipitation (PCP) depends on
an intermediate variable, such as the occurrence of a wet day. The occurrence of a wet

day (W;) on day i is modeled as:

X
Wi= o+ i Xij; (3.28)
offj=1
under the constraint 0 W; 1. The value of W; represents the probability of precip-
itation occurrence based on large-scale weather conditions. Precipitation is deemed to
occur if a uniformly distributed random number r ~ W;.

The amount of precipitation (y;) on a wet day is given by:

o+ inj + (3.29)
j=1
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where k denotes a transformation (e.g., fourth root, logarithmic) applied to normalize
skewed precipitation data, and ; is the stochastic error term.

For unconditional processes like daily maximum temperature (Twuax), @ direct linear
relationship is established:

Ui = o+ inj + (330)
j=1

where U; is the temperature on day i. The regression coe cients ;, ;, and j are
estimated for each month using least-squares regression. The error term ; is generated
stochastically using serially independent Gaussian random numbers and added to the

deterministic component daily.

Estimation of the Model Parameters

The MLR models within SDSM are calibrated using ordinary least squares (OLS) to esti-
mate model parameters. Consider a multiple linear regression model with k independent

predictor variables Xi,...,Xm and one response variable y:

Yi= ot iXij+ i (3.31)

where y is the dependent variable (predictand) represented as a function of k indepen-
dent variables (predictors), X. o is the unknown intercept, i;::; k are the unknown

coe cients (partial regression coe cients), and is the random error term.

With n observations on the k + 1 variables:
Vi= o+ 1 Xip+ Xpp+:iii+ X+ i; 1=1:5n (3.32)

The least-squares method ts a hyper-plane into (k + 1)-dimensional space that min-

imizes the sum of squared residuals:

S = |2 = Vi 0 inj (333)

i=1 i=1 j=1

The parameter estimates "o; :::; “k are obtained by solving the system of normal equa-

tions derived from partial derivatives of S with respect to each j set to zero. This system
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can be expressed in matrix form. Let:

2 3 2 3 2 3 2 3
Y1 1 X112 X2 (] i E7 of FO 1
1 x X X
y= y_2 . x=§ 7" 7. =§ o = E é (3.34)
Yn 1 Xn1 Xn2 Xnk k n
The model becomes:
y=X + (3.35)

The least-squares estimator of  that minimizes ' =(y X )y X )is:

N = (X'X) Xy (3.36)

provided the inverse of X"X exists (predictors are not perfectly multicollinear). The

vector of tted values is:
g =X" = X(X'X) X'y = Hy (3.37)

where H = X(X'X) 1X'is the hat matrix. The residualsare =y ¢=(1 H)y.

While SDSM’s core is based on multiple linear regression, the screening and selection of
large-scale predictor variables involves assessing non-linear and conditional relationships
(Wilby and Dawson, 2013). The model’s ability to handle conditional processes (like
precipitation occurrence) and apply transformations to predictands introduces a non-
linear dimension to the downscaling framework (Bilgili and Sahin, [2010). Studies like
Rezaeianzadeh et al.  (2013) have shown that carefully constructed statistical models can

e ectively represent complex hydro-climatic relationships.

SDSM version 5.3 was used in this study. A full description of the software, its
functions, and mathematical formulation is available in the user manual (Wilby and
Dawson, [2013).

The performance of the downscaled daily time series during calibration and validation

was evaluated using the coe cient of correlation (R) and the root mean square error
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(RMSE): o
R= o > (Obs; Obs) (Pred; Pred) (3.38)
- G _Os) | _
Tn_(Obs; Obs)2 = I (Pred; Pred)?
r‘pn 5
rRMSE = i=u(Obsi Pred) (3.39)

n

3.11.2 Implementation of the Downscaling Methodology

The methodology was implemented in seven stages, following the work ow in ??:

Predictor Variable Screening and Selection

This critical step ensures downscaling skill (Hawkins and Sutton, 2011). For each of the

17 stations and both predictands (Tmax, P), we:

1. Correlated 26 standardized NCEP predictor variables with observed station data

seasonally (Kiremt, Belg, Dry seasons).

2. Selected a parsimonious set of 3-5 predictors based on high correlation (jrj > 0.3),
physical plausibility, and low multicollinearity (Variance In ation Factor < 5). For
Tmax, dominant predictors included mean temperature at 2m, 500hPa geopoten-
tial height). For precipitation, atmospheric predictors were key (e.g., near-surface
speci ¢ humidity, zonal wind component at 850hPa, relative humidity at 500hPa),

re ecting moisture availability and large-scale ascent (Diro et al., [2011).

3. Ensured selected NCEP predictors had high- delity analogues in CanESM5 output

for seamless future projection downscaling.

Model Calibration (1986{2005)

SDSM was calibrated over a 20-year period. For Tmax, a direct multiple linear regression
model was developed based on the theoretical framework. For the discontinuous precipi-

tation series, the two-stage process described by equations (2) and (3) was employed:

1. Wet-Day Occurrence: A binomial logistic regression model determined the prob-
ability of daily precipitation occurrence (P > 0.1 mm), conditioned on selected

predictors.
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2. Precipitation Amount: On wet days, a conditional model (gamma distribution)

calibrated precipitation intensity (Wilby et al., |2002).

Model Validation (2006{2019)

Calibrated models were driven by independent NCEP reanalysis data for 2006{2019.
Downscaled output was compared against observed station data using performance met-
rics R and RMSE (equations 14-15), alongside Nash-Sutcli e E ciency (NSE) for hydro-
logical delity and Volumetric Error (VE) for overall water balance bias (Moriasi et al.,
2007)). Validation results (Table[6.1) con rmed high model skill for Tmax and acceptable
performance for precipitation, consistent with other SDSM applications in data-sparse
regions (Dinku, 2019).

Generation of Climate Projections and Ensemble Construction

Validated SDSM models were executed using bias-corrected CanESM5 output for his-
torical (1981-2014) and future (2025-2050) periods under SSP2-4.5 and SSP5-8.5. To
quantify uncertainty from the stochastic downscaling process, a 100-member ensemble
of daily time series was generated for each station, variable, and scenario (Chen et al.,
2010). This ensemble approach enables probabilistic climate projections, providing a

more comprehensive risk assessment for policymakers.
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Chapter 4

Drought and Floods patterns over

Ethiopia River Catchments

This chapter examines the critical hydrological extremes of drought and ood that de-

ne the climate vulnerability of Ethiopia’s major river catchments. While often studied
in isolation, these phenomena are interconnected facets of the nation’s hydroclimatic
variability, driven by complex interactions between global teleconnections like ENSO
and 10D and local topography. Employing an integrated methodology that synergizes
ground observations from the Ethiopian Meteorological Institute (EMI) with satellite
(TerraClimate) and reanalysis (ECMWF) data, the following two sections provide a com-
prehensive, basin-speci ¢ analysis. The rst investigates Spatial and Temporal Drought
Patterns (1986{2023), while the second analyzes Flood Patterns over the same period,
together o ering a holistic assessment essential for informed water resource management

and climate adaptation strategies (Conway, 2000; Nicholson, 2017; Tola et al., 2025).

4.1 Spatial and Temporal Drought Patterns in Ethiopia:
Integrating Ground and Remote Sensing Data

for Comprehensive Assessment

This chapter provides a comprehensive assessment of drought patterns (1986{2023) by in-
tegrating ground-based (EMI, MoWE), satellite (TerraClimate), and reanalysis (ECMWF)
datasets. Using standardized drought indices (SPI, SPEI, SSI) and advanced statistical
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methods (Mann-Kendall, Sen’s Slope, IDW, Thiessen Polygon). The results presented
here are published in the Journal of Hydrology Research by Mulugeta A.; Abebe K. and
Prakash R. (2025).https://doi.org/10.2166/nh.2025.032

4.1.1 Introduction

Ethiopia’s unique geographic and climatic conditions make it highly susceptible to large-
scale climate oscillations, including the EI Niro-Southern Oscillation (ENSO), Indian
Ocean Dipole (10D), North Atlantic Oscillation (NAO), Paci ¢ Decadal Oscillation (PDO),
and Madden-Julian Oscillation (MJO). These phenomena signi cantly in uence pre-
cipitation, temperature, and seasonal variability, resulting in recurrent droughts that
severely impact water resources and agriculture in a predominantly rain-fed farming sys-
tem (Nicholson, |2017; Funk et al., 2008). For instance, ENSO events are associated with
severe rainfall de cits during their warm phase, exacerbating drought intensity, while
IOD and MJO a ect monsoonal circulations, in uencing the distribution and timing of
rainfall (Gebremicael et al., 2019a; Alemayehu et al., [2021). PDO operates on decadal
timescales, amplifying or modulating the e ects of ENSO on regional climate patterns,
making it a critical driver for long-term drought variability in Ethiopia (Rowell et al.,
2015).

Recent studies have further highlighted the role of ocean-atmosphere teleconnections
in shaping hydroclimatic variability across the Horn of Africa. (Nicholson, 2017) and
(Funk et al., |2008) emphasized how these climate modes interact to in uence drought
cycles at both seasonal and interannual scales. In addition, (Eshetu et al., 2020) and
(Mekonnen et al., [2021) have demonstrated the advantages of integrating satellite-based
remote sensing with ground-based data to enhance drought monitoring, revealing op-
portunities and challenges in applying such datasets across topographically complex and
data-scarce environments like Ethiopia.

Despite advancements in drought monitoring, Ethiopia’s ability to assess drought dy-
namics remains limited due to a sparse observational network. Although the Ethiopian
Meteorological Institute (EMI) manages only 17 synoptic stations meet the rigorous oper-
ational standards required for climate studies (Tola et al., 2025). These synoptic stations
are operated under strict World Meteorological Organization (WMO) guidelines, sta ed

by trained personnel, maintain consistent observation schedules, undergo regular qual-

56



CHAPTER 4. DROUGHT AND FLOODS PATTERNS OVER ETHIOPIA RIVER
CATCHMENTS

ity inspections, and provide complete multi-variable measurements essential for robust

drought index calculations.

While non-synoptic stations exist, they often face signi cant operational challenges,
such as inconsistent observation schedules, equipment malfunctions, and limited variable
measurements, typically recording only rainfall. Given these constraints, the study de-
liberately utilized data from the 17 reliable synoptic stations to ensure data quality and
consistency for drought assessment. This decision, however, presents spatial representa-

tion gaps, particularly in lowland areas and transitional climate zones.

To mitigate these limitations, spatial interpolation techniques, such as Inverse Dis-
tance Weighting (IDW) and Thiessen polygons, were employed to estimate values between
stations. Additionally, cross-validation with satellite and reanalysis products, including
TerraClimate and ECMWEF datasets, was conducted to enhance spatial coverage and
accuracy. These methods help compensate for the sparse distribution of high-quality
ground-based observations, facilitating a more comprehensive assessment of the spatial

and temporal variability of hydrological and agricultural droughts across Ethiopia.

The limitations of traditional drought indices in accounting for the sophisticated ef-
fects of teleconnections like ENSO, 10D, and NAO on seasonal and interannual drought
patterns have been widely discussed in previous studies (Rowell et al., 2015; Nicholson,
2017). In a broader context, studies on ocean-atmosphere (OA) indices have also high-
lighted similar climatic in uences in other regions. For example, (Mohammadrezaei et al.,
2018) examined the impacts of OA variability on drought patterns in Iran, emphasizing
the critical role of large-scale atmospheric oscillations in shaping regional hydroclimatic
extremes. These ndings reinforce the importance of integrating multiple climatic drivers
in drought assessments to improve predictive accuracy and water resource management

strategies.

The in uence of large-scale climate oscillations such as the El Nino-Southern Oscilla-
tion (ENSO) and the Indian Ocean Dipole (I0OD) on Ethiopian hydroclimate is complex
and spatially heterogeneous. While previous studies have noted that ENSO events often
lead to reduced precipitation in central and eastern Ethiopia, there is ample evidence
that certain El Niro episodes can also increase rainfall in these regions (Korecha and
Barnston, 2007; Diro et al., 2011). This paradox arises due to Ethiopia’s complex topog-

raphy and its modulation of teleconnection patterns (Omumbo et al., [2011). Similarly,
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the positive phase of the 10D tends to amplify rainfall variability, but its e ects vary by
season and basin (Saji et al., [1999; Black et al., |2003). Our study explicitly incorporates
these subtle climate in uences to develop a basin-speci ¢ drought assessment framework

that accounts for spatially variable teleconnections.

To capture the full range of Ethiopia’s hydrological and climatic diversity, this study
focuses on eight major river basins: Abay, Awash, Baro Akobo, Genale-Dawa, Omo-
Ghibe, Rift Valley, Tekeze, and Wabi Shebelle. These basins were selected due to their
distinct topographic features, hydroclimatic regimes, and socioeconomic importance. For
example, the Abay Basin, which forms the headwaters of the Blue Nile, is vital for both
agriculture and hydropower development. The Awash Basin supports major urban cen-
ters and irrigated agriculture but is frequently a ected by droughts. The Wabi Shebelle
and Genale-Dawa Basins are crucial for pastoralist communities in eastern and southeast-
ern Ethiopia and are highly vulnerable to rainfall variability. Collectively, these basins
0 er a representative cross-section of Ethiopia’s drought vulnerability and water resource
challenges, providing a comprehensive basis for assessing spatial and temporal drought

dynamics.

Recent advancements in satellite-based remote sensing and reanalysis datasets, such as
those provided by TerraClimate and European Centre for Medium-Range Weather Fore-
casts (ECMWF), o er a signi cant opportunity to improve drought assessment through
high-resolution spatial and temporal coverage. These datasets include key variables such
as precipitation, temperature, and stream ow/discharge, which are critical for monitoring
and predicting drought conditions. However, critical gaps persist, including (i) insu -
cient validation of satellite/reanalysis datasets against ground observations, (ii) limited
exploration of PDO-MJO interactions on decadal drought trends, and (iii) sparse station
coverage compromising spatial representativeness (Alemayehu et al., [2021; Mekonnen
et al., 2021). Challenges remain in addressing potential biases and ensuring applicability
at the catchment scale (Eshetu et al., 2020; Alemayehu et al., [2021), particularly due
to the lack of bias correction methods and comprehensive comparisons between ground-

based and reanalysis datasets.

While precipitation and temperature data have undergone partial validation against
ground-based observations, estimating potential evapotranspiration (PET) in Ethiopia

traditionally faces limitations due to sparse direct measurements. To overcome this, the
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Standardized Precipitation Evapotranspiration Index (SPEI) was computed using the
Hargreaves method, a widely accepted approach for data-scarce regions. This method
minimizes dependency on extensive meteorological inputs while maintaining robustness
when calibrated to local conditions, as demonstrated in recent Ethiopian drought studies
(Wodebo et al., [2025; [Seiful, 2024). Regarding stream ow, while satellite-based products
do not directly provide discharge data, this study utilized ground-based observations
from six major basins | Abay, Awash, Baro Akobo, Genale-Dawa, Omo-Ghibe, and Wabi
Shebelle ] to validate reanalysis datasets from TerraClimate and ECMWEF. These basins
were selected due to the availability of reliable gauge stations with multi-year records. The
remaining two basins, Rift Valley and Tekeze, were excluded from stream ow validation
due to data limitations but were included in other analyses to represent Ethiopia’s diverse
hydroclimatic conditions. This approach enhances the integration of ground-based and
reanalysis data, facilitating a more comprehensive assessment of the spatial and temporal
variability of hydrological and agricultural droughts (Gebremicael et al., 2019a; Mekonnen
et al., 2021).

Moreover, previous studies have primarily focused on short-term drought assessments
or speci c climatic drivers, often neglecting long-term drought variability and the com-
bined e ects of teleconnections. While some recent studies post-2021 have explored ad-
vanced drought prediction models, there remains a signi cant gap in addressing the in-
teractions between PDO, MJO, and other oscillations on Ethiopian drought dynamics
(Haile et al., 2021a; /Alemayehu et al., 2021).

This study addresses these gaps by integrating long-term ground-based observations
from the Ethiopian Meteorological Institute (EMI) and the Ministry of Water and Energy
(MoWE) with high-resolution reanalysis data from TerraClimate (TC) and ECMWF.
Employing advanced statistical methods and multi-scalar drought indices such as Stan-
dardized Precipitation Index (SP1), Standardized Evapotranspiration Index (SPEI), and
Standardized Stream ow Index (SSI), this research investigates the temporal and spatial
variability of droughts across Ethiopia from 1986 to 2023. Additionally, the study ex-
amines the in uence of major teleconnections, including ENSO, 10D, NAO, PDO, and
MJO, on drought dynamics, emphasizing the need for comprehensive multi-source data
integration and bias correction to enhance predictive accuracy and drought monitoring

capabilities.
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By addressing these critical research gaps, this study contributes to a deeper un-
derstanding of drought mechanisms in Ethiopia, o ering insights into the interactions
between climatic drivers, topography, and regional drought dynamics. The ndings aim
to improve water resource management and agricultural resilience, providing valuable
implications for drought-prone regions globally in the context of increasing climatic ex-

tremes.

4.1.2 RESULTS AND DISCUSSION

The analysis of eight major Ethiopian river basins (Abay, Awash, Baro-Akobo, Genale-
Dawa, Omo-Ghibe, Rift-Valley, Tekeze, and Wabi-Shabelle) reveals signi cant variability
in drought intensity and frequency. These variations are driven by complex interactions
between local climate dynamics and large-scale atmospheric phenomena such as ENSO,
10D, NAO, PDO, and MJO. The application of SPI, SPEI, and SSI indices across 3-, 6-,
and 12-month timescales, utilizing data from EMI, MoWE, TerraClimate, and ECMWF,

provides a comprehensive understanding of drought patterns from 1986 to 2023.

4.1.3 Temporal Drought Distribution Patterns

Abay Basin

The Abay Basin has exhibited increasing drought severity over the past two decades.
Meteorological droughts were notably severe in 2017, 2021, and 2023, with SPI-3 values
from EMI dropping below -2.1, closely matched by ECMWEF at -2.0. TerraClimate (TC)
underreported these events with SPI-3 values of -1.8. Seasonal droughts (SPI-6) during
201742021 con rmed a drying trend (MK Z = 3:47, Sen’s Slope = 0:023/year). SPEI-
12 indices from EMI con rmed moisture de cits during this period, indicating severe
agricultural drought conditions (Figure 5). Hydrological droughts (SSI-3) were equally
severe, with MoWE datasets indicating values below -2.1, supported by ECMWF and
underreported by TC (dropping below -2.0, -1.8; Figure 6).

The increasing drought severity in the Abay Basin aligns with studies by (Haile et al.|
2021a)), (Mekonnen et al., [2021)), and (Nicholson, 2017), highlighting the impact of ENSO
and ITCZ shifts on Ethiopian precipitation. The strong correlation between EMI and
ECMWEF data (r = 0:89) underscores the reliability of these datasets, while the moderate
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correlation with TC (r = 0:79) suggests potential underreporting. The consistent drying
trends detected by MK and Sen’s analyses indicate a growing vulnerability of the basin’s
agricultural and hydropower sectors to climatic extremes, necessitating enhanced water

management and resilience strategies.

Awash Basin

The Awash Basin experienced pronounced drought episodes in 2018, 2021, and 2023,
with SPI-3 values falling to -2.0 in EMI datasets and -1.9 in ECMWF, while TC reported
-1.8. Seasonal droughts (SPI-6) revealed signi cant drying trends (MK Z = 3:25, Sen’s
Slope = 0:024/year) with high correlations between EMI and ECMWF (r = 0:87).
Hydrological droughts (SSI-3) approached -2.0 in MoWE datasets (Figure 6), closely
followed by ECMWF and underreported by TC (-1.5, -1.4; Figure 7).

The severe droughts in the Awash Basin are attributed to intensi ed 10D cycles and
regional warming, as supported by (Gebremicael et al., 2019a), (Funk et al., |2008), and
(Mekonnen et al., 2021). The high correlation between EMI and ECMWF data (r = 0:87)
con rms the consistency of observed trends, while the moderate correlation with TC
(r = 0:78) indicates possible limitations in satellite data. These ndings corroborate
those of (Edossa et al., 2010), who emphasized the need for improved water resource
management and adaptive agricultural practices to mitigate the impacts of prolonged

droughts.

Baro-Akobo Basin

The Baro-Akobo Basin showed increasing meteorological drought severity, with SPI-3
indices reaching -2.3 in EMI datasets during 2017 and 2023, closely followed by ECMWF
at -2.2, while TC reported -1.9. Seasonal (SP1-6) and prolonged (SPI1-12) droughts ex-
hibited signi cant declines (MK Z = 3:46, Sen’s Slope = 0:023/year). Hydrological
droughts (SSI1-3) fell to -2.0 in MoWE datasets (Figure 6), supported by ECMWF and
underreported by TC (-1.9, -1.8; Figure 6).

The increasing drought severity in the Baro-Akobo Basin is consistent with ndings by
(Gebremicael et al., [2019a), (Funk et al., |2008), and (Nicholson, [2017)), which emphasize
the role of ITCZ variability in exacerbating precipitation de cits. The high correlation

between EMI and ECMWEF data (r = 0:89) validates the observed trends, while the
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moderate correlation with TC (r = 0:78) highlights data limitations. These drought
patterns pose signi cant challenges for hydropower projects and agricultural productivity,
necessitating integrated water management and climate adaptation strategies to enhance

basin resilience (Mekonnen et al., 2021).

Genale-Dawa Basin

The Genale-Dawa Basin faced severe meteorological droughts in 2017, 2021, and 2023,
with SPI-3 values dropping to -2.2 in EMI datasets and -2.1 in ECMWEF, while TC
recorded -1.9. Seasonal droughts (SPI1-6) during 2018 and 2021 showed similar patterns,
with SPI-6 averaging -1.8 in EMI datasets (Figure 2) and -1.7 in ECMWEF (Figure 2).
Hydrological droughts (SSI-3) reached -2.0 in MoWE datasets (Figure 6), closely matched
by ECMWEF (-1.9, Figure 6) and underreported by TC (-1.8, Figure 6). Prolonged atmo-
spheric droughts (SPEI-12) during 2009{2011, 2018{2021, and 2023 showed signi cant
de cits, with EMI datasets recording values near -1.8 (Figure 5). ECMWF closely fol-
lowed at -1.7, while TC recorded weaker de cits at -1.5 (Figure 5).

The Genale-Dawa Basin’s susceptibility to ENSO and 10D events, as highlighted
by (Funk et al., 2008), (Nicholson| [2017), and (Tesfaye et al., 2014a), underscores the
basin’s vulnerability to global climate variability. The strong correlations between EMI
and ECMWEF data (r = 0:88) con rm the reliability of the observed drought trends,
while the moderate correlation with TC (r = 0:78) suggests areas for data improvement.
The persistent drying trends, as indicated by MK and Sen’s analyses, re ect the basin’s
reliance on seasonal rainfall, emphasizing the need for robust water management practices
and adaptive measures to sustain agricultural and hydropower activities amidst increasing

climatic extremes (Haile et al., 2021a).

Omo-Ghibe Basin

The Omo-Ghibe Basin exhibited severe meteorological droughts in recent years, notably
in 2017, 2021, and 2023. The SPI-3 values from the EMI dataset reached -2.0, indi-
cating signi cant drought conditions. ECMWF values were similarly high at -1.9, while
TerraClimate underreported the severity with a value of -1.8. The SPI-6 indices for
2018{2021 re ected notable droughts, with EMI reporting values around -1.8 (Figure 2),

while ECMWF showed values of -1.7 (Figure 2). Prolonged meteorological droughts were
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Standardized Precipitation Index (SPI-6) Trends Across Ethiopian River Catchments (1986-2024)
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Figure 4.1: Temporal SPI-6 of Climatic Extremes of Ethiopian River Catchments from
EMI, TerraClimate and ECMWEF datasets
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CHAPTER 4. DROUGHT AND FLOODS PATTERNS OVER ETHIOPIA RIVER
CATCHMENTS

Standardized Precipitation Index (SPI-12) Trends Across Ethiopian River Catchments (1986-2024)
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Figure 4.2: Temporal SPI-12 of Climatic Extremes of Ethiopian River Catchments from
EMI, TerraClimate and ECMWEF datasets
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