Hawassa University
Institute of Technology

Land Degradation Dynamics Under Land Use Land Cover
and Climate Change Projection Towards the Appraisal of
Potential Soil and Water Conservation Practices in the
Gidabo Watershed, Ethiopian Rift Valley Lakes Basin

PhD Dissertation
By
Rediet Girma Legesse

A Dissertation Submitted to the School of Graduate
Studies in Partial Fulfillment of the Requirements for
Degree of Doctor of Philosophy in Civil Engineering
(Water Resources Engineering)

Hawassa, Ethiopia
May, 2024



Land Degradation Dynamics Under Land Use Land Cover and Climate Change
Projection Towards the Appraisal of Potential Soil and Water Conservation
Practices in the Gidabo Watershed, Ethiopian Rift Valley Lakes Basin

PhD Dissertation

By

Rediet Girma Legesse

Supervisors:

Christine First (Prof. Dr. habil.), Martin Luther University Halle-Wittenberg, Germany
Awdenegest Moges (Asso. Prof), Institute of Technology, Hawassa University

A Dissertation Submitted to the School of Graduate Studies in Partial
Fulfillment of the Requirements for Degree of Doctor of Philosophy in Civil
Engineering (Water Resources Engineering)

Hawassa, Ethiopia

May, 2024



ADVISORS’ APPROVAL SHEET
SCHOOL OF GRADUATE STUDIES
HAWASSA UNIVERSITY ADVISORS’ APPROVAL SHEET

This is to certify that the dissertation entitled “Land Degradation Dynamics Under Land Use
Land Cover and Climate Change Projection Towards the Appraisal of Potential Soil and Water
Conservation Practices in the Gidabo Watershed, Ethiopian Rift VValley Lakes Basin” submitted
in partial fulfillment of the requirements for the degree of Doctor of Philosophy (PhD) with
specialization in Water Resources Engineering, the Graduate Program of the Department of
Civil Engineering, and has been carried out by Rediet Girma Legesse ID. No.
PhDCIENnR/0001/12, under our supervision. Therefore, we recommend that the student has

fulfilled the requirements and hence hereby can submit the dissertation to the department.

Prof. Christine Frst May 27, 2024
Name of major supervisor Signature Date
Dr. Awdenegest Moges May 28, 2024

Name of co-supervisor Signature Date



EXAMINER’S APPROVAL SHEET
SCHOOL OF GRADUATE STUDIES
HAWASSA UNIVERSITY EXAMINERS’ APPROVAL SHEET

We, the undersigned, members of the Board of Examiners of the final open defense by Rediet
Girma Legesse have read and evaluated his dissertation entitled “Land Degradation Dynamics
Under Land Use Land Cover and Climate Change Projection Towards the Appraisal of
Potential Soil and Water Conservation Practices in the Gidabo Watershed, Ethiopian Rift
Valley Lakes Basin”, and examined the candidate. This is, therefore, to certify that the
dissertation has been accepted in partial fulfillment of the requirements for the Doctor of
Philosophy degree (PhD).

Prof. Christine Fiirst 27/05/2024
Name of major supervisor Signature Date
Dr. Brook Abate 29/05/2024
Name of Examiner-I Signature Date
Dr. Ing Adane Abebe 30/05/2024
Name of Examiner-II Signature Date

Dr. Abiot Ketema

Name of Chairperson Signature Date

SGS Approval Signature Date

Final approval and acceptance of the thesis/dissertation is contingent upon the submission of
the final copy of the dissertation to the School of Graduate Studies (SGS) through the
Department/School Graduate Committee (DGC/SGC) of the candidate's department.

Stamp of SGS Date:




Declaration

I hereby declare that this PhD dissertation is my original work and has not been presented for a

degree in any other university, and all sources of material used for this dissertation have been

duly acknowledged.

Name: Rediet Girma Legesse

Signature:

Date: May 27, 2024




Table of Contents

ACKNOWIBAGMENES ...ttt et e e sb e et e st e st e e naesneenre e IX
List of Abbreviations and ACIONYIMS.........coviiieiieieeie ettt sbeeneesreas Xi
LIS A0 T U =SSR Xiii
LISE OF TADIES ..ttt bbbt e s XV
N o111 = Tod SRRSO XVi
1. General INFOAUCTION ....cc..iiiiiiieiccee e ettt sre et e sbeene s 1
IO O = - Yo 1 | (01U o OSSR USOSSS 1
O (1[0 V- T =T USROS 5
1.3, Problem StatemMeNt .........cooiiiiiiee e 7
1.4, Objectives and reSearch QUESTIONS ..........ciurieeieiieiie et 8
1.5, SCOPE OF the STUAY.....cciieie et sreenne s 9
1.6.  Significance Of the STUY ......ccecveiiie e 10
1.7.  The structure of the diSSErtation ...........ccooeeiiiieiiie s 10

2. Land use land cover change modeling by integrating Artificial Neural Network with Cellular
Automata-Markov Chain model in the Gidabo watershed, Ethiopian Rift Valley Lakes

BaSIIN. ..ttt bbbttt bbb 12
20 I {11 {0 (1 o 4 o] o APPSR 13
2.2.  Materials and Methods.........coouiiiiiiiie e 15
2.2.1.  Data Source and ProCeSSING ......ecveieereerrereereerreseeseeseesseesseesseseessesssesseessesssenns 15
2.2.2.  Working with historical IMage .......c.cccveiveiieriee e 16
2.2.3.  LULC change SIMUIALION ........ccuiiiiiiiiicieeee e 19
2.3, ReSUILS aNd QISCUSSION ......coiuiiiiiiiiiiiieie sttt ettt 24
2.3.1.  Historical changes in LULC.........ccccooiviiiiieiiee e 24
2.3.2.  Gains and 10SSeS iN LULC LYPES ....eeivveieiiereeieseesie et sie e 28
2.3.3. MLP SKill MEASUIE......ctiiiiiiieie e 32
2.3.4. Validation of simulated Map.........cccceeiiiiiieiin e 34
2.3.5.  LULC prediction for 2035 and 2050.........ccccceerueriieriierieiiesrere e 35
2.4, CONCIUSION ...ttt bbbt bbbttt bbbt be s 40

3. Performance evaluation of CORDEX-Africa regional climate models in simulating climate

variables over Ethiopian Rift Valley Lakes Basin: Evidence from Gidabo watershed for

IMPACt MOAEIING STUTIES ......eiieie ettt sreeae s 42
% R 1)1 (o o [T (o) o AP RRRRRTR 43
3.2, MaterialS and MENOMS........ooeeeeeeeee ettt e e e e e e eeees 45



3.2.1.  Data SOUrce and PrOCESSING ....ccveeuerreerieereeaeesrerieseeseessesseesseessesseesseessesseeseesses 45

3.2.2.  Data analysis teChNIQUES ........ccooiiiiiiieee e 47
3.3, ReSUILS AN QISCUSSION ......eoiiiiiiiiiiitieie ettt b e 54
3.3.1.  Mean annual rainfall CYCIE .........ccoiieiieece e 54
3.3.2.  Seasonal CliMatolOgy ........cciueiieieiieiiee e 59
3.3.3.  Interannual variability ..........ccoccoiiiiiiiii 60
3.3.4.  Statistical evaluation 0f RCMS..........coiiiiiiiiiiieie e 62
3.3.5.  Trends in observed and simulated rainfall and temperatures...........c.ccccccvvvennnne 69
3.3.6.  Taylor skill score and ranking ...........ccceveiieieeieiie e 72
I S O] 0 [od [V [ o OSSR 74
4. Integrated modeling of land degradation dynamics and insights on the possible future
management alternatives in the Gidabo watershed, Ethiopian Rift Valley Lakes Basin..... 76
A1, INEFOTUCTION w.eviiiiiie ettt bbb en e 77
4.2, Materials and MethOdS.........cooiiiiiiii e 79
4.2.1.  Data SOUrCe and PrOCESSING ....cceerueeruerierrieaiesteesieeieseestesseesseesaesessseeseesseesseeseens 79
4.2.2.  Assessment of land degradation INAICALOrS ..........cccevvveveerieiieii e 80
4.3, ReSUILS AN ISCUSSION .....ccueiuiiiieiiieiie sttt 84
4.3.1. Biophysical CharaCteristiCS.........cccuiiiiiiiiiiiieiiee e 84
4.3.2.  Trends in rainfall and temMpPerature ..........ccoccoooeiieie i 85
4.3.3.  Land use land COVEr dYNAMICS ........c.cccveiierieiieieee e 86
4.3.4.  Sensitivity analysis, calibration and validation..............ccccoceviviviiiiiisiecee 87
4.3.5. Estimation of surface runoff and sediment yield............c.cccooerviiiiiiininienienns 89
4.3.6. Identification of SOil erosion NOLSPOLS ........c.eiveiiriiiiiiiiiee e 91
4.3.7.  LDN INQICAIOTS .. .cviieiiiieiieiesiesie sttt bbbt 93
4.3.8.  Sediment yields under soil conservation SCENArios ..........cccccerververiveresrvesieenunns 96
4.3.9. Enhancing land degradation asseSSMENt ..........ccccovuerieerenieiienenie e siee i 97
OO0 o [od (11 o] PSSP PRTPROPRPRN 98
TV 1L T=TS] 1SS 100
5.1 OVEIVIBW .ottt bbbttt bbbttt bbb bbb enes 100
5.2.  Brief answer to the research qUESLIONS ..........cccvvieieeieiiece e 100
5.3.  The multifaceted implications of land use and climate change...........c.cccccervrenee. 105
5.3.1.  Environmental PErSPECLIVES ........ccoiiriiiiiiiiiie e 105
5.3.2.  SOCI0-€CONOMIC PEISPECLIVES ....cvvevieiiecieeiieeie e steeee st e e sta e e e sae e nes 107
5.3.3.  Pathway to sustainable land management.............cccccoevverviiniiienesiese e 108

Vii



5.4. The nexus of land use change, climate dynamics, and land degradation ................ 111

5.5.  ScIentific CONTIDULIONS..........coiiiiiiiie s 113
TG T O] o] [U 1 (o] SRR TPRT 114
5.7.  Limitation of the research and future direCtions...........ccocvvvivinienenenc e 115
RETEIBNCES ...t b bbb bbbt b et b e bbbt ne e 118
F N ] 1) TR PP 153

viii



Acknowledgments

I accomplished this significant chapter of my academic journey by the help of the almighty God
and the support from different organizations/institutions and many individuals who have played
a pivotal role in making this dissertation a reality. First and foremost, | thank the almighty God
for the faith and source of strength that have sustained me through the challenges and
uncertainties. It is through divine providence that | have been able to embark on this scholarly

endeavor.

I extend my sincerest gratitude to my esteemed supervisors, namely Prof. Christine First and
Dr. Awdenegest Moges. Their unwavering support, profound insights, constant encouragement,
and constructive feedback have been wind beneath my wings, propelling me toward the
successful completion of my PhD. Furthermore, their presence extended beyond the academic
realm, providing me with invaluable life lessons and skills that I will carry with me throughout
my career, and | am truly honored to have had the privilege of working under their supervision.
Dear Prof. Christine Furst and Dr. Awdenegest Moges, your contributions will forever be etched
in the pages of my life and my dissertation. | am excited to embrace the challenges and
opportunities that lie ahead, knowing that your influence will continue to guide and inspire me

in my future endeavors.

I am deeply thankful for the Hawassa University of Ethiopia and German Academic Exchange
Service (DAAD), who funded this PhD research project under the Engineering Capacity
Building Program. | am also sincerely grateful to the Norwegian Agency for Development
Cooperation (NORAD) at Hawassa University for additional funding. Moreover, | want to
express my gratitude to the faculty of Biosystems and Water Resources Engineering of Hawassa
University, particularly Biosystems Engineering department, for granting me study leave and

facility support while I am in Ethiopia.

I would like to express my sincere gratitude to the extraordinary support of the working group
at the department of Sustainable Landscape Development, Martin Luther University (MLU),
Germany. The collaborative environment and diverse perspectives have significantly broadened
my horizons, contributed to the development and execution of my research. Furthermore, |
would like to extend my heartfelt appreciation to MLU for the generous support in covering the

article publication charge (APC) for the article published in Land.

I would like to reiterate my profound appreciation for those their name is not listed for being
an integral part of this remarkable journey. As | embark on the next phase of my academic and

professional career, | am committed to upholding the values of diligence, curiosity, and
ix



collaboration that you have instilled in me. With your unwavering support and the grace of the
almighty God, | look forward to making meaningful contributions to my field of study, the
society and the country as a whole.

Lastly, I am also indebted to my family and friends who have been my pillars of strength
throughout this journey. To my parents, brothers and sisters, your boundless love, steadfast
support and sacrifices have been a cornerstone of my success and did not go unnoticed. Special
thanks are to my kind wife, Aster Worku; her persistent support, patience, and understanding
have been my anchor during the turbulence of this demanding endeavor. Your presence has been
a source of solace and inspiration. | could not have achieved this without you. To my friends
and colleagues, who have offered camaraderie, moral support, and shared in the highs and lows

of this academic voyage, | am profoundly grateful.



List of Abbreviations and Acronyms

10A0 One-Out, All-Out

ASTER Advanced Spaceborne Thermal Emission and Reflection Radiometer
AVHRR Advanced Very-High-Resolution Radiometer

BAU business-as-usual

CA Cellular Automata

CA-MC Cellular Automata-Markov chain

CN curve number

CORDEX  Coordinated Regional Climate Downscaling Experiment

CRMSE centered root mean squared error
Ccv coefficient of variation

DEM digital elevation model

ERVLB Ethiopian Rift Valley Lakes Basin
ESGF Earth System Grid Federation
FAO Food and Agriculture Organization
GCM Global Climate Model

GIMMS Global Inventory Modeling and Mapping Studies
GIS Geographic Information Systems
GPG Good Practice Guidance

GPS Global Positioning System

GTD Ground truth data

GW Gidabo Watershed

HRUs hydrologic response units

LC land cover

LCM Land Change Modeler

LDN Land Degradation Neutrality

LP land productivity

LULC Land use land cover

MC Markov Chain

MCMC Markov Chain Monte Carlo

MK Mann-Kendall

MLC Maximum likelihood classifier
MLP Multi-Layer Perceptron

MODIS Moderate Resolution Imaging Spectroradiometer

Xi



MoWE Ministry of Water and Energy
MUSLE Modified Universal Soil Loss Equation

NDVI normalized difference vegetation index
NMA National Meteorology Agency

NSE Nash-Sutcliffe efficiency

OA Overall accuracy

PA producer accuracy

PBIAS percent of bias

r Pearson's correlation coefficient

RCM regional climate models

RCP representative concentration pathways
RMSE Root Means Square Error

RR? revised R-squared

RS remote sensing

SAl standardized anomaly index

SCS-CN soil conservation service curve number
SDG Sustainable Development Goal

SOC soil organic carbon

SRA Standardized rainfall anomaly

SRC sediment rating curve

SWAT Soil and Water Assessment Tool

TSS Taylor Skill Score

UA user accuracy

UNCCD United Nations Convention to Combat Desertification
WUE Water Use Efficiency

Xii



List of Figures

Figure 1. Location of the Gidabo watershed ... 6

Figure 2. Schematic of the research (RO, SY and LD represents surface runoff, sediment yield
and land degradation reSPECtIVEIY) .......c.ccveiveieiiieieee e 11

Figure 3. Input layer nodes: Var. 1-River proximity; Var. 2-Distance from road; Var. 3—

distance from urban; Var. 4—Population density; Var. 5-Elevation; Var. 6-Evidence

lIkelIhood; Var. 7=SI0PE. .....cooiieiee s 21
Figure 4. Flow chart for MLP-CA-MC modeling approach (Modified from Eastman (2016a))

...................................................................................................................................... 23
Figure 5. LULC map for 1985, 2003 and 2021..........ccoccuiieiiriieienie e 24
Figure 6. Gains and losses graph between 1985-2003 (A) and 2003-2021 (B) ......cccccevvvrvennee. 29

Figure 7. Contributions to net change (ha) in agriculture (A), agroforestry (B), built-up area
(C), barren land (D), water body (E) and marsh land (F) between 1985 and 2003...... 29

Figure 8. Contributions to net change (ha) in agriculture (A), agroforestry (B), built-up area
(C), barren land (D), water body (E) and marsh land (F) between 2003 and 2021...... 30

Figure 9. Net change graph between 1985-2003 and 2003-2021...........ccceveviverreeieeseerieseenens 31
Figure 10. LULC transformation maps of the study area between 1985-2003 and 2003-202131
Figure 11. Successes and errors of the SIMUlation ............ccooeviiiiiineic e 34
Figure 12. Projected LULC map for 2035 and 2050...........ccoeririininninienie e 35
Figure 13. Gains and losses (ha) graph between 2021-2035 and 2035-2050.........c.cccccevvvenee. 37
Figure 14. Net change (ha) graph between 2021-2035 and 2035-205..........cccceevveveiveriesnene. 37
Figure 15. ArcGIS model used to extract the RCMs NetCDF (Source: https://help.arcgis.com)

...................................................................................................................................... 47
Figure 16. ACF plots for annual and seasonal rainfall and temperature.............ccccocevvervrnenee. 53
Figure 17. Spatial distribution of simulated and gauged mean annual rainfall....................... 55

Figure 18. Observed and simulated mean annual rainfall (mm/month) cycle at each station
and the entire GW (areal aVerage). .......cueveeriieiieieerieeie et 56
Figure 19. Observed and simulated mean annual cycle of minimum (a) and maximum (b)
temperature at each station and in the entire GW. ..........cccovveieiceii v 58
Figure 20. Interannual variability of SRA (mm) over GW for gauged data and RCMs’
BSTIMALES. . ettt b bRt et Rt b ne e nreenbeenee e 61
Figure 21. Interannual variability of minimum and maximum temperature anomalies over GW

for gauged data and RCMS’ €SHIMALES. ........ccuveieiieeiieie e 63

xiii



Figure 22. Taylor diagram of RCMs, ensemble and reference datasets for rainfall, mm/month
(a) and temperature, °C (minimum (b) and MaxXimMumM (C)).....cceevevevrrrererereeeceereereenes 73
Figure 23. Taylor skill score (TSS) and ranking of RCM outputs performance...................... 74
Figure 24. (a) major soil groups, (b) altitude, (c) slope classes and (d) sub-basin in the GW. 85
Figure 25. The relative proportion of each 1and USe............cccevveveiieiicie e 87
Figure 26. Monthly streamflow (a) and sediment yield (b) hydrograph during calibration and
validation period at Aposto gauging StAtiON. .......cccoieeririiiiieiieie e 88
Figure 27. Monthly streamflow (a) and sediment yield (b) hydrograph during calibration and
validation period at Bedessa gauging Station. ..........cccccvevevieeieeiiesiiese e e 88
Figure 28. The spatial pattern of sediment yield at the given scenario. ..........cccceevevvercnennne. 92
Figure 29. The distribution of LP sub-indicator across the different land use and land cover

Figure 30. Land degradation sub-indicators LP (a,d), LC (b,e), SOC (c,f) between 1985-2003
and 2003—2021, reSPECLIVELY. ......oiuieieiieiieiie e e 94

Figure 31. Land degradation neutrality indicator map between 1985-2003 (a) to 2003-2021
(b) in the Gidabo WALtershed............coveieiiieii e 96

Figure 32. Comparison of the conservation practices in critical sub-basins under a given

SCENATTO. «.eeeeeeee ettt ettt ettt ettt e et ettt et e e et e et 98

Xiv



List of Tables
Table 1. Information about the satellite data used in this study (http:/glovis.usgs.gov/)........ 16
Table 2. Major LULC types used and their descriptions (Hassan et al., 2016; Leta et al., 2021)

...................................................................................................................................... 18
Table 3. Classification accuracy assessment result for 1985, 2003, and 2021.............ccccvenene 25
Table 4. Area (ha) and net change (% of area) of historical LULC classes ...........ccccovverveennen. 25
Table 5. Transition area matrix (ha) of LULC between 1985-2003 and 2003-2021 .............. 27
Table 6. Parameter and model performance reSult...........ccoovevveieiieie s 32
Table 7. The result of forcing a single independent variable to be constant.............cc.ccccveni. 33

Table 8. The result obtained by forcing all independent variables except one to be constant . 33

Table 9. The output from backwards stepwise constant fOrcing ..........c.cceceevvrieiieneninieennens 34
Table 10. Area (ha) and net change (% of area) of LULC for 2035 and 2050.............ccccvene.e 36
Table 11. Transition probability matrix of LULC between 2021-2035 and 2035-2050.......... 38
Table 12. Transition area matrix (ha) of LULC between 2021-2035 and 2035-2050 ............ 39
Table 13. Characteristics of the rain gauge StationsS ...........coceriiriieienie e 46
Table 14. Description of RCMs and deriving GCM used in this study...........cccccoevevveieivennne 47

Table 15. Statistical indices between the observed and RCMs mean annual rainfall
climatology at €aCh StALION ..........coeiiiiiee e 65

Table 16. Statistical indices between areal average observed and RCMs rainfall (annual and
seasonal) climatology OVEr GWV .......ccvoiiiiiiicc et 65

Table 17. Statistical indices between the observed and RCMs mean annual temperature
(minimum and maximum) at €ach StatioN ............ccccoveiieeieniene s 67

Table 18. Statistical indices between gauged and simulated areal mean annual and seasonal

temperature (minimum and Maximum) OVEr GW .........ccccovveveiiieiiere e 68
Table 19. Mann—-Kendall test results for annual and seasonal rainfall..............c.ccccoviininenn. 70
Table 20. Mann—Kendall test results for annual and seasonal temperature ............ccccooeveennene 71
Table 21. SWAT model SImUIAtION SELUP .....ocveeiiiieiieese e 81
Table 22. The Mann—Kendall and the Sen’s slope test results for rainfall and temperature. ... 86
Table 23. Selected parameters, allowable range and fitted values for SWAT calibration........ 88
Table 24. Statistical indices for the SWAT model performance measure..........c.ccccoeevevervennne 89

Table 25. The percentage of erosion severity areas (Area %) in the past and future scenarios92
Table 26. The extent of degraded, stable, and improved land according to the SDG 15.3.1

(14T [ o7 Lo TR R RTOURRRRRRRT 96
Table 27. Mean annual sediment reduction in soil conservation scenarios over the entire GW
...................................................................................................................................... 97



Abstract

The intricate relationship between land use, climate dynamics, and land degradation profoundly
impacts the sustainability of ecosystems and human well-being in Ethiopia. This study,
conducted in the Gidabo Watershed (GW) within the Ethiopian Rift Valley Lakes Basin
(ERVLB), aimed to assess the long-term land use land cover (LULC), evaluate regional climate
models (RCMs), assess land degradation indicators, and propose management alternatives. To
address these objectives, multidisciplinary approach integrating, remote sensing, geospatial
analysis, statistical metrics and hydrological modeling were used. The study identified nine
major LULC classes i.e., water body, grass land, forest, agriculture, bare/barren land, built-up,
agroforestry, shrub and marsh land. The watershed experienced significant LULC changes
between 1985 and 2021, predominantly driven by agricultural expansion at the expense of
forest, shrub, and grasslands. Future (2035 and 2050) projections using a hybrid Multi-Layer
Perceptron (MLP) and Cellular Automata-Markov chain (CA-MC) model indicated further
agricultural expansion, accompanied by declines in forest and grasslands. Furthermore, the
study evaluated 11 CORDEX-Africa RCMs and their mean ensemble performance, revealing
varied accuracies in reproducing rainfall and temperature patterns over GW from 1991 to 2005.
The observed climate trends indicated a significant declining rainfall (-13.38 mm/year) and
warming temperatures, with future projections (RCP4.5 and RCP8.5) showing consistent
temperature increases. Additionally, the study investigated the impact of LULC and climate
change on surface runoff and sediment yield using SWAT model. The results revealed notable
increases in surface runoff and sediment yield attributed to LULC changes. Whereas, climate
change alone exhibited a diverse influence, with both increases and decreases in surface runoff
and sediment yield. Similarly, the combined effects of LULC and climate change demonstrated
that certain scenarios led to the increases in surface runoff and sediment yield, while others
reduced these processes. This might be attributed to the offset of runoff and sediment reduction
by climate change. Soil erosion rates were found to be high, particularly most of the southern
and eastern parts of the watershed will generate the highest amount of surface runoff and
sediment yield in to the future. Addressing these concerns, soil/stone bund, terracing, contour
farming, and reforestation practice can significantly reduce the annual sediment yield in the
future. The land degradation neutrality (LDN) assessment from 1985-2003 to 2003-2021
revealed land productivity decline, land cover degradation, SOC loss, and the expansion of land

degradation trajectories by 26%. Overall, the findings provide valuable information for stakeholders.

Keywords: climate change; land use; soil erosion; land degradation; soil conservation practice
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1. General introduction

1.1. Background

Land is an essential resource and principal basis for human well-being and livelihood as it
provides food, shelter, and multiple other ecosystem services (Mahata and Sharma, 2021;
Pravalie, 2021). The global population continues to grow, so does the demand for land,
however, land is a finite resource and its availability is limited (Mueller et al., 2014). Therefore,
the competition among these uses puts immense pressure on available land resources (UNCCD,
2019). Consequently, the lands’ positive multidimensional role was heavily altered over the past
decades, amid large-scale land degradation that has affected numerous ecosystems across the
globe (Pravalie, 2021).

Land degradation is a broader term encompassing any detrimental changes of the services
provided by the land, primarily due to changes in its chemical, physical, and biological
characteristics (Adnan, 2020; UNCCD, 2019). Land degradation is influenced by a combination
of social (e.g., population pressure, land tenure system and cultural practices), economic (e.g.,
market demand and economic policies), ecological (e.g., climate change, loss of biodiversity
and soil erosion), and physical (e.g., geomorphology, hydrology and natural disasters) drivers.
These drivers can vary in significance depending on the region and context, but they often

interact and exacerbate each other (Mahata and Sharma, 2021).

Soil, vegetation, and water resources degradation are interconnected environmental challenges
(FAO, 2016). Soil degradation involves the deterioration of soil quality due to factors like
erosion, compaction, and contamination, impacting its ability to support plant life and
sustainable agriculture (FAO, 2016; UNCCD, 2019). Vegetation degradation, often a
consequence of deforestation, overgrazing, or land conversion, disrupts ecosystems, diminishes
carbon sequestration, and exacerbates soil erosion. These processes collectively contribute to
water resources degradation, as soil erosion and vegetation loss can lead to sedimentation in
water bodies, reduced water quality due to pollutants, and altered hydrological patterns,
compromising the availability and quality of freshwater resources (FAO, 2016).

Soil erosion is one of the most important forms of land degradation (Pravalie, 2021;

Vanmaercke et al., 2021). Soil erosion results multitude of negative effects, such as reducing

the water-holding capacity and infiltration rates, decreasing organic matter and nutrients,

degrading soil structure and reducing soil depth (Poesen, 2018; Sartori et al., 2019)

consequently reducing the land productivity. It is clear that soil erosion is a serious threat to

food security, and has the potential to intensify socio-economic disruptions by decreasing
1



agricultural yields (Sartori et al., 2019). Soil erosion is caused by several factors of either
geomorphological (e.g., steep slopes), climatic (e.g., rainfall erosivity) or anthropogenic
(deforestation, overgrazing or agricultural intensification) (Panagos et al., 2016; Poesen, 2018).
In many cases, anthropogenic factors generally play more important role in the large-scale

intensification of erosion (Keesstra et al., 2018; Pravalie, 2021; Poesen, 2018).

Land use land cover (LULC) changes can significantly increase soil erosion by altering the
natural landscape in ways that disrupt the delicate balance of hydrological and erosional
processes (Borrelli et al., 2020; Novara et al., 2021). Natural vegetation, such as trees and
grasses, plays a vital role in reducing raindrop kinetic energy by intercepting rainfall while
allowing it to infiltrate (Li and Fang, 2016). Thus, the conversation of forests into agricultural
fields or urban areas including roads and buildings, leaves the soil exposed and create
impervious surfaces, leading to more runoff, making it further vulnerable to erosion. The eroded
soil is then easily transported by the increased surface runoff into rivers and streams,
exacerbating the sedimentation of water bodies (Nyatuame et al., 2020; Tan et al., 2022).

Climate change can lead to complex regional variations in soil erosion through mainly affecting
the erosivity and amount of the rainfall. The specific effects depend on local climatic conditions,
trends, and geographic characteristics (Eekhout and de Vente, 2022). In some regions, climate
change has increased surface runoff and sediment yield through more frequent and intense
rainfall events, potentially causing erosion (Lu et al., 2013). Additionally, shifts in rainfall
patterns, such as increased rainfall variability or prolonged droughts, can make landscapes more
susceptible to erosion when rains eventually return (Li and Fang, 2016). However, in other
areas, climate change may lead to decreased surface runoff and sediment yield. For instance,
erosion has showed a decreasing trend in regions experiencing climate warming and decreased
rainfall (Ma et al., 2021). Ultimately, the impact of climate change on surface runoff and
sediment yield as well as on soil erosion is highly location-specific. Quantifying the impact of
LULC and climate change on soil erosion and land degradation dynamics is crucial for
understanding the environmental challenges (Leta et al., 2023). Such assessment provides
valuable insights into the drivers of land degradation, can identify hotspots and inform
sustainable land management strategies (Kumar et al., 2022).

The nexus among land use, climate, and land degradation forms a complex interplay that
profoundly influences the sustainability of ecosystems (IPCC, 2022). Human activities, such as
deforestation, urbanization, and intensive agriculture, alter land use patterns, often leading to
increased vulnerability to climate change impacts (Chu et al., 2022). Climate change can also

2



influence land use patterns. As temperature rise and extreme weather events become more
frequent, this can lead to shifts in land use in response to climate change (Sleeter et al., 2018).
These changes, coupled with unsustainable land management practices, contribute to land
degradation (IPCC, 2022). Conversely, land degradation can intensify LULC change (Hermans
and McLeman, 2021) and exacerbate climate variability (Shukla et al., 2019).

Addressing the aforementioned impacts of climate and LULC changes require both mitigation
and adaptation strategies that combines sustainable land management practices, policy
interventions, and community engagement (Almagro et al., 2016; FAO, 2017). It is crucial to
implement sustainable land management practices that enhance soil resilience and reduce
vulnerability to erosion (Terefe et al., 2020). This involves, for example, promoting
conservation tillage/agriculture, water harvesting techniques and water-efficient methods,
agroforestry, cover cropping, and the use of organic amendments, which help to maintain
ground cover, improve soil structure, water retention, and overall ecosystem health (Rahman et
al., 2022). Additionally, afforestation and reforestation efforts can play a vital role in stabilizing
slopes, preventing erosion, and mitigating the impacts of extreme weather events (Iveti¢, 2021).
By restoring and protecting natural vegetation, these measures contribute to carbon
sequestration and enhance biodiversity, fostering a more resilient landscape (Waring et al.,
2020). Effective policies that integrate land-use planning, conservation incentives, and erosion
control regulations are essential for fostering a holistic approach to land management (FAO,
2017). Moreover, community involvement through education and capacity-building programs

ensures the adoption of sustainable practices at the grassroots level (Mengistu and Assefa, 2021)

Ethiopia is one of the most highly soil erosion affected countries in the Sub-Saharan Africa
(Fenta et al., 2021). Soil erosion is a significant environmental challenge in the country, and it
has a range of negative impacts on agriculture, food security, and the overall environment
(Berihun et al., 2019.; Kassawmar et al., 2018). It is caused by several interconnected factors
and primarily attributed to (i) topography characterized by steep slopes, rugged mountainous
terrain and highland areas, (ii) climate change-induced factors, including increased frequency
and intensity of extreme weather events, such as heavy rainfall and droughts, (iii) uncontrolled
deforestation often driven by population pressure, demand for agricultural land and fuelwood,
(iv) inadequate land management practices, (v) overgrazing, and (vi) the expansion of

agriculture onto marginal lands (Fenta et al., 2021; Hurni et al., 2015; Wassie, 2020).

The consequences of soil erosion in Ethiopia are far-reaching, impacting agricultural
productivity, water quality, and the overall stability of ecosystems (Yesuph and Dagnew, 2019).
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One of the major consequences of soil erosion in Ethiopia is the degradation of fertile topsoil,
diminishing its capacity to support plant growth (Wassie, 2020). This, in turn, jeopardizes
agricultural yields and places considerable strain on the livelihoods of the predominantly
agrarian population (Haregeweyn et al., 2015). Furthermore, the downstream effects of soil
erosion, such as increased siltation in dams and reservoirs, pose a threat to the country's water
infrastructure, affecting water availability for both agricultural and domestic purposes (Adugna
and Cherie, 2021).

Institutionalized soil and water conservation program were rooted in Ethiopia during 1970s to
cope with land degradation (Belayneh et al., 2019; Haregeweyn et al., 2015). Since then,
nationwide efforts have been undertaken, reviewed and restructured, and their focus over time
has shifted from food relief to land conservation and then to livelihoods (Gashaw et al., 2021;
Haregeweyn et al.,, 2015). Most recently, community-based participatory watershed
management approach has been emerged to link land rehabilitation with income generating
activities and livelihoods (Gashaw et al., 2021; Mengistu and Assefa, 2020). Integrated
watershed management include measures that collectively contribute to mitigate soil erosion
and ensure sustainable management in Ethiopia. However, its success remains a significant
concern due to the complex interplay of environmental, social, and economic factors in the
country (Mekuriaw et al., 2018; Negasa, 2020).

Estimation of soil erosion involves a diverse array of methodologies and tools (Borrelli et al.,
2021). Field-based methods like sediment sampling and erosion plot studies provide more
detailed and direct measurement (Hsieh, 2022). Empirical and process-based models consider
factors such as climate, soil properties, slope and land cover to predict erosion rates (Borrelli et
al., 2021). Furthermore, standardized indicators, such as Land Degradation Neutrality (LDN)
framework, provide consistent approaches for quantifying land degradation at large scale
(Cowie et al., 2018). Recently, machine learning and artificial neural networks have gained
prominence enhancing our understanding of soil erosion and land degradation dynamics
(Sahour et al., 2021). These diverse tools and models facilitate a comprehensive understanding
of these environmental threats helping informed decisions to mitigate soil erosion and land
degradation effectively (Borrelli et al., 2021).

Remote sensing and Geographic Information Systems (GIS) play a pivotal role in land
degradation assessment, offering powerful tools to monitor and combat this critical
environmental challenge (Van Lynden and Mantel, 2001). RS technologies, such as satellite
images can identify changes in land cover, vegetation health, and soil organic carbon, which

4



are essential indicators of land degradation (Zhu et al., 2022). GIS complements remote sensing
by providing a platform for data integration, analysis, and visualization. In essence, the
integration of RS and GIS empowers us to better comprehend, assess, and mitigate land
degradation (Thakur et al., 2017).

The Gidabo Watershed (GW) (Figure 1) faces critical challenges related to land degradation,
driven by LULC change and climate variability which pose significant environmental,
economic, and social threats (Wolde et al., 2021). Previous studies in the GW have primarily
focused on historic land use changes, neglecting future projections, and often relied on limited
climate data sources without rigorous assessment of climate models (Adi et al., 2023; Alehu et
al., 2021; Aragaw et al., 2021; Belihu et al., 2020; Dananto et al., 2022). Moreover, there is a
lack of information on the extent and magnitude of land degradation, hindering the development
of strategies to achieve LDN goals. This study aims to employ an integrated approach to assess
LULC changes, evaluate climate models, and assess their impacts on land degradation

trajectories and appraise potential management alternatives while considering future scenarios.

1.2. Study area

The GW is situated in the Abaya-Chamo sub-basin of ERVLB between 6°8’N to 6°57N latitude
and 37°0’E to 38%40'E longitude (Figure 1) covering an area of approximately 3549 square
kilometers. The watershed exhibits a diverse topography, ranging from highlands with rugged
terrain to lowlands with flat plains. The elevation varies from over 3197 meters in the highland
areas to around 1133 meters above sea level (a.s.l) in the lowlands. The major physiographic
units in the area include undulating plains, valleys, steep stream banks, and a significant
escarpment located in the eastern part of the watershed (Dananto et al., 2022). At the heart of
this watershed is the Gidabo river, one of the major contributors to lake Abaya and a lifeline
that provides sustenance and resources to the surrounding communities. Particularly, the
Gidabo dam provides water for irrigation and supports local farming communities by allowing
for the cultivation of crops year-round, reducing the dependency on rainfall (Desta and
Belayneh, 2021; Mana and Abebe, 2023). The river's course is characterized by both gentle and
cascading sections, creating a dynamic landscape and extending approximately 120km before

draining into lake Abaya in the southwestern (Aragaw et al., 2021; Mechal et al., 2015).

The GW is inhabited by diverse ethnic groups, including the Gedeo, Guji, and Sidama. Each
group has its own unique cultural practices and languages (Alehu et al., 2021). The populations
are settled more towards the eastern highland, and the population density decreases towards the

lowlands (Wolde et al., 2021). The area is characterized by a mix of urban and rural populations
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where majority of the population in these areas is rural. This demographic composition indicates
the importance of agriculture in the livelihoods of the local communities. The population in the
GW has been growing alarmingly in the last three decades, and it is currently more than 1.5
million, leading to increased pressure on natural resources (Wolde et al., 2021). The upper part
is more populated (>500 inhabitants per square kilometer), and this has an immense impact on
potential nexus resources. Due to limited economic prospects, many young people have
migrated to urban areas in search of better opportunities (Wolde et al., 2021).
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Figure 1. Location of the Gidabo watershed

The GW an average annual rainfall of 1315 mm with bimodal rainfall pattern from March to
May and June to October with short transition, and monthly temperatures ranging from 11 to
25°C. The main dry season typically extends from November to February. The highest
maximum average temperature is observed during February and March. This variability results
in fluctuating water levels and flow rates within the Gidado River, with peak discharge during
October. The spatial and temporal groundwater recharge variability is mainly controlled by the
climate. Thus, the annual discharge is very sensitive to variations in precipitation and
moderately sensitive to temperature changes. Moreover, sensitivity increases towards the rift
floor across the watershed (Mechal et al., 2015). Based on the Ethiopian classification of
agroecological zones, which uses altitude and rainfall as criteria, moist weyna dega and dry

weyna dega are the two major agroecological zones, covering more than 73% of the watershed.
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According to FAO’s soil classification, the catchment area has six soil groups, with Eutric
Vertisols, Lithic Leptosols and Chromic Luvisols being the dominant type, covering a
substantial area (70%). The geological composition in the region primarily consists of volcanic
products, including pyroclastic fall deposits, alkali basalt, rhyolite, and volcanic centers
compositionally acidic (Dananto et al., 2022). The soil units are also derived from volcanic
materials. The land cover comprises a mix of intensively cultivated areas, agroforestry,
shrubland, forests, grasslands, waterbodies, and marshlands, indicating the diverse ecological
landscape. Agriculture and agroforestry are the predominant land uses and the primary source
of income for the majority of residents in in this area. Crops such as maize, coffee, and beans
are cultivated, while livestock rearing is also common. In recent years, there has been a shift
towards commercial agriculture (Hassen, 2021; Wolde et al., 2020).

1.3. Problem statement

Despite its critical importance for local communities and the ecosystem, the GW faces a
pressing issue of land degradation, characterized by accelerated soil erosion, loss of arable land,
declining agricultural productivity, water deterioration that poses significant environmental,
economic, and social challenges (Alehu et al., 2021; Belihu et al., 2018; Mana and Abebe, 2023;
Mechal et al., 2015; Worako et al., 2022). Deforestation driven by various factors, including the
expansion of farmland, logging for fuelwood and construction materials, and population growth
continues to be the major concerns in the highland areas of the watershed (Belihu et al., 2020).
The deforestation has adverse effects on the ecosystem, including increased surface runoff and

decreased infiltration rates, which can exacerbate soil erosion (Belihu et al., 2020).

This not only affects soil fertility and crop production but also impacts downstream water
resource infrastructures like the Gidabo dam due to excessive sedimentation and eutrophication,
exacerbate water resources degradation (Desta and Belayneh, 2021; Guduru and Jilo, 2023).
This is further aggravated by climate variability, particularly the decreasing rainfall as well as
increasing temperature trends in the watershed (Alehu et al., 2021; Belihu et al., 2020, 2018;
Mana and Abebe, 2023; Mechal et al., 2015). For example, Mana et al. (2023), reported that the
water supply for irrigation drastically reduced due to the drop in reservoir’s water availability.
As a result, the demand for more water to support agricultural activities might be a major

challenge in future climatic conditions (Mana et al., 2023).

Despite the clear evidence of these problems, there is lack of comprehensive spatial and
temporal information on the extent and magnitude of land degradation in the GW. This gap
hinders the development of strategies to achieve LDN goals. Soil erosion and land degradation
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are complex processes influenced by climate and land use changes (Borrelli et al., 2020).
Previous studies in the GW primarily focused on historic changes in land use while neglecting
the critical aspect of future projections. Thus, a notable gap exists in predicting future trends
for the GW. This omission is significant given the observed dramatic changes, particularly the
LULC patterns. Additionally, previous studies in the GW often relied on limited climate data
sources (e.g., either observed data or individual climate models) and did not rigorously assess
the performance of different climate models, which are crucial for understanding the reliability
and uncertainty of climate projections for impact modeling studies. The lack of future-focused

studies hampers the development of effective land and water resource conservation strategies.

To address these gaps and challenges, this study aims to employ a comprehensive approach. It
simulates LULC dynamics, evaluate the performance of multiple Regional Climate Models
(RCMs), and use an integrated approach to assess the impacts of climate and land use change
on runoff and sediment yield, and evaluate trends in land degradation. The study also seeks to
identify erosion hotspots, and evaluate potential management alternatives to mitigate these
challenges, providing valuable insights for policymakers, land-use planners, and other
stakeholders to address soil erosion and land degradation in the GW while considering future

scenarios.

While the chosen topic and methods employed may not be particularly innovative, one notable
aspect of innovation in this work lies in synthesizing diverse perspectives, for example, the
integration of soil erosion indicator with LDN indicators to enhance the land degradation
assessment. The study assessed the pressing issue of land degradation in the GW by employing
a comprehensive approach that integrates various datasets and methodologies. Notably, the
study employed a forward-looking perspective by simulating future land use and assessing the
performance of regional climate models to project potential impacts on soil erosion and land
degradation. Overall, this study contributes significantly to the scientific understanding of the
complex interactions between climate, land use, and soil degradation, offering actionable
insights for stakeholders striving towards sustainable land and water management in similar

watersheds.

1.4. Objectives and research questions
The general objective of this study was to explore soil erosion and land degradation neutrality
in the context of climate and land use changes, and identify potential management alternatives

to address these critical environmental challenges.



The specific objectives were:

To assess the historic and future land use and land cover dynamics between 1985 and
2050

To evaluate the performance of CORDEX-Africa climate models in reproducing the
observed rainfall and temperature from 1991 to 2005

To assess the impacts of climate and land use change on runoff and sediment yield
between 1985 and 2060

To evaluate land degradation dynamics between 1985 and 2021

To appraise potential management alternatives for future scenarios

The research questions that were focused on are:

What are the major LULC classes in the study area, and how evolved from 1985 to
present and the future to 2050?

What are the observed trends in climate variables and how different RCMs perform in
simulating these variables?

How climate change and LULC dynamics influence surface runoff and sediment yield?
Where are critical sub-basins in terms of sediment yield and what are the common
characteristics of these critical sub-basins?

What are the trends in land degradation neutrality in the study area from 1985 to 2021?
Can the implementation of soil conservation scenarios lead to a reduction in sediment

yield?

1.5. Scope of the study

The overarching scope of this study was a multidisciplinary investigation of trends in soil

degradation processes influenced by both climatic variables and changing land use patterns

within the GW in the ERVLB. The study was structured around specific objectives, including

the assessment of historical and future LULC dynamics spanning from 1985 to 2050, the

evaluation of regional climate models' accuracy in simulating climate variables, and appraise

the impacts of climate and land use changes on surface runoff and sediment yield from 1985 to

2060. Additionally, the studied identified critical sub-basins prone to soil degradation, analyzed

trends in land degradation neutrality indicators from 1985 to 2021 and explored the potential

effectiveness of soil conservation scenarios in reducing sediment yield. To achieve these

objectives, spatiotemporal dataset and multidisciplinary approach was employed, integrating,

remote sensing, geospatial analysis, statistical metrics and hydrological modeling.
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1.6. Significance of the study

The study has significant importance in the realm of sustainable land and water management,
especially in the context of the observed and projected changes in LULC and climate.
Ultimately, supporting efforts to address environmental challenges and achieve land
degradation neutrality goals in the Gidabo Watershed. The significance of this study lies in its
comprehensive investigation ranging from assessing historical and future land use dynamics to
evaluating the performance of regional climate models and understanding the impacts on soil
and land degradation processes. The findings contribute to a holistic understanding of the
complex interactions and environmental challenges faced by the watershed. The observed
historical trends in land cover change, climate variables, and sediment yield provide crucial
baseline information. The identification of erosion hotspots and critical sub-basins enhances the
applicability of the findings for targeted land and water resource management. Additionally, the
assessment of land degradation neutrality indicators over the study period revealed concerning
trends, emphasizing the urgent need for sustainable land management practices. The study's
evaluation of soil conservation scenarios and their effectiveness in reducing sediment yield not
only adds practical value for local decision-makers but also aligns with national initiatives like
LDN. Ultimately, this research contributes to the scientific understanding of the intricate
dynamics between climate, land use, and soil degradation, offering actionable insights for
policymakers, land managers, and researchers striving towards sustainable land and water

management in similar watersheds.

1.7. The structure of the dissertation

In this dissertation, chapter 1 provides an overview of soil erosion and land degradation,
encompassing their causes, consequences, and various factors involved. It also explores the
impact of land use and climate change on soil erosion while emphasizing the significance of
tools and models in assessing and combating these issues. Furthermore, this chapter outlines
the study's aim, objectives and research questions. Chapter 2 aimed at exploring the LULC
dynamics. It provides detailed picture of how the LULC has evolved over time (1985-2050).
Chapter 3 explores the performance of regional climate models in replicating the observed
climate variables (rainfall and temperature) at seasonal, annual and inter-annual time scale to
select suitable models. Chapter 4 discusses the dynamics of land degradation indicators,
identifies erosion hotspots and appraise potential management alternatives to mitigate soil
erosion and land degradation. Finally, chapter 5 synthesizes key findings from previous

chapters, offers concluding remarks from various perspectives, pinpoint the scientific
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contribution of the study. Likewise, the limitation of the study and an outlook for possible future

works is also presented. Figure 2 represents the overall schematics of the study.
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Figure 2. Schematic of the research (RO, SY and LD represents surface runoff, sediment yield
and land degradation respectively)
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2. Land use land cover change modeling by integrating Artificial Neural Network with
Cellular Automata-Markov Chain model in the Gidabo watershed, Ethiopian Rift
Valley Lakes Basin

Abstract

Modeling LULC change is crucial to understand its spatiotemporal trends to protect the land
resources sustainably. The appraisal of this study was to model LULC change from 1985-2050
owing to the business-as-usual scenario (BAU). Different dependent and independent spatial
datasets were used viz, 1985, 2003 and 2021 Landsat imagery; topography features, proximity
variables, population density and evidence likelihood. Since the future projection requires the
historical land use as a baseline, historical land use trends were detected using hybrid image
classification procedure in ERDAS Imagine and nine major land cover classes were identified.
Multi-Layer Perceptron Neural Network and Cellular Automata-Markov Chain model built-in
TerrSet software were implemented to project the 2035 and 2050 LULC. The study depicts,
GW experienced significant LULC dynamics and will also be extended for the coming several
years. Agriculture land, settlement and water body showed significant gains at the expense of
forest, shrub and grasslands loss. Unsustainable land use practices played a significant role in
triggering land degradation. To minimize these adverse consequences of land use change,
environmentally-friendly land use planning and management measures must be implemented.
The outcome of this study will be helpful in providing the opportunity to develop adequate land

and water resource conservation strategy plan for the future.

This chapter is originally published as:

Girma, R., First, C., Moges, A., 2022. Land use land cover change modeling by integrating
Artificial Neural Network with Cellular Automata-Markov Chain model in Gidabo river
basin, main Ethiopian rift. Environmental Challenges, 6:100419.
https://doi.org/10.1016/j.envc.2021.100419.
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2.1. Introduction

Environmental changes and challenges to sustainable development can highly be linked to
adverse human activities at the expense of demand for land (Lambin et al., 2003;Regasa et al.,
2021). Worldwide, particularly in developing countries, extensive LULC changes are
predominantly common in recent decades (Gebreslassie, 2014; Kafy et al., 2021; Yirsaw et al.,
2017). Similarly, Ethiopia experienced pronounced LULC changes during the last decades with
a considerable expansion of cultivated land at the expense of other LULC types (Bewket and
Abebe, 2013; Kindu et al., 2013; WoldeYohannes et al., 2018). In the country, anthropogenic
activities take the lion-sharing part adversely changing the landscape, which exerts
unfavourable and adverse impacts on the environment and livelihood (Regasa et al., 2021). In
the Ethiopian Rift, alarming trends in LULC change have been observed due to diverse driving
factors. The ever-increasing human population and the subsequent demands on land resources
were identified as the underlying major key drivers in the region (Ariti et al., 2015; Desta and
Fetene, 2020; Garedew et al., 2009). Changing landscapes often influence the availability of
ecosystem services, accelerate susceptibility to climate change (Salazar et al., 2015), and result
in the increments of degraded land and eroded areas (Bekele, 2019; Wang et al., 2021).

Previous studies documented that modeling LULC change is crucial to understand its
spatiotemporal trends to implement necessary measures and protect the land resources
sustainably (Gebreslassie, 2014; Regasa et al., 2021). LULC change modeling is one of the
innovative techniques for land resource inventory, monitoring and management (Anurag et al.,
2018). Land use change modeling, especially if performed in an integrated, multi-scale,
dynamism and spatially explicit manner, can be proved as an essential component for land use
change detection and forecasting (Rozario et al., 2017). Modeling has the capability of
representing a complex LULC system in an efficient way by incorporating multi-variates.
Hence, accurate modeling enhances the understanding of LULC change processes, driving
factors and also can project alternative land use scenarios which may lead to the goal of
sustainability. Detecting past land-use change and predicting the future exhibit major
modifications and has become of concern to conservation officers, environmentalists, and land
use planners in promoting sustainable management and mitigating negative impacts (Halmy et
al., 2015; Wang et al., 2021).

The integration of remote sensing (RS) and geographic information systems (GIS) made it
possible to study the changes in LULC in less time, at a low cost, and with better accuracy
(Hassan et al., 2016; Kafy et al., 2021; Rawat and Kumar, 2015; Roy et al., 2015). In the last
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few decades, the application of this combined approach has flourished significantly to assist in
developing a model either to detect the historic or predict the future LULC change (Kafy et al.,
2021). RS can cover large areas with both high spatial detail and temporal frequency, ensuring
the spatial consistency of datasets (Kafy et al., 2021). This leads towards a fruitful way for
sustainable development by providing a long-term view of LULC change dynamics with its
future prediction (Gharaibeh et al., 2020; Kafy et al., 2021).

Several models and software packages are available to perform LULC change prediction
including, but not limited to, CLUE-S, Cellular Automata (CA), Markov Chain model (MC),
Cellular Automata-Markov Chain (CA-MC) model, Multi-Layer Perception Markov Chain,
Acrtificial Neural Network (ANN), statistical, cellular and hybrid models, Binary Logistic
Regression Algorithm, System dynamic simulation, Similarity weighted instance-based
machine learning algorithm, spatiotemporal modeling, mathematical-equation-base, cellular
and agent-based models or a hybrid of the two are some of the prediction models used to
simulate the LULC change dynamics (Gharaibeh et al., 2020; Kafy et al., 2021). Most of these
models are empirical approaches based on digital change detection algorithms using historic
multi-temporal satellite imagery data (Burnicki et al., 2010; Mas et al., 2014; Rawat and Kumar,
2015). This helped to appraise the past land transformation and transition dynamics easily,
which in combination with environmental variables can predict future land-use scenarios
(Eastman, 2016a; Wang et al., 2021).

The hybrid Cellular Automata-Markov Chain (CA-MC) model is one of the commonly used
most effective methods for modeling the spatiotemporal change in LULC (Dey et al., 2021,
Hamad et al., 2018; Sang et al., 2011; Yirsaw et al., 2017). CA-MC is combined from the
stochastic model (CA) and technique (Markov Chain) (Kafy et al., 2021) which models both
temporal change and spatial distribution of land-uses respectively (Guan et al., 2011; Nouri et
al., 2014). It is capable to simulate multi-directional LULC change analysis and provides ways
for projecting different future scenarios (Halmy et al., 2015; Subedi et al., 2013). However,
modeling LULC change needs to take into account the potential power of the explanatory
variables such as socioeconomic and environmental data (Mas et al., 2014). In light of this, the
integration of the CA-MC model with other models helped to improve its prediction capability
(Aburas et al., 2017; Guan et al., 2011; Saputra and Lee, 2019).

Among many methodologies, Multi-Layer Perceptron (MLP) is an effective approach that
introduces a better understating of land change process and more accurate results depending on
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artificial intelligence (Azari et al., 2016; Gharaibeh et al., 2020; H et al., 2017; Mohammady et
al., 2014; Tayyebi et al., 2014). The MLP model consists of three layers including input, a few
numbers of hidden layers, and output. The model predicts the geospatial changes with the aid
of previous changes (Kafy et al., 2021, 2020). MLP has the highest capability to generalize the
transition potential through backpropagation (BP) algorithm (Dey et al., 2021; Gharaibeh et al.,
2020). Though CA-MC also determines the land transition area to predict the change dynamics
(Shafizadeh-Moghadam et al., 2017), the integration of MLP and CA-MC (MLP-CA-MC)
takes advantage of both models. MLP facilitates the automatic calibration of the CA-MC model
and gives an outperform accurate future change scenario than CA-MC alone (Dey et al., 2021;
Mishra et al., 2018).

In the Ethiopian context, few studies tried to model the future trends of LULC changes (Gashaw
et al., 2017; Gidey et al., 2017; Hishe et al., 2019; Kura and Beyene, 2020; Leta et al., 2021;
Mohamed and Worku, 2020; Tadese et al., 2021). Several studies conducted in the GW
provided details of historic LULC change and effect analysis for the past decades while ignoring
the expected future changes. These studies pointed out that human-induced LULC has been
changed dramatically with a more serious bearing effect on the environment (Aragaw et al.,
2021). The increment of encroachment aggravated soil erosion, surface runoff, and sediment
inflow to Gidabo irrigation reservoir and drained to Lake Abaya, the biggest lake in the ERVLB
(WoldeYohannes et al., 2018). The spatiotemporal variation in LULC is expected in the future,
yet no study has attempted to simulate the future LULC dynamics and their effect on GW.
Apparently, this study identified a lack of studies focused on predicting future trends of LULC
in the watershed. The combined effects of land use and climate changes, for example on
hydrology, are different from the separate impacts. In light of this, studies that only focused on
projected climate were identified as a gap. Such gaps are then well-thought-out as a bottleneck
and limit the opportunity to develop adequate land and water resource conservation strategy
and irrigation management plan for the future. Therefore, the study employed the MLP-CA-
MC modeling approach to simulate the 2035 and 2050 LULC change dynamics of GW. The
findings insight into the deepened understanding of the LULC trends that can assist and guide

hydrologists, land-use planners, and policymakers for future consideration.

2.2. Materials and methods

2.2.1. Data source and processing

Since the algorithm in the MLP-CA-MC model requires historical LULC data (dependent
variables) to simulate the future dynamics, cloud-free multi-spectral satellite images (Table 1)
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dated 1985, 2003, and 2021 were collected from the United States Geological Survey Earth
Resources Observation and Science (USGS EROS) Centre available at http://glovis.usgs.gov/.

The acquisition years (1985, 2003 and 2021) were selected deliberately to coincide with a
nationwide drought and famine, after regime change and subsequent policy shift of the country
and following the Green Legacy Initiative, respectively. For the reason that the images are
acquired for similar month, the acquisition period of imageries would have insignificant
seasonal variation (Dey et al., 2021; Islam et al., 2018). MLP assists the incorporation of a
variety of driver variables in the model (Mas et al., 2014). Hence, the following main drivers
of land-use change were considered in this study viz; population density, elevation, slope,
distance to roads, distance to stream and distance to urban. Advanced Spaceborne Thermal
Emission and Reflection Radiometer digital elevation model (ASTER DEM 30x30m) version
3 is downloaded from https://search.earthdata.nasa.gov/. Population density and road-river
network map of the study area were acquired from Water and Land Resources Centre at

www.wlrc-eth.org and the OpenStreetMap (https://www.openstreetmap.org/).

Table 1. Information about the satellite data used in this study (http://glovis.usgs.gov/)

Satellite image ~ Sensor” Path/Row Resolution (m)  Date of acquisition
L andsat-5 ™ 168/55 30 18/01/1985
™ 168/56 30 18/01/1985
L andsat-7 ETM+ 168/55 30 12/01/2003
ETM+ 168/56 30 12/01/2003
Sentinel-2 MSI L1C_T37NDH_A029261 10 28/01/2021
MSI L1C_T37NCH_A029261 10 28/01/2021

*TM (Thematic Mapper); ETM+ (Enhanced Thematic Mapper Plus); MSI (Multi-Spectral Instrument)

These datasets were processed in QGIS 3.20 and ArcGIS 10.7 package such as projection to
WGS 84 UTM Zone, 37N, data conversion, DEM masking, and separation of road network
from other features (river) using Query tool. Euclidian distance function is employed to
generate distance map to roads, river/stream, and urban using vector data of the features
(Gharaibeh et al., 2020; Kafy et al., 2021). DEM was manipulated in ArcGIS spatial analyst
tools to create elevation and slope maps. Ground truth data (GTD) was recorded using handheld
Global Positioning System (GPS) receiver so that the controlling points can easily be identified,

used in image classification and validation process (Kantakumar and Neelamsetti, 2015).

2.2.2. Working with historical image
Image pre-processing and classification
Image pre-processing, enhancement techniques, and classification were performed in ERDAS

Imagine version 16 software. Layer stacking was carried out to convert multiple, usually single
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band, images into a single multi-band image layer (Islam et al., 2018). Since remotely sensed
data are susceptible to distortions, pre-processing like haze and noise reduction was applied to
remove such distortions due to acquisition systems and platform movements (Wang et al.,
2021). The study boundary is overlaid in two different paths/rows (Table 1), therefore
MosaicPro workstation was used to join the images and form a larger image. Image
enhancement operations were performed using spatial enhancement tools such as Convolution
function to improve the quality of the raster image. Statistics and pyramid layers were computed
using the Image Commands tool dialog after removing the no data/null values. Masking and
removing of extraneous data were performed using the Subset and Chip tool. To perform image
classification the following bands were considered: band 1-5 and 7 were used in the case of
Landsat 5 and 7 while band 2, 3, 4, and 8 were used for Sentinel-2.

Hybrid classification (unsupervised and supervised classification) approach, provides more
accurate results for larger areas characterized by diverse biophysical composition (Gebreslassie,
2014; Kafy et al., 2021; Ma et al., 2017; Wang et al., 2021). In this regard, the study
implemented the hybrid approach to attain more accurate land use classification scheme. Image
pixel clustering (unsupervised classification) with similar spectral characteristics was
performed using the Iterative Self-Organizing Data Analysis Technique Algorithm
(ISODATA). Based on the analyst’s experience/knowledge of the area and google earth
observation, the clusters were differentiated into nine thematic classes (Table 2) i.e., water
body, grass land, forest, agriculture, bare/barren land, built-up, agroforestry, shrub and marsh
land. Training signatures (polygons) were drawn for each of the predefined classes (Chowdhury
etal., 2020; Kafy et al., 2021). The resulting signature file was then used as input for Maximum
likelihood classifier (MLC), it is a robust and popular supervised classification algorithm, to
derive mapping rules for all other pixels into the class values (Chowdhury et al., 2020; Das et
al., 2021; Islam et al., 2018; Killeen et al., 2015; Ma et al., 2017; Wang et al., 2021).

Validation of classified LULC maps

Prior to change detection and future prediction, assessment of classification accuracy is a
prerequisite (Wang et al., 2021) to test the precision and accuracy of imagery. Image
classification performance was evaluated using the accuracy assessment tool in ERDAS
Imagine (Dey et al., 2021) through a stratified randomly sampled GTD. Overall accuracy (OA),
user accuracy (UA), producer accuracy (PA), and kappa coefficient (Kappa) were calculated
(Equation 1-4) based on the confusion matrix (Das et al., 2021; Gharaibeh et al., 2020; Kafy et
al., 2021; Mi et al., 2019). Kappa values < 0 indicate no agreement, 0-0.2 a slight, 0.0-0.41 as
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poor, 0.41-0.60 as moderate, 0.60-0.80 as substantial, and 0.81-1.0 as almost perfect
agreement (Wang et al., 2021). The validation process was supplemented by 270 reference
points collected from Google Earth and 180 actual field level points, and visual interpretation

of Landsat images in the respective years (Leisz et al., 2016).

=1 Dii

0A = % (D
UA = Zx i"" ()
PA fo):j (3)
Kappa = N Yy xy — Y= (g * x4y) @

N? — er=1(xi+ * Xyi)

where Dii is number of correctly classified pixels, Dijis number of correctly classified pixels in
row i, Dij - number of correctly classified pixels in column j, r is the number of rows in the
matrix; Xii is the number of pixels in row i and column i; x;+ and x+i are the marginal totals of

row i and column i, respectively; and N is the total number of pixels (observations).

Table 2. Major LULC types used and their descriptions (Hassan et al., 2016; Leta et al., 2021)

LULC Types  Description

Agriculture Includes areas used for perennial and annual crop production, irrigated areas,
commercial farms

Agroforestry  Itincludes a land use system in which woody perennials such trees, shrubs are grown
together with perennial and annual crop agricultural crops on the same parcel of land

Barren land Includes land areas of exposed soil, bare soil and barren area
Built-up Area  Includes commercial areas, urban, residential, and rural settlements, industrial areas
Forest Areas covered with dense trees (deciduous forests,

evergreen forests, mixed forests)
Grass Land Areas covered by grasses are usually used for grazing and those remain for some
months in a year

Marsh land An area of land where water covers ground usually treeless and dominated by grasses
and other herbaceous plants
Shrub land Includes areas covered with small trees, bushes, and shrubs

Water Body Areas covered by rivers, streams, canals and reservoir

LULC change detection analysis

The change detection was assessed using two software packages viz, ERDAS Imagine and
TerrSet. Image difference algorithm in ERDAS Imagine software (Kafy et al., 2021) was
employed to generate change maps between 1985-2003, and 2003-2021. The algorithm
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operates on continuous data by subtracting pixel values of the before theme from the after
theme, and providing two outputs viz, image difference and highlight change image (Kafy et
al., 2021). Since change detection calculates the change in brightness values over time, the
image difference file reflects those changes using grayscale image composed of single band
continuous data. The highlight changes file creates a thematic layer clustered into decreased,
unchanged, and increased classes (Kafy et al., 2021). Graphical and statistical change detection
was computed using the TerrSet change analysis panel. The panel provided three graphs of land
cover change that tell the gains and losses, net change, and contributors to net change
experienced by each category (Eastman, 2016a). The annual rate of change per each category

was determined by using equations (5) and (6) (Leta et al., 2021).

Later year — Intial year

Percent of change = ( ) x 100 (5)

Intial year

(6)

Later year — Intial year
Rate of change (ha/yr) = ( Time interval )

2.2.3. LULC change simulation

Land Change Modeler (LCM) built in TerrSet software version 18.31 was used to simulate
future LULC changes. It is an empirically driven stepwise process performing change analysis,
transition potential modeling, and change prediction (Eastman, 2016a) based on the historical
change from time 1 (T1=1985) to time 2 (T>=2003). The prediction task integrates MLP with
CA-MC model. What follows, below, is the detail of executed methodologies to project the
2035 and 2050 LULC:

Change analysis module
The CA-MC analysis module, used to detect the landcover change between 1985 and 2003, is
described by using equation 7 (Kafy et al., 2021; Wang et al., 2021):

S+1) = Pij X S )

where Sy and S + 1) represent land use status at time t and t + 1 respectively; Pjj is the transition
probability matrix, which is calculated by using equation 8 (Kumar et al., 2013; Wang et al.,
2021):

P11 P12 Pln
Py, Py - P

py=(3 ¥ . (0= P;<1) (8)
Pnl Pnz Pnn
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where P is the Markov probability matrix, and Pi; stands for the probability of converting from
current state i to another state j in next time period. Low and high transition will have a
probability near to 0 and 1 respectively (Kumar et al., 2013; Wang et al., 2021). The changes
were then identified as gains-and-losses to each LULC category, and transitions from one land
cover state to another was used to generalize the spatial changing pattern (Dey et al., 2021; Leta
et al., 2021). The evidence likelihood transformation panel is a very effective means of
incorporating categorical variables into the analysis (Eastman, 2016b). Evidence likelihood®
was created by determining the relative frequency with which different land cover categories,

in this case agriculture land, occurred with in the areas that transitioned from 1985 to 2003.

Driver variables

LULC change simulation needs to take into account the potential power of the independent
variables (Gharaibeh et al., 2020). The main driver variables (Var.), listed in Figure 3, were
considered in this study. River proximity provides convenience to residents to access resources
while changing the land use (Leta et al., 2021). Distance from road, determinant of accessibility,
is one of the major drivers in attracting more urban uses and expansion (Gharaibeh et al., 2020;
Kim et al., 2020). Distance from urban can be a very strong driver of change where the closer
the land to urban centres the easier it is for land to change to urban uses (Gharaibeh et al., 2020).
Population density is the most prominent anthropogenic factor in land use change where the
higher the density more frequent land use change. Anthropogenic disturbance has a strong
association with the land cover type (Chowdhury et al., 2020). Elevation is recognized as the
imperative topographic factors affecting LULC change (Leta et al., 2021). Since the annual rate
of agricultural expansion was significant, it is logical to create Evidence likelihood, quantitative
variable that expresses the likelihood of finding change between agricultural land and all other
land classes at the pixel in question (Eastman, 2016b; Leta et al., 2021). Slope affects the spatial
trends of land cover change suppose that the gentler a land slope is, the easier it is to have land
use changes (Gharaibeh et al., 2020; Zhang et al., 2018). The gain of urban land is highly
concentrated on relatively flat slopes and deforestation decreases with the increase of slope
gradient (Wang et al., 2017).

1 Evidence likelihood was used for the determination of the relative frequency of pixels of different LULC types
within the areas of change. It is recommended in cases where there are low Cramer’s V values (Leta et al., 2021).
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Figure 3. Input layer nodes: Var. 1-River proximity; Var. 2-Distance from road; Var. 3—
distance from urban; Var. 4—-Population density; Var. 5—-Elevation; Var. 6-Evidence likelihood,;
Var. 7-Slope.

Sensitivity analysis and MLP performance evaluation

MLP involves BP learning algorithm whereby the forward and backward passes continue until
the network has learned the characteristics of all the classes (Mandrekar, 2010). Since the
selection of appropriate variables will affect the model learning accuracy (Gharaibeh et al.,
2020), model sensitivity evaluation is fundamental prior to any LULC change simulation.
Parameters and model performance was tested using the MLP classifier built-in TerrSet image
processing toolset. Procedurally, the model was trained using all the explanatory variables
(Figure 3) and 1985 LULC, then the system repeats the skill tests for the relative power of
explanatory variables by selectively holding the inputs from selected variables constant
(Eastman, 2016b). The difference in skill thus provides information on the power of that
variable. Three different parameter sensitivity analyses were run to measure the skill, S
(Equation 9) by forcing a single independent variable to be constant; forcing all independent
variables except one to be constant; and backwards stepwise constant forcing mechanism. The

skill statistic ranges between -1 and 1 where skill of 1 indicates perfect forecasting, while a skill
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of -1 means worse than chance and a skill of 0 indicates random chance (Gharaibeh et al., 2020).
The acceptable range of model accuracy should be 80% and above to accept the training result
(Eastman, 2016b; Gharaibeh et al., 2020; Silva et al., 2020).

_(A-E(4)

“A-E@) ©)

where A is measured accuracy, and E(A) is expected accuracy which is determined by using the

number of transitions in the sub-model and the number of persistence classes.

The performance and prediction efficiency of the MLP was also assessed by using RMSE
(Equation 10) (Elcicek et al., 2014). RMSE is a benchmark of the deviation of predicated values
about the observed values. The lower the value, more accurate is the prediction (Elgicek et al.,
2014).

N (@ —u)?

RMSE =
N

(10)
Where (i is the modelled for sample i, ui is the observed data for sample i and N is the total

number of samples.

Transition potential modeling and LULC change projection

Skill tested driver variables were imported to the LCM’s transition sub-model and MLP was
run to create the potential transition maps using the dependent variables (T1 and T imagery).
At this stage, the transition potential images well-captured the effect of the driver variables
(Gharaibeh et al., 2020) to provide the suitability of cell transformation for a particular land
cover (Balogun and Ishola, 2017; Kafy et al., 2021). Next, hard and soft prediction for the year
2021 LULC change (T'3) was created following the procedure illustrated in Figure 4 and used

as a comparison image in the MLP-CA-MC model validation.

Validation of MLP-CA-MC model output

The validation process was executed to measure the existing agreement and disagreement
between the actual satellite driven (T3) and simulated (T'3) LULC map of 2021 to ensure the
reliability and acceptance of the MLP-CA-MC model in predicting the future 2035 and 2050
(Dey et al., 2021; Kafy et al., 2021). In this study, two different validations were performed
using both the hard and soft predictions. For this purpose, VALIDATE and ROC modules in
TerrSet were applied. ROC calculates the area under the receiver operating characteristic curve

(AUC) called ROC statistics using the T'3 soft prediction as a comparison map (Eastman,
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2016b). AUC takes values from 0 to 1, where a value of 0 indicates a perfectly inaccurate test
and a value of 1 reflects a perfectly accurate test (Mandrekar, 2010; Varma, 2021). The
VALIDATE module computes kappa index statistics using the T's hard prediction as a
comparison map: kappa for grid cell level location (Kiocation), kappa for no information (Kno),
kappa for stratum-level location (Kiocationstrata), and kappa standard (Kstandara) (Mishra et al.,
2018). A strong and acceptable AUC and Kappa value is usually associated with values in the
vicinity of 80% and above (Eastman, 2016b; Gharaibeh et al., 2020; Mandrekar, 2010). For
future prediction, the images of 2003 and 2021 were taken as the dependent variable to simulate
the LULC map of 2035 and 2050 based on business-as-usual (BAU) scenario. The reservoir
was specified as a constraint feature and zoning was applied in the change allocation process
so that the transition potentials associated with each transition were multiplied by the

constraints map during the change prediction process.
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Figure 4. Flow chart for MLP-CA-MC modeling approach (Modified from Eastman (2016a))
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2.3. Results and discussion

2.3.1. Historical changes in LULC

Assessing and understanding the historical changes in LULC dynamics is fundamental to
forecast future trends for the coming decades (Regasa et al., 2021). Based on the hybrid
classification approach, nine major LULC classes were identified viz, water body, grass land,
forest, agriculture land, barren/bare land, settlement/built-up area, agroforestry, shrub, and
marshy area. The OA and kappa analysis results (Table 3) were found much more than the
substantial range (> 80%) ensuring a strong level of acceptance (Dey et al., 2021; Wang et al.,
2021). The study watershed experienced significant landscape alteration and various changes
have been observed over the past 36 years (1985-2021) (Table 4 and Figure 5). In 1985, the
largest land cover type was shrub land (24.3%) followed by forest (21.8%) and agriculture
(19.8%). In the subsequent years (2003 and 2021), agricultural land has undergone a significant
expansion and overturned the dominancy by 25% and 40% respectively. Similarly, the spatial
extent of agroforestry was increased from 13% to 15% and 20% over the study years. While

forest coverage continually decreases from 21.8% to 19.5%, and 11.2% during the same year.

1985 2003 2021 = o

LULC Class
N Agriculture  Grass land
» Agroforestry = Marsh land
w E * Barren land * Shrub land
—_r— —— . Km * Built-up area = Water body
h] 04 8 16 24 32 # Forest * Reservior

Figure 5. LULC map for 1985, 2003 and 2021

24



Table 3. Classification accuracy assessment result for 1985, 2003, and 2021

Year LULC Class

Water body Grass land  Forest Agriculture Barren land  Built-up Agroforestry  Shrub land  Marsh land

PA- UA PA UA PA UA PA UA PA UA PA UA PA UA PA UA PA UA OA Kappa

(%) (%) (W) (%) (W) (%) (W) (%) (%) () (%) () (%) () (%) %) (%) %) (%) (%)
1985 936 967 80 8 788 86.7 771 90 889 8 871 90 857 80 89.7 86.7 96.2 833 859 0.84
2003 93.6 96.7 788 86.7 875 70.0 81.8 90.0 90.6 96.7 96.4 90.0 742 76.7 80.0 80.0 964 90 863 0.85
2021 96.4 90.0 77.1 90.0 765 86.7 936 96.7 90.3 933 96.6 933 759 733 91.7 733 89.7 86.7 87.04 0.85

Table 4. Area (ha) and net change (% of area) of historical LULC classes

LULC type Area (ha) Annual change (ha/yr) Net change (% of area)
1985 2003 2021 1985-2003 2003-2021 1985-2003 2003-2021
Water body 91.44 601.8 3798.3 28.36 177.58 0.14 0.90
Grass land 61836.39 52727.9 30109.3 -506.03 -1256.6 -2.57 -6.37
Forest 77194.26 69172.7 39822.57 -445.65 -1630.7 -2.26 -8.27
Agriculture land 70326.99 89062 140869 1040.84 2878.2 5.28 14.59
Barren land 12507.75 18060.4 19397.3 308.48 74.27 1.56 0.38
Buit-up 478.44 1175.9 3179.6 38.75 111.32 0.20 0.56
Agroforestry 46207.17 54388.4 71109.5 454.51 928.96 2.30 4.71
Shrub land 86238.45 69517.8 44623.1 -928.93 -1383.04 -4.71 -7.01
Marsh land 85.41 259.5 2057.7 9.67 99.90 0.05 0.51
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Table 5 represents the detailed transition area matrix in hectare (ha) of each category between
1985-2003 and 2003-2021. The analysis has shown there has been continuous annual
deforestation (2.4% per year) with the expense of agroforestry (1.71% per year) and agricultural
land (3.23% per year) expansion between 2003 and 2021. The other major rate of change was
recorded in the built-up area from 8.1% to 9.5% between 1985-2003 and 2003-2021
respectively. Annual reduction in grass (2.4%) and shrub land (2%) has been noticed for the
past 36 years remarkably after 2003. In the vicinity of GW, similar trends of change were
observed by previous studies, what follows is as proof: According to Wolde et al. (2021),
significant changes were occurred in agroforestry, bare land, settlements, and grass land from
1986 to 2019; study conducted by Aragaw et al. (2021), showed the increment in cultivated
land and urban areas between 1988 and 2018 where as a decline in evergreen forest, grassland
and agroforestry (exceptionally increased between 2000 and 2018) was observed in the same
year; In the upper catchment of Gidabo, agriculture land and urban expansion was identified at
the expense of loss of agroforest, grassland and forest between 1985 and 2018 (Belihu et al.,
2020). In 2014, Worku confirmed the increments of cropland land and agroforestry while forest
cover, grass land and shrub land decreased from 1986 to 2006 in Ameleke Watershed, tributary

of Gidabo river.

According to WoldeYohannes et al. (2018), rapid reduction in shrubland and natural grassland,
and an increase in arable land was observed in the Abaya-Chamo sub-basin between 1985 and
2010. A study conducted by Avriti et al. (2015) and Gebreslassie (2014), in the Ethiopian Central
Rift Valley, revealed similar trends of change from grass, shrub, and forest to agricultural land.
The expansion of marshy area and water body was observed in the south-western part i.e., shore
side of Lake Abaya. Marsh land was increased from 21.96ha (1985) to 259.47ha (2003) and
2057.67ha (2021). Conspicuously, 3798.27ha area of land was accounted for water body in
2021. Out of which 23% is an artificial reservoir accredited to Gidabo irrigation dam. An
attempt has been made and studies confirmed most of the Ethiopian Rift Valley lakes
experienced unstable water level fluctuations. For instance, Lake Abaya experienced a
significant and continuous increasing trend in water level (Dadi et al., 2015; Schitt, 2005). As
stated by WoldeYohannes et al. (2018), the surface area of Lake Abaya was reduced by 1.2%
between 1985 and 1995 and has increased by 2.9% since then. This might be one of the reasons
for the expansion of marshy areas and water bodies. Therefore, the result of this study is

consistent with past studies.
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Table 5. Transition area matrix (ha) of LULC between 1985-2003 and 2003-2021

2003
LULC Class Water  Grass Forest Agriculture  Barren Built-up Agroforestry  Shrub land Marsh  Total
body land land land area land
Water body 88.29 1.08 0.99 0.09 0 0 0 0.99 0 91.44
Grass land 95.22 21002.76 2590.65  14708.7 7834.05 80.01 574.29 14883.66  67.05 61836.39
Forest 344.7 449955 32333 8690.58 125.19 137.88  20827.35 10163.16  72.81  77194.26
Agriculture land 8.1 10312.47 8228.61  30688.11 1703.7 160.47  5995.71 1322955  0.27 70326.99
1985 Barren land 25.38  2696.67 86.85 1044 6886.8 60.93 16.02 1634.85 56.25  12507.75
Built-up area 0 0.18 2.25 0.09 0.18 47493  0.09 0.72 0 478.44
Agroforestry 4.68 1863 11446.74 10855.53 40.59 88.47 17835.21 4072.86 0.09 46207.17
Shrub land 28.26  12347.82 14482.8 23070.24 1469.52 173.25 9139.68 25516.8 10.08  86238.45
Marsh land 7.2 4.32 0.72 4.68 0.36 0 0 15.21 52,92 8541
Total 601.83 52727.85 69172.65 89062.02 18060.39 1175.94 54388.35 69517.8 259.47 354966.3
2021
LULC Class Water  Grass Forest Agriculture  Barren Built-up  Agroforestry  Shrub Marsh Total
body land land land area land land
Water body 516.96  30.87 16.47 16.02 4.32 0.36 0.27 15.84 0.72 601.83
Grass land 671.4 10591.56 257355  22179.87 5150.61 294.93 2683.08 8014.41 568.44  52727.85
Forest 1232.64 3326.13 12149.28 21027.06 1482.84  441.72 18520.92 10947.06 45 69172.65
Agriculture land 185.31 5393.43 9449.46  48537.18 2797.29 570.69 15199.56 6794.1 135 89062.02
2003 Barren land 376.92 3470.58 209.34 5041.17 5761.8 160.47 73.35 2375.1 591.66  18060.39
Built-up area 0 1.98 3.87 0.72 0.45 1166.13  0.27 2.52 0 1175.94
Agroforestry 98.73 439.92 8711.64  14089.5 220.95 195.48 29096.1 153459 1.44 54388.35
Shrub land 548.91 6844.77 6708.69  29977.47 3976.02 349.83 5535.99 14936.13 639.99  69517.80
Marsh land 167.4 10.08 0.27 0 2.97 0 0 3.33 75.42 259.47
Total 3798.3 30109.3 39822.6  140869.0 19397.3 3179.6 71109.5 44623.1 2057.7  354966.3
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Among the land uses, agriculture and agroforestry are the dominant livelihood of the local
community (Aragaw et al., 2021; Belihu et al., 2020), resulting in increased trends in the study
area and could be a significant contributor to continuous deforestation and forest cover change.
Besides agricultural practice, forest resources are the main contributor to the livelihood of rural
households, for example; firewood, timber, and charcoal production for commercial and
community use which trigger the losses (Dadi et al., 2015; Yemiru et al., 2010). Regasa et al.
(2021) briefly reviewed, during the last decades, Ethiopian lands changed from natural to
agricultural land use, waterbody, commercial farmland, and built-up/settlement. Forest land,
grazing land, swamp/wetland, shrubland, rangeland, and bare cover class changed to other
LULC class types, mainly as a consequence of the increasing anthropogenic pressure. Rapid
population growth, internal migration, policy shifts, and regime change were identified as the
key driving forces of LULC changes (WoldeYohannes et al., 2018).

2.3.2. Gains and losses in LULC types

Gains and losses for the respective study period were acquired from the LCM change analysis
module and represented by a graph in Figure 6. The largest gain was observed in the case of
agricultural land (Figure 6), besides shrub and forest cover was diminished predominantly over
the entire period. Agriculture gained 8.42% and 13% of area in 2003 and 2021 respectively.
Shrub land (1.42%), agroforestry (0.7%), and grass land (0.63%) were the largest agriculture’s
contributors between 1985 and 2003 (Figure 7). In this same year, agroforestry gained 1.35%
and 0.73% area of land from forest and shrub land respectively. 0.74% grass cover was
converted to barren land while receiving 0.47% from forest and agroforestry. Next to grass land,
agriculture and shrub was the largest contributor to bare land (Figure 6). Grossly, 8.76% shrub
and 6.47% forest cover have transformed to other land use between 1985 to 2003 (Figure 7).
Between 2003-2021, majority of the area from shrub (3.34%), grass (2.42%), and forest
(1.67%) were converted to agricultural land (Figure 8). Losses from forest (1.41%), shrub
(0.58%), and grass (0.32%) cover were noticed with the expansion of agroforestry (Figure 8)
in the same year respectively. Grass land (0.87%), forest (0.25%) and shrub (0.22%) were
converted to barren land since 2003. By 2021, water body gained 0.31% by area of land (Figure
8) principally from forest cover taking into account the reservoir was situated in areas where

forest cover was dominant in the preceding years.
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Figure 7. Contributions to net change (ha) in agriculture (A), agroforestry (B), built-up area (C),
barren land (D), water body (E) and marsh land (F) between 1985 and 2003
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Figure 8. Contributions to net change (ha) in agriculture (A), agroforestry (B), built-up area (C),
barren land (D), water body (E) and marsh land (F) between 2003 and 2021

Over the entire period, the settlement gained mainly from shrub land, agriculture, grass land,
and forest cover in sequential order. The statistical and graphical representation of net change
by each category was also presented in Table 4 and Figure 9. A significant net increase was
noticed in agriculture from 18735ha to 51807ha between 1985-2003 and 2003-2021
respectively. The next positive growth was marked in agroforestry from 8181ha to 16721ha in
the same year whereas, the net change in barren land gradually decreased from 5553ha to
1137ha between 1985-2003, and 2003-2021 respectively. This is because bare land was
converted to water body, marsh land between 2003-2021. Built-up area, water body, and
marshy area show positive increment. On the contrary, a significant decline was observed in
the case of shrub land (16721ha, 24895ha), forest cover (8022ha, 29350ha) and grass land
(9109ha, 22619ha) between 1985-2003 and 2003-2021
Transformation maps (Figure 10) between 1985-2003 and 2003-2021 were created using

respectively (Figure 9).

image difference operator in ERDAS. Accordingly, unchanged value describes the percentage
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of persistence pixels; the decreased class represents transitions to water body, forest, and grass
land whereas the expansion in agriculture, agroforestry, barren, and settlement by replacing, for
example, forest and grass land indicated by increased class. Out of the total area (Figure 10),
38% is unchanged, 32% is in the decreased category while 30% is in the increased class between
1985 and 2003. Since 2003, both the unchanged and increased class accounted for 35%,
whereas the remaining 30% is in the decreased category. The result indicated the gradual
decrease of the persistence classes from 1985-2003 and 2003-2021.

Net Change between 1985 and 2003 Net Change between 2003 and 2021
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Figure 9. Net change graph between 1985-2003 and 2003-2021

2003-2021

®& Decreased (30%)
' Increased (35%)

&4 Unchanged (35%)

1985-2003

®8% Decreased (32%)
. Increased (30%)

@4 Unchanged (38%)

Chatagory of change

®% Decreased

~ Increased ——— , Km
0357 14 21 28

¢ Unchanged

Figure 10. LULC transformation maps of the study area between 1985-2003 and 2003-2021
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2.3.3.  MLP skill measure

MLP is a machine learning technique capable to model complex patterns and behaviour
(Gharaibeh et al., 2020). In the present study, a three-layer feedforward MLP was designed with
one input layer, one hidden layer, and one output layer (Table 6). Each layer contains nodes (or
neurons) connected by different weights: the input layer had seven nodes called driver
variables; eight nodes were created in the hidden layer and nine nodes were associated in the
output layer. The effect and influence order of each driver variable was statistically tested
against the MLP skill using 10000 iterations, and three different sensitivity analysis techniques
were executed as illustrated in the subsequent sub-sections. The purpose of training the network
IS to get the proper weights both for the connections between the input and hidden layers and
between the hidden and the output layers for the classification of unknown pixels. The overall
(with all variables) skill (0.9) and accuracy (93.52%) of the model is well beyond the

permissible limit (80%) to accept the training result for future projection (Table 6).

Table 6. Parameter and model performance result

Application type Classification
Input layer neurons 7
Hidden layers 1
Hidden layer 1 neurons 8
Output layer neurons 9
Requested samples per class 1000
Final learning rate 0.0003
Momentum factor 0.5
Sigmoid constant 1
Acceptable RMS 0.01
Iterations 10000
Training RMS 0.1312
Testing RMS 0.1363
Accuracy rate 93.52%
Skill measure 0.9271

Forcing a single independent variable to be constant

The model was tested holding a single variable constant at a time to determine which variable
was the most influential and which one was the least influential. The result in Table 7 indicated
that holding evidence likelihood constant significantly generates poor model accuracy (28%)
and least skill measure (0.2). This implied the evidence likelihood is the most influential
parameter while holding elevation constant has shown less impact and it was considered as the
least influential parameter. However, the study watershed is characterized by its diverse
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biophysical composition therefore elevation variation can be a considerable driver of change
(Rawat and Kumar, 2015; Simwanda et al., 2020). Leta et al. (2021) attained similar order for
evidence likelihood in the western part of Ethiopia.

Table 7. The result of forcing a single independent variable to be constant

Model Accuracy (%) Skill measure Influence order
With all variables 93.52 0.9271 N/A

Var. 1 constant 90.87 0.8973 6

Var. 2 constant 88.07 0.8658 3

Var. 3 constant 90.65 0.8948 5

Var. 4 constant 89.05 0.8768 4

Var. 5 constant 94.10 0.9336 7 (least influential)
Var. 6 constant 28.01 0.1901 1 (most influential)
Var. 7 constant 33.84 0.2557 2

Var. 1 is river proximity; Var. 2 is distance from road; Var. 3 is distance from urban; Var. 4 is Population density;
Var. 5 is Elevation; Var. 6 is Evidence likelihood and Var. 7 is Slope

Forcing all independent variables except one to be constant

All variables are held constant except one in order to get information about each variable. In
this case (Table 8), a considerable deviation of accuracy and skill measure was observed in each
attempt except the first one (with all variables). Here, it is deducible to understand the presence

of interaction effects as well as intercorrelations between input variables (Eastman, 2016b).

Table 8. The result obtained by forcing all independent variables except one to be constant

Model Accuracy (%) Skill measure
With all variables 93.52 0.9271
All constant but var. 1 11.29 0.0020
All constant but var. 2 11.64 0.0060
All constant but var. 3 11.29 0.0020
All constant but var. 4 11.29 0.0020
All constant but var. 5 11.29 0.0020
All constant but var. 6 33.99 0.2574
All constant but var. 7 22.48 0.1279

Backwards stepwise constant forcing

The training process was initially started using all variables, it then holds constant every
variable, in turn, to figure out which pair, when held constant/removed, have the least effect on
the skill. Thus, it can sometimes occur that the skill of the model slightly increases as some of
the variables are removed. However, in this study all the variables (Table 9) were considered

since model skill (step 1 and 2, Table 9) variation was insignificant.
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Table 9. The output from backwards stepwise constant forcing

Model Variables included  Accuracy (%)  Skill measure
With all variables All variables 93.52 0.9271
Step 1: var.[5] constant [1,2,3,4,6,7] 94.10 0.9336
Step 2: var.[5,1] constant [2,3,4,6,7] 93.37 0.9254
Step 3: var.[5,1,4] constant [2,3,6,7] 89.40 0.8808
Step 4: var.[5,1,4,2] constant [3,6,7] 85.57 0.8377
Step 5: var.[5,1,4,2,3] constant [6,7] 78.83 0.7618
Step 6: var.[5,1,4,2,3,7] constant [6] 33.99 0.2574

2.3.4. Validation of simulated map

For validation, the MLP-CA-MC model was first applied to simulate the soft and hard LULC
patterns in 2021 (T'3) using the LULC maps of 1985 (T1) and 2003 (T2). Kappa statistic for
quantity and location was derived based on the comparison between the hard simulation and
the reference map of 2021. The statistics showed that Kno value is 87%, Kiocation Value is 87%,
Kiocationstrata Value is 85%, and Kstandara 1S 79.9%. All the kappa index values exceed the
satisfactory range (>80%) (Eastman, 2016b; Gharaibeh et al., 2020; Mandrekar, 2010),
ensuring good agreement between the simulated and observed LULC maps. Quantity
disagreement occurs when cell quantity of the same category of T's differs from Ts. Wherever
cell’s location of the same category of T's differs from T3, location disagreement will occur
(Gharaibeh et al., 2020). The bar graph in Figure 11, presents the distribution of agreement and
disagreement components, and the overall proportion correct (91.3%) for MLP-CA-MC. ROC
measure was used to determine how well a continuous surface predicts the locations given the
distribution of a Boolean variable (soft prediction). In the present study, an acceptable AUC

value of 0.75 was attained (Mandrekar, 2010).
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Figure 11. Successes and errors of the simulation
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2.3.5. LULC prediction for 2035 and 2050

The appraisal of this study is to model LULC change and predict what the landscape might look
like in the years 2035 and 2050 owing to the BAU scenario. The simulated areal extent and net
change (%) by category are presented in Figure 12 and Table 10. The unceasing expansion of
agriculture land (48.3%, 55%), agroforestry (23%, 25.2%), water body (1.7%, 2.5%), and built-
up (1.4%, 2%) will be expected by 2035 and 2050 respectively. In contrast to this, grass land
(6.5%, 3%), forest (7%, 2.6%) and shrub land (4.9%, 2.8%) will decrease drastically while
marshy area and barren land will show a positive growth till 2035 (0.8% and 6.82% of area)
and decreased by 2050. Agriculture will gain the largest share from shrub land (2.8%), grass
land (1.4%), and forest cover (1.1%) in 2035. The growth in agroforestry will replace 0.8% of
agriculture, 0.4% shrub, and 0.2% forest in the same year. Concurrently the expected expansion
of built-up area will replace agricultural land, forest cover, agroforestry, shrub, and barren land
by 2035. Almost 0.65% of shrub land will contribute to the net change of grass cover between
2021 and 2035.

LULC Class

. Agriculture (7 Grass land
@@ Agroforestry @8 Marsh land
. Barren land @& Shrub land
@€ Built-up arca @ Water body
®€ Forest ®€ Reservior

Figure 12. Projected LULC map for 2035 and 2050
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Table 10. Area (ha) and net change (% of area) of LULC for 2035 and 2050

Area (ha) Annual change  Net change
(halyr) (% of area)
LULC t
ype 2021 2035 2050 2021-  2035-  2021- 2035

2035 2050 2035 2050
Water body 3798.3 6060.78  9018.45 161.6 197.18 0.33 0.43
Grass land 30109.3 23133.6  10589.22 -498.3 -836.29 -1.01 -1.81
Forest 39822.57 24984.63 924291  -1059.9 -1049.5 -2.14 -2.27
Agriculture land 140869  171316.53 194883.6 2174.8 1571.14 4.39 3.4
Barren land 19397.3  24193.35 23479.11 3426 -47.62 0.69 -0.1

Buit-up 3179.6 4914.45 671292 1239 119.90 0.25 0.26
Agroforestry 71109.5 80125.38 89306.28 644.0 612.06 1.3 1.32
Shrub land 44623.1 17381.52 9786.15 -1945.8 -506.36 -3.93 -1.1

Marsh land 2057.7 2856.06 1947.69 57.0 -60.56 0.12 -0.13

Table 11 and Table 12 represents the detailed transition probability matrix and transition area
matrix (ha) of each category between 2021-2035 and 2035-2050. The interminable agricultural
practice will gain mainly from grass (2%), forest (1.2%), and shrub (0.62%) cover sequentially
between 2035 and 2050. The LULC projection shows water bodies will increase with the
expense of marshy area (0.2%), agriculture (0.11%), barren (0.1%), and grass (0.1%) cover
reduction between 2035 to 2050. Though marshy areas will be replaced by water bodies,
simultaneously it will gain almost 0.1% from barren between 2035 and 2050. Agroforestry will
gain 0.62%, 0.54%, and 0.27% respectively from forest, shrub, and agriculture classes in the
same year. The expected expansion of built-up area will replace 0.12% agricultural land and
0.1% agroforestry. The 2035 and 2050 forecasted LULC change analysis indicated the annual
expansion rate of agricultural land by 21% and 13%; settlement by 54.6% and 36.6%;
agroforestry by 12.6% and 11.5%; water body by 59.6% and 48.8% respectively. The expected
annual rate of loss by forest cover is 37.3% and 63%; grass land is 23% and 54%; shrub is 61%
and 43.7% in the same year. The gains, losses, and net change (ha) by graph are represented in

Figure 13 and Figure 14.

Similar to other watersheds in Ethiopia, GW experienced significant LULC dynamics and
agricultural land showed a continuously increasing trend at the expense of forest, shrub, and
grasslands to meet the ever-growing demands. According to this study, this trend of alteration
will also be extended for the coming 30 years (2050). Though there were different causes, the
anthropogenic pressure could take the lion's sharing part in aggravating the change. The rapidly
increasing population, an average annual rate of around 2.61% according to (World Population

Review, 2021), has led to declining availability of farmland and shifting to marginally
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unsuitable areas. Those changes in land use types and the related trend of increasing landscape
fragmentation (triggered by scarce land resources) played a significant role in the increased rate
of soil erosion, sediment load, hydrological imbalance, and land degradation. For instance,
Bekele (2019) and WoldeYohannes et al. (2018) mentioned the remarkable effect of land-use
change on soil erosion, surface runoff, and sediment transport; Aragaw et al. (2021) and Belihu
et al. (2020) noted the impact of land-use change dynamics on the hydrological response
emphasizing the negative effect of agriculture land expansion on baseflow, lateral flow,
percolation, and evapotranspiration. The changes that occurred in major land use had
significantly impacted hydrological behaviours, energy characteristics, and food production
potential, resulting in food insecurity (Wolde et al., 2021). To minimize these adverse
consequences of land-use change, environmentally-friendly management measures must be

implemented in the future.
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Figure 13. Gains and losses (ha) graph between 2021-2035 and 2035-2050
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Table 11. Transition probability matrix of LULC between 2021-2035 and 2035-2050

2035
LULC Class Water body Grass land Forest  Agriculture land Barren land Built-up area Agroforestry Shrub land Marsh land
Water body 1.0000 0.0000 0.0000  0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Grass land 0.0117 0.5349 0.0000 0.3291 0.1046 0.0052 0.0033 0.0000 0.0112
Forest 0.0183 0.0477 0.6078  0.2006 0.0206 0.0061 0.0300 0.0685 0.0003
Agriculture land  0.0015 0.0000 0.0000 0.7907 0.0311 0.0061 0.1693 0.0000 0.0013
2021  Barren land 0.0072 0.0001 0.0000 0.2687 0.6780 0.0085 0.0026 0.0000 0.0348
Built-up area 0.0000 0.0000 0.0000  0.0000 0.0000 1.0000 0.0000 0.0000 0.0000
Agroforestry 0.0000 0.0000 0.0000 0.2562 0.0028 0.0032 0.7378 0.0000 0.0000
Shrub land 0.0067 0.1003 0.0000  0.4405 0.0592 0.0047 0.0716 0.3074 0.0096
Marsh land 0.3331 0.0366 0.0000 0.0013 0.0114 0.0000 0.0000 0.0101 0.6075
2050
Water body Grass land Forest  Agriculture land Barren land Built-up area Agroforestry Shrub land Marsh land
Water body 0.9332 0.0183 0.0000 0.0050 0.0125 0.0001 0.0014 0.0279 0.0016
Grass land 0.0243 0.2977 0.0000 0.6433 0.0093 0.0019 0.0118 0.0112 0.0006
Forest 0.0016 0.0362 0.2759 0.4065 0.0230 0.0083 0.2019 0.0437 0.0028
Agriculture land  0.0060 0.0001 0.0000 0.8965 0.0177 0.0068 0.0723 0.0006 0.0001
2035  Barren land 0.0277 0.0010 0.0000 0.1795 0.7681 0.0045 0.0021 0.0008 0.0163
Built-up area 0.0007 0.0000 0.0000 0.0022 0.0031 0.9938 0.0000 0.0000 0.0000
Agroforestry 0.0002 0.0000 0.0000 0.1241 0.0040 0.0087 0.8624 0.0000 0.0006
Shrub land 0.0162 0.0230 0.0000 0.3051 0.0211 0.0122 0.2526 0.3693 0.0004
Marsh land 0.5373 0.0041 0.0000 0.0086 0.0138 0.0001 0.0008 0.0178 0.4174
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Table 12. Transition area matrix (ha) of LULC between 2021-2035 and 2035-2050

2035
LULC Class Water Grass Forest ~ Agriculture  Barren Built-up  Agroforestry Shrub Marsh Total
body land land land area land land
Water body 3798.27 0 0 0 0 0 0 0 0 3798.27
Grass land 328.23 16743.69 0 9526.59 3044.07 14454 0 0 322.2 30109.32
Forest 688.95 1831.86 24984.63 7534.44 756.63 226.98 1071.27 2719.89 7.92 39822.57
Agriculture land 197.19 0 0 112737.51 4197.87 802.98 22764.42 0 169.02 140869
2021 Barren land 120.24 0 0 4992.84 13477.23 155.16 0 0 651.78  19397.25
Built-up area 0 0 0 0 0 3179.61 0 0 0 3179.61
Agroforestry 0 0 0 17386.29 156.42 213.3 53353.53 0 0 71109.54
Shrub land 276.66 4484.61 O 19138.86 2539.08 191.88 2936.16 14640.84 41499  44623.08
Marsh land 651.24 73.44 0 0 22.05 0 0 20.79 1290.15 2057.67
Total 6060.78  23133.6 24984.63 171316.53 24193.35 4914.45 80125.38 17381.52 2856.06 354966.3
2050
Water Grass Forest Agriculture Barren Built-up  Agroforestry Shrub Marsh  Total
body land land land area land land
Water body 5752.62  96.12 0 0.9 58.68 0 0 14445  8.01 6060.78
Grass land 472.5 9094.68 0 13111.29 138.96 20.88 21.96 260.37 1296  23133.6
Forest 3.6 960.39 924291 8633.52 480.24 159.57 4308.66 1128.78 66.96  24984.63
Agriculture land  775.53 3.51 0 157583.7 2388.42  867.78 9610.56 86.4 0.63 171316.5
2035 Barren land 484.65 19.35 0 3420.54 19830.78 80.64 0 13.32 344.07 24193.35
Built-up area 2.7 0 0 8.1 11.88 4891.68  0.09 0 0 4914.45
Agroforestry 0 0 0 7709.67 234.18 523.62 71615.25 0 42.66  80125.38
Shrub land 231.66 41085 O 4397.58 305.19 168.57 3749.76 811341 45 17381.52
Marsh land 1295.19 4.32 0 18.27 30.78 0.18 0 39.42 1467.9 2856.06
Total 9018.45  10589.22 924291 194883.57 23479.11 6712.92  89306.28 9786.15 1947.69 354966.3
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2.4. Conclusion

The GW LULC change dynamics between 1985 and 2050 were modelled using different
geospatial techniques and the MLP machine learning algorithm. For this study different
dependent/driver and independent spatial datasets were used. Using the hybrid image
classification process, nine major land cover classes were identified where, in general,
agriculture is dominant (For example 40% cover in 2021) and substantial classification
accuracy result (>80%) was attained ensuring further consideration. Statistical and graphical
LULC change detection such as gains, losses, and net changes were assessed both in ERDAS
Imagine and TerrSet software. The results revealed noticeable landscape changes over the last
36 years between 1985-2021. The persistence/unchanged class percentage was gradually
decreased from 38% to 35% between 1985-2003 and 2003-2021 respectively. Among the land
uses, agriculture and agroforestry are the dominant contributors to the livelihood of the local
community, resulting in increased trends with the expense of forest, shrub, and grass cover

destruction.

Topography features, proximity variables, population density, and evidence likelihood were
considered as the main drivers of LULC change. Prior to future prediction, the fundamental
MLP model skill test and parameter sensitivity analysis were performed using three statistical
approaches. The result generated an overall skill (0.9) and accuracy (93.52%) well beyond the
permissible limit, and evidence likelihood is the most influential parameter while elevation has
the least effect in this study. The 2021 hard and soft prediction result of the MLP-CA-MC model
was further validated using the VALIDATE and ROC module based on the actual reference
image (2021). Both the derived Kappa statistics (>80%) and AUC value (0.75) guaranty the
reliability of the MLP-CA-MC model in predicting the future. Future LULC changes (2035 and
2050) were then predicted while taking into consideration the BAU scenario and the unceasing
expansion of agricultural land, agroforestry, water body, and built-up will be expected between
2035 and 2050 with the reduction in forest, grass, and shrub land. Marshy area and barren land
will show a positive growth till 2035 and decrease by 2050. Most, even to say all, of the past
studies conducted in GW were mainly focused on historical land-use changes while ignoring

the future change and revealing its impact from different perspectives.

The change in LULC is expected in the future, yet no study has attempted to simulate the future
LULC dynamics and their effect in GW. A study on LULC change detection and prediction is
required for proper planning and sustainable management. These unplanned LULC changes
should be seen as a major and serious threat to the existing limited land resources in GW.
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Therefore, to minimize these adverse consequences of land-use change, environmentally
friendly natural resource management measures must be implemented by concerned authorities
in the future. Since the combined effects of land use and climate changes, for example on
hydrology, are different from the separate impacts therefore rather than relying only on
projected climate variables this study highly recommends combining with future LULC
changes which will be decisive for sustainable planning and management. The methods and
findings of this study will be helpful for concerned stakeholders in providing the opportunity
to develop adequate land and water resource conservation strategy and irrigation management
plan for the future. Although the modified MLP-CA-MC model provides future LULC
prediction with more accurate results, scarcity of dynamic variables data, for example; planned
infrastructure changes, and proposed reserve areas are considered as limitations and further

investigations to correlate future LULC prediction with different scenarios are appreciated.
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3. Performance evaluation of CORDEX-Africa regional climate models in simulating
climate variables over Ethiopian Rift Valley Lakes Basin: Evidence from Gidabo

watershed for impact modeling studies

Abstract

Measuring the simulation skill of regional climate models (RCMs) is vital in selecting the best
performing model that can be used for climate change studies. To that end, the performance of
eleven Coordinated Regional Climate Downscaling Experiment (CORDEX) Africa RCMs
were evaluated against observed datasets from 1991 to 2005. RCMs’ outputs were evaluated
using coefficient of variation (CV), percent of bias (PBIAS), Root Means Square Error
(RMSE), Pearson's correlation coefficient (r), revised R-squared (RR?), Taylor Skill Score
(TSS), Mann-Kendall (MK) trend test and Sen’s slope estimator. The results confirm the
difference of RCMs in capturing the annual and seasonal climate variables. In relation to the
spatial pattern of the rainfall, RACMO22T (EC-EARTH) strongly reproduced the mean annual
rainfall. CCLM4-8 (MPI) and mean ensemble reproduced the annual patterns of the observed
rainfall despite the fact with varying rainfall amounts reproduced. The seasonal rainfall pattern
was satisfactorily captured by RACMO22T (EC-EARTH), CCLM4-8 (MPI1) and REMO2009
(MPI). The agreement between the observed and modeled rainfall is superior in CCLM4-8
(MPI) and RACMO22T (EC-EARTH) at station level. CRCM5 (MPI) satisfactory replicated
the patterns of both minimum and maximum temperature. RACMO22T (EC-EARTH) showed
best performance in simulating annual and seasonal rainfall trends in the GW. In overall,
models that performs better in replicating the observed climatology in the GW include
RACMO22T (EC-EARTH), CCLM4-8 (MPI), CRCM5 (MPI), CCLM4-8 (CNRM), and
REMO2009 (EC-EARTH). The study underscored the use of the mean ensemble of model
simulation did not always guarantee better agreement with observation than individual models.
Therefore prior to climate impact study, it is advisable to correct the systematic bias and
employ the multi-model ensemble of best performing models for climate change impact and

adaptation studies in the GW.

This chapter is originally published as:

Girma, R., First, C., Moges, A., 2022. Performance evaluation of CORDEX-Africa regional
climate models in simulating climate variables over Ethiopian main rift valley: Evidence
from Gidabo river basin for impact modeling studies. Dynamics of Atmospheres and
Oceans, 99: 101317. https://doi.org/10.1016/j.dynatmoce.2022.101317.
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3.1. Introduction

The impacts of climate change are a major concern worldwide and becoming sever, particularly
in developing countries (Asfaw et al., 2021; Babaousmail et al., 2021; Demissie and Sime,
2021). The changes in frequency and intensity of climate events have led to changes in the
frequency, intensity, spatial extent, duration, and timing of weather and climate extremes
(Seneviratne et al., 2012). This can result in unprecedented extremes such as severe climate-
related disasters (e.g., droughts, floods) (Seneviratne et al., 2012; Ayugi et al., 2020a). In Sub-
Saharan African region, climate change is expected to exacerbate the existing socioeconomic
challenges due to its high exposure and low adaptive capacity (Intergovernmental Panel on
Climate Change (IPCC), 2014a; Niang et al., 2014; Warnatzsch and Reay, 2019; Adenuga et
al., 2021; Hamadalnel et al., 2022a). Increased frequency and intensity of droughts and floods
over the East Africa region has threatened many people’s livelihood and the economy at large
(Asumadu-Sarkodie, 2015; Ayugi et al., 2020b; Umuhoza et al., 2021).

Climate change in the form of higher temperature, reduced rainfall, and increased rainfall
variability adversely affects and resulted in significant impact on agricultural countries’ leading
economy like Ethiopia (Araya et al., 2010; Gezie, 2019), where around 90% is predominantly
rain-fed agriculture. The main causes for vulnerability of Ethiopia to climate variability and
change are very highly dependent on rain fed agriculture and underdevelopment of water
resources (Belihu et al., 2018). Climate change impacts on are of major concern in view of the
sustainability of water resources and agricultural production in Ethiopia (Conway and
Schipper, 2011; Tesfaye et al., 2019).

Accurate climate information is necessary to evaluate the regional and local climate change
effects, perform impact assessments and design adaptation strategies at regional or national
level (IPCC, 2014b; Giorgi and Gutowski, 2015). Understanding the historical climate is of
great importance for better estimating future climate change and assessing its influence from
different perspectives (Hamadalnel et al., 2021; Pang et al., 2021). Numerical climate model
has become an effective tool to understand the climate change and predict the climate at
different time scales (Umuhoza et al., 2021). Since the invent of Global Climate Models
(GCMs), several studies have used GCM outputs to assess global and regional climate changes
(Ayugi et al., 2020b; Hamadalnel et al., 2022b). Nonetheless, many scholars proved coarse
spatial resolutions GCMs have limitations in simulating hydrological variables at catchment
scale and regional scale phenomena (Zanis et al., 2015; Dibaba et al., 2019; Stefanidis et al.,
2020). Moreover, GCMs could not realistically capture extreme events (Worku et al., 2018).
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GCMs based climate simulation represent changes over a relatively large area, however, to
carry out context-specific impact and adaptation assessments, a more detailed local
understanding is required (Kim et al., 2013; Warnatzsch and Reay, 2019). Thus, in regions
particularly characterized by an uneven topography, downscaling climate models at regional
spatial scale are vital to get accurate information for local climate impact studies (Flato et al.,
2013; Worku et al., 2018). This have prompted the idea of employing downscaled and high-
resolution regional climate models (RCMSs) to describe climate variability at regional or local
scale (Ayugi et al., 2020b). Downscaling techniques resolve scale disparity to translate large-
scale climate model results to local climate (Dibike et al., 2007; Tesfaye et al., 2019). The
downscaling techniques are divided into dynamic (Xue et al., 2014) and statistical (Sachindra
et al., 2018) approaches as noted by Stefanidis et al. (2020). Dynamic downscaling approaches
are physically based driven process and, complex and computationally demanding whereas
statistical downscaling models are data driven and easy to apply and require much less

computational time (Tesfaye et al., 2019).

In recent years, several institutions continue to use RCMs for varying applications in climate
studies (IPCC, 2014b; Ayugi et al., 2020b). There are also different initiatives to produce large
ensembles of RCM simulations that can be further used for varying applications in climate
studies at regional spatial scales (IPCC, 2014b). This is attributed to, but not limited, CORDEX
(Coordinated Regional Climate Downscaling Experiment) under the auspices of the World
Climate Research Program (WCRP) (Ayugi et al., 2020b). CORDEX-Africa is an initiative to
downscale different GCM outputs and to generate an ensemble of high resolution (~50km)
historical and future climate projections for the African continent (Worku et al., 2018). RCMs
add value to climate projections particularly in areas with variable topography, and extreme or
small-scale climatic processes (Flato et al., 2013; Warnatzsch and Reay, 2019). Studies have
shown that RCMs simulate the most reliable annual and seasonal climate variable estimations,
and are also preferable in analyzing extreme rainfall distributions and frequency (Worku et al.,
2018; Demissie and Sime, 2021).

Although, the use of outputs from RCMs has become a vital and effective tool for studying

regional climate change and variability (Kisembe et al., 2019), it has also been found that the

way the RCMs inherit the biases from the GCMs varies for different regions and variables

within Africa (Kim et al., 2013; Warnatzsch and Reay, 2019). And equal in a localized study

area, RCMs that achieve good results in some areas may have limitation in other places (Endris

et al., 2013: Onyutha, 2020). According to Nikulin et al., 2012, RCMs simulate climatic
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variables with different levels of accuracy and significant biases can be found depending on
region and season. Therefore, in order to select the appropriate RCMs for a specific watershed,
it is necessary to evaluate the performance of multiple RCMs (Mutayoba and Kashaigili, 2017,
Dibaba et al., 2019; Warnatzsch and Reay, 2019; Demissie and Sime, 2021).

Climate change impact and adaptation studies can benefit from an enhanced understanding
about the performance of individual as well as ensemble simulations of RCMs (Alemseged and
Tom, 2015). According to Anagnostopoulos et al. (2010) and Stefanidis et al. (2020), the ability
of RCMs to represent climate conditions should be examined prior to their use in impact
assessment studies. Since the performance of downscaled data differs either from location to
location or from one RCM to another (Mutayoba and Kashaigili, 2017), gauging the skills of
historical RCMs is crucial in selecting the best performing model that can be used for future

climate projections and impacts studies (Umuhoza et al., 2021).

In the locality of GW, several studies revealed the impacts of climate change from different
perspectives (Shanka, 2017; Belihu et al., 2018; Alehu et al., 2021). Such and other related
studies have mostly based on either observed data or an individual RCM simulation. However,
the effort made using multiple climate models/ensembles was rare. Furthermore, the extent of
the differences among results from various RCMs and how these differences affect the
projected results of climate change have rarely been attempted in the GW. The reasonableness
of the future climate change projections depends on how accurate the climate models reproduce
observed or historical climate variability (Onyutha et al., 2019). Though model performance
assessment is not new in Ethiopia, it was not conducted in the study area. As a result, this study
focuses on evaluating the performance of frequently used CORDEX-Africa RCMs and their
mean ensemble in simulating rainfall and temperature (minimum and maximum) over GW for
impact modeling studies. This is an important step to better understand how the individual
RCMs perform in any climate impact assessment study, as the uncertainties in RCMs are

characterized (Demissie and Sime, 2021).

3.2. Materials and methods

3.2.1. Data source and processing

In Ethiopia and particularly in GW, dearth of long meteorological time-series observed data
were limited our reference time period from 1991 to 2005. According to Dibaba et al. (2019),
climate analysis requires complete datasets with no gaps and missing records. Therefore,
stations having small percentage of missing values with both precipitation and temperature
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record were considered for the evaluation purpose. For this study, the following five
meteorological stations were selected: Dilla, Hagereselam, Haisawite, Yergalem and
Yergacheffe (Figure 1 and Table 13). Daily rainfall and air temperature (minimum and
maximum) data were collected from the National Meteorology Agency (NMA) of Ethiopia,

which cover 15 years from 1991 to 2005 that is common period for the aforementioned stations.

Data imputation technique was used to estimate and complete the missing values prior to the
analysis. The stations have random missing values of less than 5% (Table 13). Missing data
were filled with multiple imputation algorithm based on the Markov Chain Monte Carlo
(MCMC) approach using XLSTAT 2021 add-ins software package (Sattari et al., 2017;
Ekeuwei et al., 2018; Banda et al., 2021). Moreover, homogeneity test was assessed through
the application of the Standard Normal Homogeneity Test (SNHT) (Elzeiny et al., 2019) and
double mass curve (DMC) analysis was executed to assess the consistency of rainfall (Gao et
al., 2017). Accordingly, the annual rainfall in the area is found to be homogeneous as the
computed p-value is greater than the significance level alpha=0.05 at 99% confidence interval
(Table Al). Again, it was found that each station rainfall was consistent with the cumulative
mean annual rainfall of all stations (Figure Al). Finally, the observed point data (rainfall and
temperature) were transformed into spatial dataset using Thiessen Polygon method to calculate

the areal average (Worku et al., 2018).

Table 13. Characteristics of the rain gauge stations

Meteorological Elevation Mean annual Coefficient of Skewness Percent of
station (m) rainfall (mm/year) variation (%) missing data
Dilla 1519 1290 15.3 0.57 0.4
Hagereselam 2809 1277 12.9 0.16 2.1
Haisawite 2240 1058 17.2 -0.48 1.1
Yergalem 1786 1215 19.3 0.24 0.3
Yergacheffe 1856 1316 20.9 1.61 0.1

RCMs simulations from CORDEX driven by MPI-ESM-LR (MPI-M: Max Planck Institute for
Meteorology), CNRM-CM5 (CNRM-CERFACS: Centre National de Recherches
Météorologiques) and EC-EARTH (ICHEC: Consortium of European research institution and
researchers) were obtained from the publicly available Earth System Grid Federation (ESGF)
(https://esgf-data.dkrz.de/search/esgf-dkrz/) (Table 14). According to Worku et al. (2018);
Dibaba et al. (2019); Demissie and Sime (2021), these models have been evaluated in multiple

studies on Africa, and have been found to perform well in simulating rainfall and air

temperature. This study used 11 RCM outputs (Table 14) and their mean ensemble (multi-
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model average) to attempt the evaluation. For each model, historical simulations and only the
first ensemble member (rl) was used, except the EC-EARTH model from which the 12th
ensemble member (r12) was used. The RCM network command data form (NetCDF) were
being extracted using the latitude and longitude of the corresponding stations in ArcGIS 10.7

model builder as used by Demissie and Sime (2021) (Figure 15).

Table 14. Description of RCMs and deriving GCM used in this study

Description of the RCMs Driving GCM RCM short name Reference
Climate Limited-Area Modeling CNRM-CM5 CCLM4-8 (CNRM) Sgrland et al.,
Community version 4.8 EC-EARTH CCLM4-8 (EC-EARTH) 2021
MPI-ESM-LR  CCLM4-8 (MPI)
Fifth-generation Canadian MPI-ESM-LR CRCM5 (MPI) Takhsha et al.,
Regional Climate Model 2018
High-Resolution Hamburg EC-EARTH HIRHAMS (EC-EARTH) Christensen et
Climate Model 5 al., 2007
Regional atmospheric climate EC-EARTH RACMO22T (EC-EARTH)  Wessem &
model version 2.2 Laffin, 2020
Rossby Centre Regional CNRM-CM5 RCA4 (CNRM) Samuelsson et
Atmospheric Model EC-EARTH RCA4 (EC-EARTH) al., 2011
MPI-ESM-LR RCA4 (MPI)
REgional Model EC-EARTH REMO2009 (EC-EARTH) Demessie et al.,
MPI-ESM-LR REMO2009 (MPI) 2023

~ File_View |

Make NetCDF
Table View
Table to Table
Append

Figure 15. ArcGIS model used to extract the RCMs NetCDF (Source: https://help.arcgis.com)
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3.2.2. Data analysis techniques

Comparison between CORDEX RCMs outputs and observed data was done to test the ability
of the CORDEX RCMs to reproduce the seasonal, annual cycles, interannual variability,
annual total and trends of rainfall. Hence, descriptive and statistical tests (Asfaw et al., 2018)
were used for variability investigation and trend analysis as illustrated in the succeeding sub-

sections:
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Assessing the skill of RCMs output in reproducing GW climatology

The study used mean seasonal, annual and inter-annual variations to assess the skill of RCMs
in reproducing the fundamental characteristics of rainfall and temperature over GW as used by
other studies (Worku et al., 2018; Ayugi, et al., 2020b). Hence the regional models were
evaluated through visual inspection by plots and spatial distribution maps of meteorological
variables (observed and RCM simulated data) (Alemseged and Tom, 2015). Prior to spatial
analysis, the observed point data collected from the five meteorological stations were converted
into spatial datasets using inverse distance weight (IDW) interpolation algorithm in ArcGIS
environment (Worku et al., 2018; Dibaba et al., 2019; Demissie and Sime, 2021).

Statistical validation of the RCMs

This study employed five statistical metrics (Equation 11-15) including percent of bias
(PBIAS), Root Means Square Error (RMSE), Pearson's correlation coefficient (r), revised R-
squared (RR?) (Onyutha, 2022) and Coefficient of Variation (CV). These metrics were
previously used in evaluation of climate models by a number of researchers such as Alemseged
and Tom (2015), Asfaw et al. (2018), Worku et al. (2018), Dibaba et al. (2019), Ayugi et al.
(2020Db), Demissie and Sime (2021), Mengistu et al. (2021) and Onyutha (2022).

i=1(S: — 0y)

PBIAS = ————x 100 11
n

RMSE = [n~1 Z(Sl - Ol‘)z (12)
i=1

> (Si—$) (0~ 0)

r= (13)
(ERA(si— 572 52,0, 0
min(S,, S min(S3,S2
RR? = |r| X o S)X ((; SZD) (14)
max(Sp,Ss)  max(S5,5¢,)
o
€V =2 x 100 (15)

Where Siand Ojare the i model simulated and observed variables respectively; n represents
the total number of pairs; the bar over the variables refers the average values over the analysis
period; min and max denote the minimum and maximum, respectively, of observed and
simulated variables; So and Ss is sample standard deviation of observed and simulated climate
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variables respectively; SZ is sample variance of observed climate variable and SZ, denotes the
conditional variance of simulated variable with respect to O such that SZ, = (n —
1D7IY™ . (S; — 0)? (Onyutha, 2022).

PBIAS measure the systematic bias or bias between the observed and model simulated climate
variable using Eq. (12). A PBIAS value close to O indicates a minor systematic difference
between RCM and observed amounts; a PBIAS value far from 0 suggests a deviation. A
positive PBIAS indicates overestimation whereas a negative PBIAS indicates an
underestimation of the observed variables (Alemseged and Tom, 2015; Worku et al., 2018;
Mengistu et al., 2021). RMSE measures the difference between the observed and RCMs output.
An RMSE value close to 0 indicates better performance. RMSE is elucidated mathematically
as in Eq. (13) (Worku et al., 2018; Mengistu et al., 2021).

r, in Eq. (14), is often used to evaluate the existing linear relationship between the RCMs and
observed data. r value is ranging between 1 and -1 (Luhunga et al., 2016); values close to 1
indicate a better linear relationship between the observed and modeled data whereas a value
away from 1 indicates less agreement (Worku et al., 2018; Mengistu et al., 2021). RR? values
range from 0 to 1 where the higher the RR?, the better the model fits the observed data. CV
(Eg. 16) was computed to evaluate the variability of seasonal and annual climatological events.
A higher value is the indicator of larger variability, and vice versa (Asfaw et al., 2018). CV is
used to classify the degree of variability of rainfall events as less (CV< 20%), moderate (20%
< CV <30%), and high (CV >30%) (Mekonen and Berlie, 2019; Demissie and Sime, 2021).

In addition, standardized anomaly index (SAI) of the RCM and observed data (annual and
seasonal records) have been computed, using equation 16, to show the consistence of model
simulations to capture the deviation of the data from long term average (Alemseged and Tom,
2015; Asfaw et al., 2018; Dibaba et al., 2019; Anose et al., 2021). Standardized rainfall
anomaly (SRA) describes extreme climate events viz, drought period (Asfaw et al., 2018). For
instance, Agnew and Chappell (1999), classified droughts into extreme (SRA < -1.65), severe
(-1.28 > SRA > -1.65), moderate (-0.84 > SRA > -1.28) and no drought (SRA >-0.84) which
is also adopted in the Ethiopian context (Asfaw et al., 2018; Belay et al., 2021). Therefore, to
evaluate the skill of RCMs to reproduce the interannual variability of hydrologic extreme
events, it is vital to compute the SRA of climatological variables (Alemseged and Tom, 2015;
Asfaw et al., 2018; Dibaba et al., 2019).

x._
SAI:(l )
o

(16)
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Where, xi is the rainfall or temperature data of a particular year; p is long term mean annual
rainfall or temperature over a period of observation and o is the standard deviation of annual

rainfall or temperature over the period of observation.

Furthermore, Taylor diagram and Taylor Skill Score (TSS) was employed (using R version
4.1.3) to evaluate the performance of RCM replicating monthly rainfall and temperature over
the study area. Recalling previous studies (Taylor, 2001; Kusunoki et al., 2006; Kusunoki and
Arakawa, 2015; Wang et al., 2018; Abbasian et al., 2019; Babaousmail et al., 2021; Shiru et
al., 2021), Taylor diagram and TSS approach has been widely used to assess the correlation
between different sets of data (Babaousmail et al., 2021). It can illustrate the statistical
relationship between the RCM simulations and observations. Taylor diagram represent three
different statistics viz, the centered root mean squared error (CRMSE), the linear correlation
coefficient and the standard deviation (Abbasian et al., 2019). The TSS was calculated using

equation 17 and the score vary from 0 (least skillful) to 1 (most skillful) (Taylor, 2001).

TSS = ta+R) (17)

(6 + 1/6;)°(1 + Ry)

where R is the spatial pattern correlation coefficient between the model outputs and

observation; Ro is the maximum correlation attainable (the threshold was assumed at 1
(Kusunoki and Arakawa, 2015; Babaousmail et al., 2021) and 6 is normalized standard

deviation of the simulated patterns.

Appraisal of RCMs skill to simulate trends in rainfall and temperature

Several approaches have been articulated to analyze the trend of climate time series data using
either non-parametric or parametric statistical methods. The parametric methods, for example
linear regression, are developed based on assumptions such as the normality, the stationarity
and the independency of time series, while these assumptions are most uncommon to be
satisfied in a hydrological time series (Mirabbasi et al., 2020). Moreover, the parametric tests
are very sensitive to the presence of the outliers in the data series, which is not the case with
the non-parametric methods (Mirabbasi et al., 2020) such as the Mann Kendall test (Mann,
1945; Kendall, 1975), Spearman's rho test (Spearman, 1904; Lehmann, 1975; Sneyers, 1990),
Onyutha test (Onyutha, 2021), and Sen's Innovative Trend method (Sen, 2012).

Among the non-parametric methods, Mann-Kendall (MK) trend test method is the most
commonly used techniques. The MK test has several advantages such as the handling of

missing data, the requirement of few assumptions, and independence of the data distribution
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(Oztopal and Sen, 2017; Ali et al., 2019). MK test is used for estimating trends having datasets
with high variance and are less sensitive to outliers (Hamed, 2008). This method is also used
for trend analysis of nominal, ordinal, ratio, or interval data series (Sarkar et al., 2021). Trend

analysis of skewed data is also done by MK (Sarkar et al., 2021).

Prior to trend analysis, the autocorrelation function (ACF) plots for meteorological time series
variables were developed using R to identify the presence of serial correlation. In the ACF plot
significant serial correlation is depicted when the vertical lines extend beyond the blue
horizontal band (at 5% significant level) at lag -1 (Mulugeta et al., 2019). Accordingly, Figure
16 illustrate there was no significant serial correlation for rainfall and temperature time series
for the entire watershed. In 2019, Mulugeta et al. also reported similar result in Awash River
basin, Ethiopia. Consequently, the ACF result attested to use the original Mann-Kendall (MK)
trend test. In this regard, MK test and Sen’s slope estimator were adopted to test the ability of
the RCMs simulating trends and the magnitude of the trends respectively (Luhunga et al.,
2016). MK, non-parametric statistical test, was employed to detect the time series trends of the
RCMs output (Luhunga et al., 2016; Belihu et al., 2018). The Mann-Kendall test, rank based
procedure, is used to discern the alternative hypothesis (H1) that indicates the presence of trend,
against the null hypothesis (Ho) of no trend (Mann, 1945; Kendall, 1975). The test was based
on S statistics and each paired sequential data values, xi and x;,, were compared to find out
whether x; > x; or the vice versa (Mutayoba and Kashaigili, 2017; Belihu et al., 2018).
Standardized Mann-Kendall S statistic were computed using equation 18 (Mann, 1945;
Kendall, 1975):

S = Til i sgn(xj — xi) (18)

i=1 j=i+1
where x; and x; are sequential data for the i""and j™ terms, n is the number of observation or

sample size and the test of significant, sgn was calculated using equation 19:

+1 lf x]- > Xi
sgn(x; —x;) ={ 0if x; = x; (19)
-1 lf Xj < Xi
S is approximately normally distributed with the mean and variance. The variance of S, Var(S)
was calculated using equation 20 where m denotes the number of tied groups (a set of ti sample

time series data owning the same values).
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Var(S) = 18

(20)

When n >10, a standardized Z statistic (Equation 21) was computed to measure the significance
of trend. Negative Z-score values denote downward trend while positive Z-score values denote

upward trend.

S—-1 .
——Var(S) ifS>0
Z = 0ifS=0 (21)
S+1

———— if$S<0

JVar(S)

For a given level of significance o, Hz is accepted if |Z| > Z1—o» implying significant trend in
the time series data (either increased for positive Z-value or vice versa). Zi-q2 is calculated from
the standard normal distribution tables. In this study, the trend of RCM outputs in annual and

seasonal time scale were tested at a=0.01, 0.05 and 0.1 significant levels.

Sen’s slope estimator was used to estimate the gradient of the trends in meteorological
variables. This method provides a more robust slope estimate because it is sensitive to the
outliers or extreme values (Theil, 1950 and Sen, 1968). In 2018, Belihu et al. noted the slope
estimator Si; (Equation 22) is the median (Gan, 1998) over all possible combinations of pairs

for the whole data set.

N A
,Biszedlan[j _],]>l (22)

Where x; and x; are the time series of monthly climatology; i=1,2,3,...,n—=1and j=1i+1, i

+2,1+3,...,n; nis the number or length of the dataset.
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Figure 16. ACF plots for annual and seasonal rainfall and temperature
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3.3. Results and discussion

The performance of eleven RCMs together with the mean ensemble were examined against
their capability in reproducing the observed annual climatology, seasonal and interannual
variability, and trends in rainfall and temperature over GW to select best performing model.
Such assessment is vital to gain confidence in climate impact studies and analysis (Babaousmail
etal., 2021).

3.3.1. Mean annual rainfall cycle

The spatial distribution of observed and simulated mean annual rainfall showed a distinct
variation over the study watershed (Figure 17). In the upper region of the watershed, CCLM4-
8 (CNRM) and CCLM4-8 (EC-EARTH) outputs were better in representing the observed mean
annual rainfall. RACMO22T (EC-EARTH) robustly reproduce the mean annual rainfall both
in the upper and middle regions as compared to other models. The RCA4 group and HIRHAM
(EC-EARTH) simulate higher than the observed rainfall in the upper and central part of the
watershed. The output attained from REMO2009 (EC-EARTH) underestimate the annual
rainfall in the middle and lower region and REMO2009 (MPI) exhibit lower records than the

observed mean annual rainfall over the entire watershed.

Rainfall and temperature are two of the most important meteorological variables that are
frequently used to trace the extent and magnitude of climate change and variability (IPCC,
2007). The assessment of spatiotemporal dynamics of climatological variables, particularly in
countries like Ethiopia where the economy is heavily dependent on low-productivity rainfed
agriculture, is very crucial to assess climate-induced changes and suggest feasible adaptation
strategies (Cheung et al., 2008; Asfaw et al., 2018). The existing geographical features and
topographic complexity of Ethiopia are responsible for the spatiotemporal variability of climate
in the country (National Meteorology Service Agency (NMSA), 1996; Zeleke et al., 2013;
Alhamshry et al., 2020). Moreover, Berhanu et al. (2014) pointed out regional and global
change of the weather systems along with the seasonal cycles have a strong impact on these

variations over space and time.
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Figure 17. Spatial distribution of simulated and gauged mean annual rainfall

The performance of RCMs in simulating the mean annual rainfall cycle is graphically
represented by Figure 18. The observed areal average rainfall exhibits two peaks of rainfall i.e.,
bimodal pattern in the entire GW; a primary maximum is in April/May, a secondary one is in
September/October and the lowest amount is recorded in December. In agreement with this,
Belihu et al. (2018) assembled the mean annual rainfall into high (March—May), moderate
(August-October), low (June-July) and dry period (November—February). Likewise,
Alhamshry et al. (2020) described the southern domain of Ethiopia (where the study area is
located) experienced bimodal rainfall cycle viz, March to May (with rainfall peaks in
April/May) and October to November.

As can be illustrated in Figure 18, most of the RCM’s output reproduced the bimodal patterns
of rainfall over all the stations while shifting the April/May peak period up to 2 months.

55



Congruently, Mengistu et al. (2021) attained similar results in Baro-Akobo basin. Some of the
RCMs (i.e., CCLM4-8 (CNRM), CCLM4-8 (MPI), RACMO22T (EC-EARTH) and RCA4
(CNRM)) satisfactorily captured the timing of peak rainfall despite the fact with varying rainfall
amounts reproduced. CCLM4-8 (MPI) model well captured the annual pattern of observed
mean monthly rainfall. Similarly in 2021, Mengistu et al. stated CCLM4-8 model perform better

to reproduce the observed mean monthly rainfall in Baro—Akobo basin, Ethiopia.
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Figure 18. Observed and simulated mean annual rainfall (mm/month) cycle at each station and
the entire GW (areal average).

CCLM4-8 and REMO2009 group underestimate the mean annual rainfall cycle all over the year
while CRCM5, HIRHAM5, RACMO22T (EC-EARTH) (from May-October) and RCA4
overestimate the mean annual rainfall cycle. The mean ensemble reproduced the annual patterns
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of the observed rainfall more adequately than the individual RCMs over the study watershed.
On the contrary, RCA4 group, characterized by overestimation, showed weak performance in
capturing the mean annual rainfall distribution in the study domain (Figure 18). Previous studies
conducted in different parts of the country also attained similar results. For example, Worku et
al. (2018); Demissie and Sime (2021) found the overestimation characteristics of RCA4 in the
upper Gilgel Gibe districts and Jimma sub-basin respectively.

It is found that the RCMs inconsistently reproduced the magnitude and pattern of observed
rainfall at each station (Figure 18). For instance, CCLM4-8 (MPI) underestimate the peak
annual rainfall cycle at Dilla while capturing the annual pattern satisfactorily. The peak
simulated by CCLM4-8 (EC-EARTH) showed higher than the observed mean annual rainfall
at Yergalem, on the contrary lower than the observed annual rainfall cycle at Hagereselam and
Yergachefe stations. RCA4 from CNRM and MPI overestimate the observed peak while
REMO2009 (EC-EARTH) and mean ensemble reproduced smaller peak at Yergachefe. Both
HIRHAMS5 (EC-EARTH) and RCA4 (EC-EARTH) exhibited a higher peak than the observed
rainfall at Haisawite. At Yergachefe station, both RACMO22T (EC-EARTH) and RCA4

(CNRM) relatively captured the annual rainfall distribution well than the other stations.

Most of the derived RCMs (excluding CRCM5 (MPI), RACMO22T (EC-EARTH) and
REMO2009 group) overestimate the annual cycle of minimum temperature (Figure 19).
CRCMS5 (MPI) satisfactory replicates the distribution of annual minimum temperature. On the
other hand, almost the RCMs and mean ensemble showed lower records of maximum
temperature cycle over the entire watershed. The annual pattern of maximum temperature over
the study watershed is better captured by CRCM5 (MPI) and mean ensemble. At station level,
each RCMs replicate the observed temperature with varying ranges. For example, most of the
regional models and mean ensemble reproduce lower than the observed maximum temperature
throughout the year at Dilla, Yergalem, Haisawite and Yergachefe stations while REMO2009
simulate higher than the observed maximum temperature at Haisawite and Yergachefe stations.
All the derived RCMs and mean ensemble simulate higher than the observed minimum and
maximum (apart from CRCMb5) temperature at Hagereselam station. Outputs attained from
CRCM5 (MPI) (at Dilla and Yergachefe stations), RCA4 of EC-EARTH and CNRM (at
Yergalem station) and mean ensemble (at Hageresela, Dilla and Yergalem stations)
satisfactorily captured the pattern of mean annual maximum temperature though it is failed to
reproduce the magnitude.

57



Month

(a) Minimum temperature

Month

Month

Month

—CCLM4-8 (CNRM) —CCLM4-8 (EC-EARTH)  —CCLM4-8 (MPI) CRCMS5 (MPI) —HIRHAMS (EC-EARTH)
—RACMO22T (EC-EARTH) —RCA4 (CNRM) —RCA4 (EC-EARTH) —RCA4 (MPI) —REMO2009 (EC-EARTH)
—REMO2009 (MPI) —Ensemble —0Observed

| ® 33
Yergalem
|E.w €u |
|5 27 E 27
E E
|§:4 E‘z;
|§ 21 1 En
l% 15 .! Ig B
|£ 2
e — 15 15 et : —
Jan Feb Mar Apr May Jun Jul Ang Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep O Nov Bﬂ'l Jan Feb Mar Apr May Jun Jul Ang Sep Oct Nov Dec
Month Month Month
17 15 I 33 30
= - f‘:
LS < <30 gt
£ 1 1§ )
H { E i
3.” g 1= - 4
] g1 | "E24
i 1 : = s 21
—
B = -
i ’ £ ' I% 18 13 ¢
3 = 1=
7 T e T B e . i i 1y
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Derl Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month Month I Month Month
15 29 10 —

g e g

5 L I s 26 E 7

£ 182 £y

E'" | E' %

; ; 20 =1

- |

£° I % 17 E 18

- b -

7 L i i i L i 3§ 3 3 " E I 14 " 4 M " H M 15 A i i L 1 L i L L L J
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Noy Dec  Jan Feb Mar Apr May Jun July Aug Sep Oct Nov Dec I Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec  Jan Feb Mar Apr May Jun July Aug Sep Oct Nov Dec
|

(b) Maximum temperature

Figure 19. Observed and simulated mean annual cycle of minimum (a) and maximum (b) temperature at each station and in the entire GW.
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3.3.2. Seasonal climatology

The study area (located in the southern Ethiopia) experienced two wet seasons viz Belg and
Kiremt with short transition. Scholars argued that Ethiopian rainfall is characterized by both
seasonal and interannual spatial variabilities (Alhamshry et al., 2020). Therefore, in the data set
used in this study (Figure 18), the Belg season rainfall extends from March—May and the Kiremt
season lasts from June—October. This corresponds with Tesfamariam et al. (2019) where the
ERVLB is characterized by bimodal rainfall distributions with the short rainy season (Belg)
extending from March to May and the long rainy season (Kiremt) ranges from June to September
(and extends up to October in the southernmost parts). Whereas Belihu et al. (2018), segregated
Kiremt season rainfall into June-July and August—October.

Based on rainfall occurrence, there are three major rainy seasons in most part of Ethiopia,
namely Kiremt (long rainy season, also called Meher) which extends from June to September,
Belg (short rainy season) which ranges from February to May and Bega (dry season) which lasts
from October to January (NMA, 2007; Asfaw et al., 2018). Since majority of the mean annual
rainfall totals in Ethiopia is accounted for Kiremt (summer) rain, it has high contribution to
agricultural productivity and major water reservoirs. While Belg (spring) rain is important for
Belg and long-season crops, as well as for Meher land preparation and in supplementing water
for irrigation (Asfaw et al., 2018). Though most of the area in Ethiopia receives one main wet
season i.e., Kiremt, the spatiotemporal distribution of rainfall has different characteristics from
region to region (Berhanu et al., 2014; Belihu et al., 2018; Alhamshry et al., 2020).

Despite their diverse findings, several studies were attempted to subdivide Ethiopia into
homogeneous zones relied on spatial homogeneity and seasonality of rainfall. For example, Diro
et al. (2011); Tsidu (2012); Alhamshry et al. (2020) grouped Ethiopia into different
regions/clusters, of which the southern part of the country is characterized with bimodal seasons
of long rainfall (March-May) with rainfall peaks in April/May and another short rainfall
(September/October—November). Whereas, Korecha and Sorteberg (2013) delineated Ethiopia
into twelve homogenous rainfall regimes, among which the central Rift Valley and southern
highlands receive continuous rains for two consecutive seasons (Belg and Kiremt), with a short
spell in June. According to Degefu et al. (2017); Bekele-Biratu et al. (2018), Belg (from March
to May) is the main rainfall seasons over southern and south-eastern Ethiopia contributing more
than 50% of the rainfall. Moreover, Korecha and Sorteberg (2013) underscored both (Belg and
Kiremt) seasons are more or less equally important for this region where the transition from Belg

to Kiremt rainfall is short.

59



All regional models, except RCA4 (CNRM) and RCA4 (EC-EARTH), underestimate the Belg
season rainfall while the Kiremt and annual rainfall replicated by the CCLM4-8 and REMO2009
group is underestimated over the entire watershed. Belg seasonal rainfall pattern is satisfactorily
captured by CCLM4-8 (MPIl) and REMO2009 (MPI). Besides, Kiremt seasonal rainfall
distribution is well reproduced by RACMO22T (EC-EARTH). RCMs showed wide-ranging
skills in reproducing the seasonal climatology at each station. For example, the RCA4’s group
(EC-EARTH at Dilla, Haisawite and Hagereselam; CNRM at Yergalem, Haisawite and
Hagereselam; MPI at Yergalem and Haisawite) reproduced higher magnitude of Belg rainfall
than the reference rainfall. While all the RCMs underestimate the Belg record at Yergachefe.
The output attained from CRCM5 (MPI) overestimate the Kiremt rainfall at all stations and Belg
rainfall at Haisawite station. HIRHAM5 (EC-EARTH) and mean ensemble reproduced higher
Kiremt at Dilla, Yergalem, Haisawite and Hagereselam station. Whereas, the Kiremt rainfall
replicated from RACMO22T (EC-EARTH) is higher at Dilla, Haisawite and Hageselam
stations.

3.3.3. Interannual variability

SAIl was used to compute the negative and positive anomalies (Anose et al., 2021; Belay et al.,
2021) of rainfall and temperature fluctuation in the study watershed. The SRA in Figure 20
depicted the occurrence of interannual variability where the observed/gauged annual SRA
ranges from —1.5 in 2003 to +2.1 in 1996. According to (Alemseged and Tom, 2015; Asfaw et
al., 2018; Dibaba et al., 2019; Belay et al., 2021), SRA enables to reflect dry and wet years over
the observation period and is used to examine interannual variability of hydrologic extreme
events (e.g., frequency and severity of flood and droughts). In this regard, the study area has
experienced both dry and wet years (Figure 20) where very low values of SRA (-1.5 in 2003)
correspond to severe drought periods and 1996 was the wet year with high SRA value of 2.1.
Previous studies (Gissila et al., 2004; Segele et al., 2009; Korecha and Sorteberg, 2013; Berhanu
et al., 2014; Alemseged and Tom, 2015; Alhamshry et al., 2020) emphasized Ethiopia’s
significant interannual rainfall variability is linked to large-scale phenomena such as El Nifio
Southern Oscillation (ENSO) and the movement of the Inter-Tropical Convergence Zone
(ITC2).

Scholars witnessed, in Ethiopia, there were widespread droughts in frequency, severity and
geospatial coverage in 1965, 1969, 1973/74, 1984/85, 1987/89, 1991/92, 1997-99, 2002-2004,
2008/09, 2012 and 2015/16 (Comenetz and Caviedes, 2002; Suryabhagavan, 2017; Asfaw et al.,
2018; Mera, 2018; Bisrat and Berhanu, 2019; Kassaye et al., 2020). Thus, the annual gauged
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SRA attained in Figure 7 (red colored column) reveals low SRA values (drought) in 1991,
1999/2000, and 2002-2004. Conversely, the country also experienced abundant amounts of
rainfall (Seleshi and Zanke, 2004; Alhamshry et al., 2020). Of which, the year 1996 (Figure 20)
is a typical example of wet year that receives above-average rainfall and higher SRA value which
is consistent with previous studies conducted by Seleshi and Zanke (2004); Alhamshry et al.

(2020).
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Figure 20. Interannual variability of SRA (mm) over GW for gauged data and RCMs’ estimates.

As proved in Figure 20, the performance of regional models to reproduce the rainfall anomalies

is varied widely and most of the models and mean ensemble well captured the wet years (e.g.,

1996 in the annual and Belg season) than the dry years. In line with this, Dibaba et al. (2019)
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reported similar results in the Upper Blue Nile Basin, Ethiopia. Most of the models (refer Figure
20) replicated the 2003 drought episode satisfactorily. Zeleke et al. (2017) uncovered the drying
trend over the south and southwestern regions of the country is dominated by the spring season,
which corresponds to the season of maximum precipitation. Owing to such drought years, the
Belg and Kiremt seasons were highly affected. Subsequently, both crop and livestock production
were highly affected (Belay et al., 2021).

Regards to gauged temperature anomaly, Figure 21 depicted that there were significant
interannual variations in minimum and maximum temperature over the study period. It has been
noticed that GW experienced both positive and negative standard temperature anomalies (STA).
A positive anomaly denotes that the temperature was warmer than normal; a negative anomaly
indicates that the temperature was cooler than normal. The deviation of negative minimum STA
is highest during Kiremt season (-3.1 in 1999). In Kiremt, positive minimum STA as high as 1.8
in 1993. The highest above-average deviation (i.e., +2.4 in 2002) of maximum temperature
anomaly is observed during Kiremt season. There was inter-model skill variability to reproduce
the temperature anomaly over the study area. Majority of the RCMs exhibited better

performance in capturing the interannual variability of maximum temperature over the GW.

3.3.4. Statistical evaluation of RCMs

The replication capability of individual RCM and their mean ensemble were evaluated using
different statistical metrics. The statistical result attained in Table 15 and Table 16, at each station
and areal average respectively, confirms the difference in the skill of RCMs in capturing annual
and seasonal rainfall over GW. For instance (Table 15), CRCM5 (MPI) overestimated the annual
rainfall while CCLM4-8’s group and REMO2009 (MPI) underestimated the annual rainfall all
over the stations. Though it was in different location, Dibaba et al. (2019) reported similar results
in the Upper Blue Nile Basin. Outputs from RCA4’s family, marked with high PBIAS and
RMSE values, overestimated the annual rainfall at stations of higher altitude (e.g., Hagereselam
and Haisawite stations) and underestimated at stations of lower altitude (e.g., Yergachefe). In
agreement to this study, Alemseged and Tom (2015); Worku et al. (2018); Dibaba et al. (2019)
ascertained GCMs downscaled by RCA4 model were characterized by overestimation in the
higher altitudes and vice versa in Ethiopia. The agreement between the observed and modeled
rainfall is superior in CCLM4-8 (MPI) and RACMO22T (EC-EARTH) at majority of the
stations. RACMO22T (EC-EARTH) do extremely well at Yergachefe station with respect to
RRZ.
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The annual and seasonal average rainfall variability (CV, Table 16) is less in the case of CRCM5
(MPI), RACMO22T (EC-EARTH), mean ensemble (least CV value) datasets. Whereas, high
variation is observed in rainfall climatology produced by CCLM4-8 of EC-EARTH and MPI.
Similarly, Belg rainfall simulated by RCA4 of EC-EARTH and MPI also showed high variation.
Seasonal (Belg and Kiremt) rainfall captured by HIRHAMS (EC-EARTH) exhibited moderate
variation. Similarly, annual and Belg outputs attained from CCLM4-8 (CNRM) showed
moderate variation. The CV s indicated the mean ensemble showed the least variation, hence

variability is stifled as compared to all separate models (Alemseged and Tom, 2015).

The PBIAS in areal averaged rainfall (Table 16) extended from —74.12% in REM0O2009 (MPI)
to 174.38% in RCA4 (EC-EARTH). The systematic bias in Belg ranged from —74.12% in
REMO2009 (MPI) to +12.77% in RCA4 (EC-EARTH). Similarly, the PBIAS in Kiremt lasts
from —61.44% in REMO2009 (MPI) to +174.38% in RCA4 (EC-EARTH). Hence, the highest
wet PBIAS is accounted for RCA4 (EC-EARTH). In line with this, a study conducted by Worku
et al. (2018) also underscored GCMs downscaled using RCA4 showed higher wet PBIAS and
higher RMSE compared to other models. The mean ensemble replicated the annual rainfall with
the lowest PBIAS (4.9%). However, the ensemble underestimated the Belg rainfall while
overestimated the Kiremt rainfall with higher PBIAS as compared to some individual models.
This underscore, the mean ensemble of simulated rainfall will never always result better
accuracy than using simulations of individual models. Congruently, Alemseged and Tom (2015)

reported the poor performance of the ensemble in the Upper Blue Nile basin, Ethiopia.

Majority of the RCMs, except RCA4 (EC-EARTH) and RCA4 (MPI), underestimated the Belg
seasonal rainfall. Annual, Belg and Kiremt rainfall reproduced by mean ensemble, RCA4 (MPI)
and CCLM4-8 (EC-EARTH) respectively showed minor systematic bias as elucidated in Table
16. In overall, the annual and seasonal rainfall climatology were underestimated by CCLM4-8
group and overestimated by RCA4 family. PBIAS in rainfall is highly associated with the
physiographic features such as complex topography (Dibaba et al., 2019; Ayugi et al., 2020b).
RACMO22T (EC-EARTH) and mean ensemble showed better performance in capturing the
annual and Kiremt rainfall while CRCM5 (MPI) replicate the Belg rainfall better than other
models. RCA4 (EC-EARTH) exhibited poor replication capacity with higher PBIAS (except
Belg) and RMSE value over all the seasons. CCLM4-8 (MPI) showed better correlation with the
observed data to simulate annual and seasonal rainfall. CRCM5 (MPI), RCA4 (MPI) and
REMO2009’s group were inversely correlated with the observed Kiremt rainfall. CCLM4-8
(MPI) and CRCM5 (MPI) Belg outputs fitted better than others with high RR? value.
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Table 15. Statistical indices between the observed and RCMs mean annual rainfall climatology at each station

Performance CCLM4-8 CCLM4-8 CCLM4-8 CRCM5 HIRHAMS5 RACMO22T RCA4  RCA4 RCA4 REMO2009  REMO2009 Ensemble
statistics (CNRM)  (EC-EARTH) _ (MPI) (MPI)  (EC-EARTH)  (EC-EARTH) (CNRM) (EC-EARTH) (MPI) (EC-EARTH) (MPI)
Dilla PBIAS -47.4 -315 -61.7 18.4 44.2 -13.9 -5.4 183.0 8.2 -63.5 -67.4 -3.4
RMSE 69.4 64.2 78.1 59.8 121.8 44.5 53.2 304.8 852 881 90.1 56.1
r 0.7 0.6 0.9 0.6 0.5 0.8 0.8 0.6 0.6 0.5 0.6 0.7
RR? 0.33 0.68 0.07 0.50 0.06 0.57 0.34 0.01 012 0.6 0.04 0.39
Hagereselam PBIAS -18.7 -29.9 -46.6 36.3 47.5 -11.9 107.3 189.4 203  -62.6 -15.9 15.8
RMSE 52.5 55.9 55.7 64.1 117.3 36.9 178.0 305.2 542 785 37.8 58.1
r 0.6 0.7 0.9 0.6 0.6 0.9 0.8 0.7 0.8 0.6 0.8 0.8
RR? 0.33 0.37 0.28 0.31 0.04 0.32 0.02 0.00 021 012 0.43 0.15
Haisawite PBIAS -2.8 -16.2 -36.1 55.2 76.2 5.3 110.7 245.8 126.6 -55.4 -60.2 40.8
RMSE 59.5 57.2 44.5 66.1 129.9 47.1 161.7 322.7 2137 603 62.5 79.7
r 0.4 0.5 0.7 0.7 0.6 0.8 0.6 0.6 0.4 0.6 0.7 0.6
RR? 0.13 0.16 0.36 0.25 0.02 0.17 0.01 0.00 000 021 0.15 0.07
Yergachefe ~ PBIAS -47.8 -33.3 -62.0 175 -45.7 -30.0 -6.2 -33.3 7.4 -36.2 -67.7 -30.7
RMSE 66.5 58.9 80.9 62.8 75.6 42,5 51.0 56.1 856 552 95.7 52.2
r 0.8 0.7 1.0 0.6 0.6 0.9 0.8 0.8 0.6 0.8 0.5 0.8
RR? 0.30 0.43 0.05 0.59 0.55 0.89 0.46 0.59 015 0.37 0.03 0.37
Yergalem PBIAS -14.5 -1.1 -43.8 36.5 -18.7 -12.5 85.3 -39.5 99.3 228 -65.0 4.4
RMSE 53.4 55.3 52.8 54.0 62.5 40.8 144.9 54.4 198.1 61.8 78.7 45.1
r 0.6 0.7 0.9 0.8 0.6 0.8 0.7 0.8 0.6 0.7 0.7 0.8
RR? 0.45 0.28 0.21 0.64 0.27 0.41 0.04 0.65 001 0.23 0.07 0.38
Table 16. Statistical indices between areal average observed and RCMs rainfall (annual and seasonal) climatology over GW
CV (%) PBIAS (%) RMSE r RR?
Annual Belg Kiremt Annual Belg Kiremt Annual  Belg Kiremt Annual  Belg  Kiremt Annual  Belg Kiremt
Observed 1363  19.64 20.43 - - - - - - - - - - - -
CCLM4-8 (CNRM) 2369 2758 31.86 286  -30.47 -38.39 54.3 57.71  65.64 0.65 0.81 0.79 0.59 027 011
CCLM4-8 (EC-EARTH) 3065 31.74 41.86 -200  -4501 -0.36 54.2 83.24  31.03 0.65 072 0.7 0.39 015  0.09
CCLM4-8 (MPI) 4059  37.95 47.17 -51.3  -53.14 -53.25 59.9 81.71  75.23 0.92 099 083 0.16 076  0.23
CRCMS5 (MPI) 1449  18.62 16.46 31.2 -16.93  35.31 56.5 36.82 52.49 0.69 0.78  -0.46 0.44 076  0.05
HIRHAMS (EC-EARTH) 1229  29.53 23.90 22.4 -40.27  64.61 87.6 86.36  104.46 0.58 0.60 0.10 0.08 0.09  0.01
RACMO22T (EC-EARTH) 11.68  19.87 16.37 -115  -28.40 9.03 37.9 62.89  13.59 0.85 0.75  1.00 0.42 015  0.67
RCA4 (CNRM) 1511  23.89 19.59 46.2 252 69.35 98.4 97.25  100.15 0.71 0.76  0.19 0.07 002 0.0
RCA4 (EC-EARTH) 1218 3249 17.32 107.4 1277 17438 184.4 113.89 251.13 0.67 0.76  0.60 0.02 0.02 001
RCA4 (MPI) 1483 3260 18.62 55.9 0.05 56.06 139.9 115.80 86.81 0.56 0.68 -0.82 0.03 0.02 0.2
REMO2009 (EC-EARTH)  12.04  28.48 16.20 -341 5495 -2831 54.1 90.17  49.28 0.67 071  -0.12 0.79 052 0.0
REMO2009 (MPI) 1691  19.88 35.02 -63.7  -7412 -61.44 775 116.26  92.53 0.64 098 -0.89 0.32 0.06  0.27
Ensemble 6.04 10.75 9.27 4.9 -30.27  20.64 50.9 67.81  30.51 0.73 0.75  0.81 0.28 012 013
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The result in Table 17 unveiled majority of the RCMs overestimated the minimum temperature
all over the stations. Likewise, Dibaba et al. (2019) also found similar results in the Upper Blue
Nile Basin. The output from CCLM4-8 (MPI), at Hagereselam station, showed the weakest
performance to replicate the observed minimum annual temperature with highest PBIAS
(68.4%) and RMSE (5.5°C) values. Whereas, CCLM4-8 and RCA4 downscaled from EC-
EARTH strongly captured the minimum temperature at Dilla station with the lowermost
PBIAS (0.1%) and RMSE (0.4°C) value. The r statistics showed better correlation between
gauged and majority of RCM outputs (minimum temperature) at Hageresam and Haisawite
stations. Unlike to minimum temperature, majority of the RCMs underestimated the maximum
temperature. At Hagereselam station, REMO2009 (EC-EARTH) exhibited the poorest skill to
simulate maximum temperature due to its uppermost overestimation PBIAS (32%). Similarly,
CCLM4-8 (EC-EARTH) showed weak performance to replicate maximum temperature at
Dilla station due to high PBIAS (31.5%) and RMSE (9°C). Contrary to that, CRCM5 (MPI) is
superior in replicating the observed maximum temperature with minimum PBIAS (-1.1%) and
RMSE (1°C) value at Hagereselam station. The existing linear relationship between gauged
and all RCM estimates (maximum temperature) revealed the presence of strong agreement.
The PBIAS, in Table 17, depicts all RCM outputs overestimated both minimum and maximum
temperature at station of higher altitude (e.g., Hagereselam station) and underestimated stations
of lower altitude (e.g., Dilla). In agreement with this, Flato et al. (2013); Kim et al. (2013);
Dibaba et al. (2019) indicated PBIAS is much larger at station of higher altitudes.

The areal average annual and seasonal variation of both minimum and maximum temperature
is very low (CV < 20%) (Table 18). Minimum temperature was relatively more variable than
the maximum average temperature. This is consistent with earlier studies (Lambe and
Kundapura, 2021; Teshome et al., 2022). Most of the RCMSs output overestimated minimum
temperature except CRCM5 (MPI), RACMO22T (EC-EARTH) and REMO2009 (MPI).
Whereas, the areal maximum temperature is underestimated by majority of the RCMs except
of REMO2009 (EC-EARTH). The annual and seasonal minimum temperature correlation
between observed and CRCMS5 (MPI) output is stronger than the others. 50% of RCM outputs
and mean ensemble were inversely correlated with the observed minimum temperature in the
Belg and Kiremt season. Moreover, almost all RCM outputs (excepting CCLM4-8 (CNRM)
and REMO2009 (MPI)) and mean ensemble outshined with a strong linear relationship (r >
0.7) with the reference maximum temperature. Similarly, Kim et al. (2013) and Dibaba et al.

(2019) revealed RCM skill is higher for maximum temperature than minimum temperature.
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Table 17. Statistical indices between the observed and RCMs mean annual temperature (minimum and maximum) at each station

Minimum Performance CCLM4-8 CCLM4-8 (EC- CCLM4-8 CRCM5 HIRHAMS RACMO22T RCA4 RCA4 RCA4 REMO2009 REMO2009  Ensemble
temperature measures (CNRM) EARTH) (MPI) (MPI) (EC-EARTH)  (EC-EARTH) (CNRM)  (EC-EARTH)  (MPI)  (EC-EARTH) (MPI1)
Dilla PBIAS 3.7 0.0 6.5 -9.3 -4.6 -20.2 35 0.0 10.3 -22.4 -14.2 -4.2
RMSE 0.5 0.0 0.8 -1.2 -0.6 -2.5 0.4 0.0 1.3 -2.8 -1.8 -0.5
r 0.5 -0.2 -0.1 0.8 0.9 0.9 0.3 -0.2 0.2 0.4 0.3 0.5
RR? 0.08 0.01 0.02 0.09 0.16 0.50 0.09 0.01 0.07 0.09 0.09 0.05
Hagereselam PBIAS 63.3 575 68.4 18.7 50.2 25.6 30.0 48.4 41.0 22.2 17.0 40.2
RMSE 5.1 4.6 55 15 4.0 2.1 2.4 3.9 3.3 1.8 14 3.2
r 0.9 0.7 0.7 0.5 0.7 0.6 0.7 0.8 0.7 0.9 0.8 0.9
RR? 0.51 0.46 0.25 0.17 0.29 0.09 0.09 0.21 0.09 0.30 0.11 0.37
Haisawite PBIAS 15.3 13.1 204 0.4 7.3 -10.2 6.8 6.0 14.9 -12.7 -3.5 5.2
RMSE 1.7 15 2.3 0.0 0.8 -1.1 0.8 0.7 1.7 -14 -0.4 0.6
r 0.8 0.5 0.6 0.8 0.7 0.8 0.9 0.9 0.9 0.8 0.9 0.9
RR? 0.53 0.40 0.26 0.54 0.37 0.14 0.23 0.30 0.22 0.32 0.26 0.62
Yergachefe PBIAS 24.0 35.0 27.3 8.4 45.6 13.7 23.7 310 318 354 25 25.3
RMSE 2.5 3.7 2.9 0.9 4.8 14 25 3.3 34 3.7 0.3 2.7
r 0.5 -0.4 -0.1 0.8 0.5 0.7 0.3 -0.1 0.1 0.1 0.3 0.3
RR? 0.06 0.05 0.02 0.07 0.04 0.15 0.06 0.05 0.04 0.02 0.07 0.03
Yergalem PBIAS 121 8.7 15.7 -3.5 16.8 -12.0 2.6 2.5 10.5 15.1 -7.2 5.6
RMSE 1.4 1.0 1.8 -0.4 2.0 -1.4 0.3 0.3 1.2 1.8 -0.8 0.6
r 0.5 -0.1 0.0 0.9 0.7 0.9 0.6 0.1 0.5 0.6 0.4 0.6
RR? 0.28 0.03 0.01 0.58 0.62 0.39 0.40 0.03 0.28 0.46 0.28 0.44
Maximum Performance CCLM4-8 CCLM4-8 (EC- CCLM4-8 CRCM5 HIRHAMS RACMO22T RCA4 RCA4 RCA4 REMO2009 REMO2009 Ensemble
temperature measures (CNRM) EARTH) (MPI) (MPI) (EC-EARTH)  (EC-EARTH) (CNRM)  (EC-EARTH)  (MPI)  (EC-EARTH) (MPI1)
Dilla PBIAS -24.1 -31.5 -22.3 -27.3 -31.0 -27.4 -19.0 -30.3 -19.4 -13.4 -8.5 -23.1
RMSE 6.9 9.0 6.5 7.8 8.8 7.8 5.4 8.7 5.7 3.9 2.6 6.6
r 0.9 0.9 0.9 0.9 0.9 1.0 1.0 1.0 0.9 0.9 0.9 1.0
RR? 0.47 0.25 0.21 0.38 0.63 0.35 0.58 0.26 0.21 0.73 0.71 0.45
Hagereselam PBIAS 12.2 4.3 175 -1.1 5.2 10.6 6.9 6.2 24.6 32.0 23.7 12.9
RMSE 2.6 19 3.6 1.0 12 2.4 1.7 2.0 4.9 6.0 4.6 2.6
r 0.8 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9
RR? 0.26 0.12 0.14 0.31 0.64 0.18 0.26 0.13 0.11 0.37 0.28 0.25
Haisawite PBIAS -8.8 -14.6 -3.8 -4.7 -13.9 -9.4 -5.8 -13.0 -5.4 8.1 14.2 -5.2
RMSE 24 3.7 1.7 15 3.2 2.5 1.6 3.3 2.0 2.1 34 15
r 0.8 0.9 1.0 0.9 0.9 0.9 0.9 1.0 1.0 0.9 0.9 1.0
RR? 0.27 0.13 0.14 0.23 0.70 0.18 0.29 0.14 0.12 0.39 0.37 0.26
Yergachefe PBIAS -15.8 -17.3 -13.8 -19.3 -7.5 -12.0 -10.1 -8.6 -10.6 5.0 1.6 -9.8
RMSE 4.2 4.7 3.9 5.1 2.2 3.3 2.7 2.7 3.2 2.0 12 2.8
r 0.9 0.9 0.9 0.9 0.8 1.0 0.9 1.0 1.0 0.8 0.8 0.9
RR? 0.25 0.13 0.11 0.20 0.70 0.18 0.31 0.13 0.11 0.18 0.36 0.23
Yergalem PBIAS -21.3 -17.6 -27.2 -18.4 -17.4 -20.9 -19.3 -16.8 -19.0 -2.3 -2.2 -16.6
RMSE 5.8 4.9 7.3 5.0 4.7 5.7 5.2 4.6 5.2 14 11 4.5
r 0.8 1.0 0.9 0.9 0.9 1.0 1.0 1.0 1.0 0.9 0.9 1.0
RR? 0.40 0.21 0.22 0.32 0.85 0.24 0.43 0.23 0.18 0.25 0.54 0.35
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Table 18. Statistical indices between gauged and simulated areal mean annual and seasonal temperature (minimum and maximum) over GW

Minimum CV (%) PBIAS (%) RMSE r RR?

temperature Annual Belg Kiremt Annual Belg Kiremt Annual Belg Kiremt Annual Belg  Kiremt Annual  Belg Kiremt
Observed 4.47 535 4.97 - - - - - - - - - - - -
CCLM4-8 (CNRM) 2.47 2.20 2.50 12.5 14.07 7.58 1.7 1.77 1.18 0.50 0.33 -0.99 0.17 0.06 0.23
CCLM4-8 (EC-EARTH) 2.46 3.11 2.86 10.5 9.89 3.11 1.8 1.28 0.76 -0.13 0.17  -0.96 0.02 0.00 0.25
CCLM4-8 (MPI) 2.15 2.89 4.25 16.1 18.19 7.19 2.3 227 1.25 -0.03 0.14 -0.90 0.02 0.01 0.06
CRCMS5 (MPI) 3.84 6.05 2.95 -2.8 -3.92 -5.89 0.6 0.53 0.73 0.90 098 0.70 0.25 0.11 0.78
HIRHAMS5 (EC-EARTH) 2.09 2.58 2.16 10.7 10.49 8.22 1.4 1.31 1.08 0.84 0.75 -0.34 0.31 0.39 0.27
RACMO22T (EC-EARTH) 2.49 2.33 3.29 -11.0 -9.61 -10.4 1.4 122 1.32 0.91 0.70  0.59 0.78 0.06 0.30
RCA4 (CNRM) 2.57 3.38 2.23 7.1 9.92 1.91 1.3 1.72 043 0.52 -0.78 0.42 0.36 0.08 0.25
RCA4 (EC-EARTH) 3.40 410 290 4.4 9.84 -1.91 1.3 1.60 0.37 0.38 -0.51 -0.42 0.36 0.08 0.10
RCA4 (MPI) 4.72 6.28 3.53 14.7 18.62 7.60 2.1 247 0.99 0.37 -0.31  0.20 0.33 0.06 0.19
REMO2009 (EC-EARTH) 411 3.25 3.17 -2.5 2.08 -7.10 1.1 0.55 1.00 0.42 -0.18 -0.76 0.25 0.02 0.26
REMO2009 (MPI) 3.59 3.70 491 -7.1 -1.99 -12.3 1.4 0.61 1.65 0.37 -0.25  -0.96 0.27 0.08 0.24
Ensemble 2.30 2.63 2.22 4.8 7.05 -0.19 1.0 1.02 0.42 0.56 -0.25  -0.73 0.19 0.06 0.35
Maximum CV (%) PBIAS (%) RMSE r RR?

temperature Annual Belg Kiremt Annual Belg Kiremt Annual Belg Kiremt Annual Belg  Kiremt Annual  Belg Kiremt
Observed 1.28 2.56 1.98 - - - - - - - - - - - -
CCLM4-8 (CNRM) 3.04 340 3.76 -18.5 -16.22  -18.30 4.9 455 451 0.87 090 0.03 0.35 0.13 0.01
CCLM4-8 (EC-EARTH) 3.18 3.76 6.02 -24.6 -17.63  -28.80 6.5 511 7.03 0.91 082 0.63 0.18 0.07 0.16
CCLM4-8 (MPI) 3.16 3.99 4.27 -15.5 -11.58  -18.07 4.3 3.35 4.53 0.95 091 0.77 0.17 0.14 0.02
CRCMS5 (MPI) 2.44 3.28 3.06 -18.8 -14.27  -21.15 5.0 3.86 5.31 0.92 089 0091 0.28 0.86 0.03
HIRHAMS (EC-EARTH) 1.99 3.06 3.74 -20.3 -16.38  -20.29 5.3 444 4,96 0.89 0.86 0.65 0.87 0.16 0.16
RACMO22T (EC-EARTH) 1.71 397 210 -19.4 -17.30  -23.78 5.2 481 5.80 0.96 0.87 0.56 0.24 0.14 0.43
RCA4 (CNRM) 1.84 2.83 2.99 -14.9 -11.30  -17.05 3.9 3.24 4.16 0.95 091 0.84 0.39 0.17 0.75
RCA4 (EC-EARTH) 2.24 429 293 -19.8 -15.04  -25.87 5.3 417 6.33 0.97 093 0.64 0.19 0.18 0.47
RCA4 (MPI) 2.46 3.65 3.56 -14.8 -13.19  -17.47 4.1 3.74 4.30 0.96 094 0.69 0.18 0.14 0.04
REMO2009 (EC-EARTH) 2.55 252 4.45 -2.9 2.90 -3.01 1.3 0.87 0.76 0.89 096 0.56 0.38 0.80 0.11
REMO2009 (MPI) 1.85 229 261 -0.3 3.33 1.57 1.0 097 0.85 0.89 095 0.73 0.49 0.80 0.05
Ensemble 1.57 192 1.95 -15.4 -11.52  -17.47 4.1 3.22 4.27 1.0 090 0.75 0.33 0.25 0.16
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3.3.5. Trends in observed and simulated rainfall and temperatures

The trends of rainfall and temperature based on the original MK test and Sen’s slope estimator
are presented in Table 19 and Table 20, respectively. The observed trend analysis in Table 19
indicates that rainfall experienced significant decreasing trends (at 10% level of significance)
both in the annual (-13.38 mm) and Kiremt (-12.1 mm) time scale. On the other hand, Belg
season rainfall exhibited a non-significant decreasing tendency with a magnitude of about ~4
mm. The result agrees with the findings of earlier studies reported in different parts of Ethiopia.
For example, Belihu et al. (2018) revealed rainfall in GW exhibited a significant decreasing
trend around 12 mm per annum between 1982 and 2014. Cheung et al. (2008) and Mulugeta et
al. (2019) underscored the significant decreasing trend of Kiremt rainfall at watershed, sub-
basin and basin level in Ethiopia while annual and Belg rainfall showed no significant trends in
the period 1960 — 2002 and 1902 — 2016, respectively. Moreover, the annual rainfall over GW
(Alehuetal., 2021) and ERVLB (Kassie et al., 2014) decreased insignificantly, whereas Ademe
et al. (2020a) highlighted the decline trend in Kiremt rainfall and absence of annual rainfall
trends in the ERVLB.

Likewise, Tesfamariam et al. (2019), stated the declining tendency in majority of the months
constituting the Belg and Kiremt seasons over the ERVLB despite the fact that the significant
declining trends were found to be rare. Besides, Viste et al. (2013) uncovered the decreasing
trends of annual and Kiremt seasonal rainfall over the eastern, southern and the southwestern
areas of Ethiopia. In addition, the areal weighted average rainfall shows negligible declining
trend over Bilate basin of RVLB in Ethiopia (Lambe and Kundapura, 2021). Nevertheless, the
results are different from the findings of Belay et al. (2021) where an increasing trend of annual
and Kiremt rainfall were recorded in the Southern Ethiopia. This contrast indicates the country,

Ethiopia, experienced spatio-temporal climate sensitivities.

The result in Table 19 depicts majority of the RCMs exhibit non-significant declining trends of
both annual and seasonal rainfall. Despite of that, the Belg and Kiremt season rainfall tendency
captured by RCA4 (EC-EARTH) and RACMO22T (EC-EARTH) outputs showed statistically
significant decline trend at 5% significant level respectively. However, increasing trends
(positive Z-score) of RCM outputs such as CCLM4-8 (EC-EARTH), RCA4 (CNRM), CCLM4-
8 (MPI), CRCM5 (MPI), RCA4 (MPI), REM0O2009 (EC-EARTH), REM02009 (MPI) and
CCLM4-8 (CNRM) is in contrast to the observed pattern. In general, the output attained from
RACMO22T (EC-EARTH) showed best performance in simulating annual and seasonal
rainfall trends in GW.

69



Table 19. Mann-Kendall test results for annual and seasonal rainfall

RCM Annual Belg Kiremt
P-Value  Z-Score  Sen’sslope P-Value Z-Score Sen’s slope P-Value Z-Score Sen’s slope

Observed 0.117*** -1.39 -13.38 0.187 -0.89 -3.981 0.0688*** -1.485 -12.1
CCLM4-8 (CNRM) 0.383 -0.297 -2.446 0.117 -1.19 -5.979 0.422 0.198 0.545
CCLM4-8 (EC-EARTH) 0.461 0.099 0.558 0.161 0.99 411 0.383 0.297 5.903
CCLM4-8 (MPI) 0.346 -0.396 -1.531 0.161 0.99 7.147 0.346 -0.396 -2.746
CRCMS5 (MPI) 0.422 -0.198 -2.99 0.422 0.198 1.262 0.214 -0.792 -4.438
HIRHAMS5 (EC-EARTH) 0.214 -0.792 -8.823 0.0829***  -1.386 -5.708 0.31 0.495 9.692
RACMO22T (EC-EARTH) 0.187 -0.891 -6.074 0.346 -0.396 -0.919 0.0374**  -1.782 -15.47
RCA4 (CNRM) 0.422 0.198 3.427 0.244 0.693 5.667 0.244 -0.693 -7.907
RCA4 (EC-EARTH) 0.31 -0.495 -13.34 0.0462** -1.683 -21.56 0.422 -0.198 -5.392
RCA4 (MPI) 0.422 -0.198 -3.286 0.31 0.495 3.242 0.346 -0.396 -5.833
REMO2009 (EC-EARTH) 0.461 -0.099 -3.247 0.187 0.891 5.331 0.138 -1.089 -6.112
REMO2009 (MPI) 0.187 -0.891 -4.551 0.422 0.198 0.521 0.187 -0.891 -2.648
Ensemble 0.422 -0.198 -1.25 0.346 -0.396 -1.228 0.187 -0.891 -2.104

** *** mean significant trends at alpha (o) = 0.05 and 0.1 respectively.
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Table 20. Mann—-Kendall test results for annual and seasonal temperature

Minimum Annual Belg Kiremt

temperature P-Value Z-Score  Sen’s slope P-Value Z-Score Sen’s slope P-Value Z-Score Sen’s slope
Observed 0.31 -0.049 -0.003 0.383 0.297 0.014 0.244 0.693 0.0118
CCLM4-8 (CNRM) 0.00504* 2.573 0.056 5.45E-4*  3.266 0.056 0.00877* 2.375 0.0449
CCLM4-8 (EC-EARTH) 0.187 0.891 0.027 0.187 0.89 0.025 0.0462** 1.683 0.0243
CCLM4-8 (MPI) 0.0566***  1.58 0.030 0.0147** 2.18 0.054 0.0239** 1.979 0.072
CRCM5 (MPI) 0.214 0.792 0.039 0.31 0.495 0.0156 0.0188** 2.078 0.0511
HIRHAMS (EC-EARTH) 0.0566***  1.58 0.030 0.0374** 1.78 0.0455 0.0147** 2.177 0.0283
RACMO22T (EC-EARTH) 0.0991 1.29 0.032 0.03** 1.881 0.042 0.0239** 1.979 041
RCA4 (CNRM) 0.0829***  1.386 0.028 0.117 1.19 0.042 0.0147** 2.177 0.0328
RCA4 (EC-EARTH) 0.0462* 1.683 0.038 0.187 0.891 0.058 0.0114** 2.276 0.0453
RCA4 (MPI) 0.03** 1.881 0.089 0.0188**  2.078 0.129 0.03** 1.881 0.065
REMO2009 (EC-EARTH)  0.138 1.09 0.017 0.422 0.198 0.008 0.0991*** 1.287 0.0304
REMO2009 (MPI) 0.0188** 2.078 0.0615 0.0147** 2177 0.064 0.0188** 2.078 0.0641
Ensemble 0.0374** 1.782 0.047 0.0114**  2.276 0.052 0.0114** 2.276 0.047
Maximum Annual Belg Kiremt

temperature P-Value Z-Score  Sen’s slope P-Value Z-Score Sen’s slope P-Value Z-Score Sen’s slope
Observed 0.024* 2.63 0.054 0.00279* 2.77 0.106 0.0829*** 1.386 0.042
CCLM4-8 (CNRM) 0.00279* 2.771 0.0898 0.0188**  2.08 0.087 0.276 0.594 0.0998
CCLM4-8 (EC-EARTH) 0.461 0.099 0.003 0.276 -0.59 -0.039 0.214 0.792 0.0722
CCLM4-8 (MPI) 0.0374** 1.782 0.0822 0.138 1.089 0.0616 0.0114** 2.276 0.116
CRCMS5 (MPI) 0.0239** 1.979 0.0614 0.346 0.396 0.0337 0.0566** 1.584 0.0624
HIRHAMS (EC-EARTH) 0.0566***  1.584 0.058 0.0566*** 1.58 0.091 0.31 0.495 0.0275
RACMO22T (EC-EARTH) 0.187 0.891 0.030 0.383 0.297 0.018 0.0374** 1.782 0.0593
RCA4 (CNRM) 0.0374** 1.782 0.0498 0.0688*** 1.485 0.0385 0.138 1.089 0.0245
RCA4 (EC-EARTH) 0.00877* 2.375 0.0712 0.0829*** 1.386 0.109 0.0239* 1.979 0.069
RCA4 (MPI) 0.0147** 2.177 0.0749 0.138 1.089 0.0539 0.0566*** 1.584 0.0739
REMO2009 (EC-EARTH)  0.0566***  1.585 0.0766 0.461 -0.10 -0.007 0.0829*** 1.386 0.0901
REMO2009 (MPI) 0.00108* 3.068 0.072 0.422 0.198 0.019 0.0147* 0.098 0.098
Ensemble 0.00108*** 1.64 0.058 0.187 0.89 0.028 0.00279* 2.771 0.0637

* ** *** mean significant trends at alpha (o) = 0.01, 0.05, and 0.1 respectively.
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As can be illustrated in Table 20, minimum mean temperature declined (annual) and increased
(Belg and Kiremt) insignificantly at 10% level of significance over the study period. Contrary
to this, the mean annual and Belg season maximum temperature exhibited a significant
increasing trend at 1% level of significance whereas Kiremt season maximum temperature
showed significant increasing trend at 10% level of significance. The overall result revealed,
GW experienced warming trends attributed to a significant increase in maximum temperature.
The findings of this study are consistent with previous studies appraised in different parts of
Ethiopia. To give an instance, a study by Belihu et al. (2018) documented the overall increments
of temperature in GW. Ademe et al. (2020b) disclosed that maximum temperature showed
higher warming trend than the minimum temperature in the highlands of Ethiopia. Getahun et
al. (2021) deduced a significant increasing trend in temperature both on annual and seasonal
basis in Awash River basin. In the north east Ethiopia, a non-significant warming trend of
minimum temperature was observed during annual and Kiremit season (Abegaz and Abera,
2020; Teshome et al., 2022).

3.3.6. Taylor skill score and ranking

Mentioning Figure 22a, CCLM4-8 (MPI) and REMO2009 (MP1) models scored low variability
compared to the observed rainfall. In contrast, the RCA4 family and HIRHAMS (EC-EARTH)
show higher variability against the observed rainfall. REM0O2009 (EC-EARTH), CCLM4-8
(CNRM), CRCM5 (MPI) and CCLM4-8 (EC-EARTH) exhibit a close agreement in terms of
rainfall variability relative to reference rainfall. In comparison, HIRHAMS5 (EC-EARTH) and
RCA4 (MPI) scored the weakest correlation (~ 0.6) while CCLM4-8 (MPI) scored the highest
(~ 0.92). Based on CRMSE, CCLM4-8 (MPI) and RACMO22T (EC-EARTH) showed good
performance resulting in a low CRMSE value whereas the highest value was scored by RCA4

(EC-EARTH), which results in the weakest performance compared to the other models.

In the same way, the performance of each RCMs for simulation of mean minimum and
maximum temperature is displayed in Figure 22b and Figure 22c, respectively. Majority of the
models exhibit low variation against the reference minimum temperature. CCLM4-8 (EC-
EARTH) scored the least variation to capture the observed minimum temperature over GW
while RACMO22T (EC-EARTH) showed the highest variation. It has been noticed that (Figure
22b), RACMO22 (EC-EARTH) and CRCM5 (MPI) exhibit a strong correlation score (0.9) and
low CRMSE value indicate good simulation skill. On the other hand, CCLM4-8 (EC-EARTH)
and CCLM4-8 (MPI) indicate inverse correlation (< 0) and high CRMSE value ensuing weak

performance compared to the other models. Figure 22c demonstrate all the RCMs exhibit higher
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variability against the observed maximum temperature. Figure 22c demonstrate all the RCMs
exhibit higher variability against the observed maximum temperature. Whereas, the correlation
coefficient ranges between 0.87 (CCLM4-8 (CNRM)) and 0.97 (RCA4 (EC-EARTH)) reveal
strong relationship. In terms of CRMSE majority of the models showed weak simulation
performance except HIRHAMS (EC-EARTH) and RCA4 (CNRM).
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Figure 22. Taylor diagram of RCMs, ensemble and reference datasets for rainfall, mm/month
(a) and temperature, °C (minimum (b) and maximum (c)).

The overall status/ranking of model performance is executed using TSS metrics as shown in
Figure 23. RACMO22T (EC-EARTH) surpasses the other models with TSS value of 0.88
(rainfall) and 0.95 (minimum temperature). HIRHAMS (EC-EARTH) outperforms in the case
of maximum temperature with the highest TSS value (0.94) whereas the TSS score of the other
models extends from 0.71 to 0.91. Other models that perform better in replicating rainfall
include CRCM5 (MPI), CCLM4-8 (CNRM) and REM0O2009 (EC-EARTH). The lowest TSS
is scored by RCA4 (EC-EARTH) (0.26) and CCLM4-8 (EC-EARTH) (0.31) for rainfall and
minimum temperature respectively. The Taylor diagram provides a concise statistical summary
of how well patterns match each other (Taylor, 2001). The effectiveness of the Taylor diagram
is due to its compact representation where a single diagram is used showing three statistical
metrics (CRMSE, correlation and standard deviation) (Singh et al., 2013). Moreover, Taylor
(2001), boldly underscored the diagram is useful in evaluating complex models.
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Figure 23. Taylor skill score (TSS) and ranking of RCM outputs performance

3.4. Conclusion

The performance of 11 CORDEX-Africa RCMs and their mean ensemble were evaluated in
reproducing the spatial and temporal distribution of rainfall and temperature over GW.
Statistical metrics such as PBIAS, RMSE, r, CV and TSS are utilized to assess model
performance in reproducing seasonal, annual and inter-annual time scale against the gauged
dataset. Additionally, MK test and Sen’s slope estimator were adopted to investigate the
capability of RCMs in replicating the trends of meteorological variables. The overall results
depict the performance of RCMs varies according to different sets of data, topographic feature
and climatic variables. Thus, replication of rainfall and temperature by downscaled RCMs is
characterized by overestimation and underestimation over the study area. RACMO22T (EC-
EARTH) robustly reproduced the spatial rainfall variability. CCLM4-8 (MPI) model and mean
ensemble well captured the annual pattern of observed mean monthly rainfall. The Belg season
rainfall is underestimated by majority of the models. Most of the models and mean ensemble
well captured the wet years than the dry years. In overall, the annual and seasonal rainfall
climatology were underestimated by CCLM4-8 group and overestimated by RCA4 family. In
addition, RCA4 (EC-EARTH) exhibited poor replication capacity with higher RMSE value
over all the seasons. Most of the derived RCMs exhibited higher and lower records than the
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observed minimum and maximum temperature cycle respectively. Whereas, CRCM5 (MPI)
satisfactory replicated the annual distribution of minimum and maximum temperature. Majority
of the RCM s exhibited better performance in capturing the interannual variability of maximum
temperature. Moreover, almost all RCM outputs and mean ensemble outshined with a strong
linear relationship with the reference maximum temperature. Majority of the RCMs captured
the non-significant declining trends of both annual and seasonal rainfall. In this case,
RACMO22T (EC-EARTH) showed strong performance in simulating annual and seasonal
rainfall trends. Majority of the models reproduced the increasing tendency of both minimum
and maximum temperature. In terms of TSS, RACMO22T (EC-EARTH) surpasses the other
models with the highest TSS value for rainfall and minimum temperature. Whereas, HIRHAM5
(EC-EARTH) outperforms in the case of maximum temperature with the highest TSS value.
The lowest TSS is scored by RCA4 (EC-EARTH) and CCLM4-8 (EC-EARTH) for rainfall and
minimum temperature respectively. Altogether, models that performs better in replicating the
observed climate variables include RACMO22T (EC-EARTH), CRCM5 (MPI), CCLM4-8
(CNRM) and REMO2009 (EC-EARTH). Generally, the analysis indicates a need to correct the
systematic bias of RCM outputs and built an ensemble by using best performing models prior

to employing further climate change impact studies.
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4. Integrated modeling of land degradation dynamics and insights on the possible future

management alternatives in the Gidabo watershed, Ethiopian Rift Valley Lakes Basin

Abstract

Land degradation is a pivotal environmental concern, bearing substantial impacts in the GW,
prompting a critical need for effective mitigation strategies. In this study, we aimed to assess
the dynamics of land degradation pathways in the context of change in climate and land use.
The identification of potential erosion hotspots and the appraisal of management strategies was
also carried out. The Soil and Water Assessment Tool (SWAT) and the Good Practice Guidance
(GPG) framework was employed. The results revealed a compelling synergy between land use
dynamics and climate changes, asserting joint and individual prevalence in influencing surface
runoff and sediment yield. The past simulation revealed 4-5.9% and 24-43% increments in
mean annual runoff and sediment yield, respectively. While the near (2021-2040) and mid
(2041-2060) future scenarios displayed varying trends under RCP4.5 and RCP8.5.
Furthermore, sub-basins prone to soil erosion risk were identified, thereby enabling targeted
conservation efforts. The assessment of trends in land degradation neutrality (LDN) unveiled
the expansion of land degradation trajectories (by 26%) from 1985-2003 to 2003-2021. This
might be attributed to the dynamic interplay between climate and LULC change, with croplands
and bare land emerging as high-risk degraded areas. Addressing these concerns, soil/stone bund,
terracing, contour farming, and reforestation practice can significantly reduce the annual
sediment yield in the future. The integration of soil erosion indicators with LDN sub-indicators
can provide a more comprehensive approach that can lead to more effective land management
and restoration strategies in the GW. The findings of this study could contribute crucial insights
and substantial implications for policymakers, land managers, and conservationists. Moreover,
future efforts should be directed to expand investigations into diverse land degradation

pathways and mitigation measures.

This chapter is originally published as:

Girma, R., Furst, C., Moges, A., 2023. Integrated modeling of land degradation dynamics and
insights on the possible future management alternatives in the Gidabo river basin, Ethiopian
rift valley. Land, 12, 1809. https://doi.org/10.3390/1and12091809.
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4.1. Introduction

Land has the potential to provide a full suite of goods and services at local, landscape and global
scale (Sanz, 2017; UNCCD, 2019a). Nevertheless, land is coming under growing pressure from
ever-increased competing uses (Orr et al., 2017) and subjected to increasing degradation trends
(UNCCD, 2019a). Land degradation has diverse and wide-reaching impacts on the provision
of vital ecosystem services, causing economic and social consequences more severely than ever
before (Akca et al., 2022; IPBES, 2018; Pricope et al., 2023; Verburg et al., 2019). These
impacts, however, are worse in developing countries, where the majority of the population
directly depends on land resources for its livelihood (Shitu, 2022; UNCCD, 2019b). Most of
East Africa, including Ethiopia, has experienced severe land degradation problems that pose a
challenge to people’s livelihoods (Kirui et al., 2021; Moges and Gebregiorgis, 2013; UNCCD,
2019b). Different approaches have been used to assess land degradation including expert
opinions, field measurement, biophysical modeling and remote sensing, or a combination
thereof (Garcia et al., 2019; Kirui et al., 2021; Nzuza et al., 2021).

The expert opinion approach highly relied on the people consulted and is considered subjective,
inconsistent and replicable with difficulty (Gibbs and Salmon, 2015; Nzuza et al., 2021). Field
measurement involves local sampling techniques and surveys to provide detailed objective
information, for example, at a plot level (Nzuza et al., 2021). However, this approach is often
criticized for being time-consuming, labour intensive, costly and applicable to small areas
(Nzuza et al., 2021). The biophysical modeling approach integrate biophysical variables to
assess land degradation. Though it is globally consistent and quantitative, its accuracy might be
influenced by inherent error (Gibbs and Salmon, 2015; Nzuza et al., 2021). The remote sensing
approach is vital in measuring land degradation, especially over a larger scale (Kirui et al.,
2021; Yang et al., 2023). Remote sensing provides a plausible, consistent and useful alternative
for multi-temporal and operational scale monitoring of land degradation. This approach is
considered a cost-effective, reputable and time-efficient (Gibbs and Salmon, 2015).

Most recently, the United Nations Convention to Combat Desertification (UNCCD) introduced
the concept of “Land Degradation Neutrality” (LDN) to combat and recover the current trends
in land degradation (Feng et al., 2022). LDN that refers to a condition of “zero net land
degradation” became one of the significant targets of the Sustainable Development Goal (SDG
15.3). An extensive description of LDN is provided in [17,18]. The LDN assessment is based
on three significant biophysical sub-indicators: (i) land productivity (LP), (ii) land cover (LC)
and (iii) soil organic carbon (SOC) (Sims et al., 2019). The three indicators follow the principle
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of “The One-Out, All-Out (LOAO)” (Schillaci et al., 2023; Zhao et al., 2023). This principle
enables the identification of land degradation more accurately with three dimensions of land
status including aboveground, below-ground, and surface change (Zhao et al., 2023).
Trends.Earth, a QGIS plugin, is working in combination with the Google Earth Engine to
facilitate data preparation and processing for generating both the sub-indicators and the final
SDG indicator 15.3.1 (Giuliani et al., 2020).

Soil erosion is a widely distributed land degradation pathway and an important complement to
the three global LDN indicators that interacts with other environmental issues (Borrelli et al.,
2018; Tsymbarovich et al., 2020). In recent decades, with the well-established use of geospatial
technologies, models are becoming increasingly important in the identification of erosion prone
areas at different time and spatial scales (Gao et al., 2020; Lemma et al., 2019; Ricci et al.,
2018). Process-based hydrological models are very accurate owing to their capabilities to
simulate and describe the spatial distribution of land degradation (IPBES, 2018). These models
can depict the spatial characters of meteorological conditions, topography, land cover and soil
properties (Gao et al., 2020). The soil and water assessment tool (SWAT) model, the most
widely used model (Ricci et al., 2018), considers these factors to identify areas susceptible to
soil erosion (dos Santos et al., 2023). SWAT model provides spatial and temporal distribution
and magnitude of surface runoff and sediment yield (IPBES, 2018). Both runoff and sediment
yield are closely tied to soil erosion, which is a key component of land degradation (Dutta,
2016). Moreover, the SWAT model allows to quantify the impact of land management practices
and is capable of assessing the best management alternatives in large and complex watersheds
(Lemma et al., 2019).

The study demonstrated an integrated approach to assess the trends of land degradation in the
GW. The watershed has been subjected to substantial landscape alteration, climatic variability
and drastic ecological change (Alehu et al., 2021; Belihu et al., 2018; Girma et al., 2022a; Mana
and Abebe, 2023; Mechal et al., 2015; Worako et al., 2022). These changes, triggered by
dynamic population growth, exacerbate soil erosion, excessive sedimentation and
eutrophication of waterbodies, hydrological imbalance and land—water—energy—food nexus
resource degradation (Aragaw et al., 2022; Belihu et al., 2020; Serur and Adi, 2022; Wolde et
al., 2021; WoldeYohannes et al., 2018). The explicit quantification of spatial and temporal
trends of land degradation and its trajectory help to achieve LDN (Yang et al., 2023). Moreover,
decisions addressing land degradation problems are not only based on an assessment of the
current land degradation but also on the expected future state of the land (IPBES, 2018).

78



Climate and land use change are intertwined with soil erosion and land degradation.
Understanding these interactions is crucial for developing effective strategies to achieve LDN
goals. It is notable that land degradation can take many forms and that some methods are not
appropriate for measuring all forms of land degradation pathways (Kirui et al., 2021). However,
previous studies lack spatial and temporal information on the extent and magnitude of land
degradation in the GW. Therefore, this study aimed at the integration of SWAT model and
Trends.Earth platform to assess land degradation pathways in the GW. The specific objectives
were to (1) extensively evaluate the individual and joint impacts of climate and land use land
cover (LULC) change on runoff and sediment yield during the temporal span of 1990 to 2060,
(2) conduct an in-depth assessment of trends in land degradation neutrality, (3) identify erosion
hotspots necessitating intensified attention, and (4) evaluate potential management alternatives

aimed at curtailing sediment production.

4.2. Materials and methods

4.2.1. Data source and processing

Climate data

The observed data of daily rainfall, temperature, solar radiation, relative humidity and wind
speed were collected from 5 stations (Figure 1). The data were acquired from the Ethiopian
Meteorology Institute (EMI) for the period of 1990-2021 and Dilla station was used to establish
the weather generator database. Filling of missed meteorological data and temporal
homogeneity test was performed using XLSTAT 2021 statistical software as used by previous
studies (Demissie and Sime, 2021; Dibaba et al., 2019). Moreover, double mass curve (DMC)

analysis was executed to assess the consistency of rainfall (Gao et al., 2017).

Projected climate data for near (2021-2040) and mid (2041-2060) future were acquired from
RCM of Coordinated Regional Climate Downscaling Experiment (CORDEX) (https://esgf-

data.dkrz.de/search/esgf-dkrz/ (accessed on 11 April 2022)). Two representative concentration

pathways (RCP), i.e., moderate emission (RCP4.5) and highest emission (RCP8.5) were
considered as future scenarios (IPCC, 2023). According to the performance study in chapter 3
(Girmaetal., 2022b), RACMO22T (ECEARTH), CCLM4-8 (MPI), CRCM5 (MPI), CCLM4—-
8 (CNRM) and REM02009 (EC-EARTH) were chosen. Thus, the ensemble of these RCMs
was used and bias corrected using distribution mapping (DM) method. DM method provided
better result in the study watershed (Worako et al., 2022). Moreover, Mann-Kendall (MK) test
and Sen’s slope estimator were used to test the trends in climate variables. A detailed

description of these trend test methods can also be found in chapter 3 or Girma et al. (2022b).
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Spatial data

The long-term LULC dynamics for the baseline years (1985, 2003 and 2021) and projected
years (2035 and 2050) were adopted from Chapter 2 (Girma et al., 2022a). For erosion
modeling, soil data were extracted from the latest FAO Harmonized World Soil Database
version 2.0 (https://gaez.fao.org/pages/hwsd (accessed on 2 June 2023)) (FAO & IIASA, 2023).
Additionally, the SoilGrids raster layer at 250 m spatial resolution developed by the

International Soil Reference Information Center (ISRIC) was used for SOC estimation

(https://soilgrids.org/ (accessed on 15 July 2023)). Topographic data were extracted from the
Alaskan Satellite Facility digital elevation model (DEM) (12.5 m resolution) available at
https://search.asf.alaska.edu/#/ (accessed on 20 June 2023).

Hydrology data

For SWAT model calibration and validation, 18 years (1997-2014) daily streamflow data at
Aposto and Bedessa gaging stations (Figure 1) were used. The two stations were considered
since they have the longest period of flow data. The data were acquired from the Ministry of
Water and Energy (MoWE) of Ethiopia. Due to the lack of continuous-time step sediment
records, sediment yield data were generated using sediment rating curve (SRC). The SRC is
extensively used to overcome the scarcity of temporal sediment data (Adi et al., 2023; Assfaw,
2020; Dananto et al., 2022; Gadissa et al., 2018; Toma et al., 2023). Hence, the suspended
sediment load for Aposto and Bedessa gauging stations was generated using the sediment
discharge rating curve developed by Adi et al. (2023) with an R? value of 0.96 and 0.91,
respectively.

4.2.2. Assessment of land degradation indicators

Surface runoff and sediment yield modeling using SWAT

To evaluate the effects of climate and LULC change, we applied 20 different simulations
(individual and combined scenarios), as shown in Table 21. Prior to simulation, the study area
was divided into sub-basins using the DEM as input in SWAT?2012 (interface of ArcG1S10.8).
Furthermore, each sub-basin was further subdivided into several number of hydrologic response
units (HRUs)? with a unique combination of 5% land cover, 10% soil type and 10% slope
thresholds. Then, all the required climatic variables were fed to the model and a three-year
warming-up period was given during simulation. Details of SWAT model procedure is given
in SWAT theoretical documentation (Neitsch et al., 2011).

2 Changes in land use resulted in variations in the number and distribution of HRUs in the GW. Therefore, 261 HRUs for 1985,
237 HRUs for 2003, 175 HRUSs for 2021, 178 HRUs for 2035 and 163 HRUs for 2050 were created.
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Table 21. SWAT model simulation setup

Simulation LULC Climate RCP
Past period

S1* 1985 1990-2005 -

S2 2003 1990-2005 -

S3 2021 1990-2005 -

S4 1985 2006-2020 -

S5 2003 2006-2020 -

S6 ** 2021 2006-2020 -
Future LULC change scenario

S7 2035 2006-2020 -

S8 2050 2006-2020 -
Future climate change scenario

S9 2021 2021-2040 RCP4.5
S10 2021 2041-2060 RCP4.5
S11 2021 2021-2040 RCP8.5
S12 2021 2041-2060 RCP8.5
Future combined (LULC and climate change) scenario

S13 2035 2021-2040 RCP4.5
S14 2035 2041-2060 RCP4.5
S15 2035 2021-2040 RCP8.5
S16 2035 2041-2060 RCP8.5
S17 2050 2021-2040 RCP4.5
S18 2050 2041-2060 RCP4.5
S19 2050 2021-2040 RCP8.5
S20 2050 2041-2060 RCP8.5

*, ** represents baseline for past period and future scenario, respectively.

Surface runoff was estimated using the soil conservation service curve number (SCS-CN)
method (Equation 23) (Neitsch et al., 2011).
2
_ (Rday—la)

= 23
qurf (Rday _ Ia n S) ’ ( )

where Qsurt is the accumulated runoff or rainfall excess (mm water), Raay is the daily rainfall
depth (mm water), la is the initial abstractions which includes surface storage, interception and
infiltration period to runoff (mm water), and S is the retention parameter (mm water)

mathematical expressed using the curve number (CN) (Equation 24) (Neitsch et al., 2011).

The CN is governed mainly by LULC, soil permeability and a hydraulic group of soils (Neitsch
et al., 2011). The initial abstractions, la, is commonly approximated as 0.2S and equation 24
becomes (Equation 25) (Neitsch et al., 2011):
(Rgay — 0.25)°
Qsurf = R 1 0.85)
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Sediment yield was estimated using the Modified Universal Soil Loss Equation (MUSLE)
(Equation 26) (Arnold et al., 2012).

SY = 11.8 X (Quure X Qpeak X areapry) X KX Cx P X LS X CFRG, (26)

where SY is the sediment yield on a day (metric tons), Qsurf is the surface runoff volume (mm
ha—1), Qpeak is the peak runoff rate (m3 st) (Equation 27), areanr, is the area of the HRU (ha),
K is the soil erodibility factor, C is the cover and management factor, P is the support practice
factor, LS is the topographic factor, CFRG is the coarse fragment factor, and 0.56 is the delivery
ratio.

C XiXarea
Qpeak =3¢ 27)

Where Qpeak is peak runoff rate (m3 s1), ¢ is the runoff coefficient, i is the rainfall intensity
(mm/hr.), sub-basin area (km?) and 3.6 is conversion factor.

SWAT calibration, validation and performance measures

Multi-site calibration was performed using the sequential uncertainty fitting (SUFI-2) algorithm
in SWAT-CUP. SWAT simulates total sediment load, i.e., suspended load plus bedload
(Neitsch et al., 2011). In most rivers, bed load to suspended load ranges between 10 and 30%
(Church, 2006). Since most (81%) of the study area was characterized as gentle to moderate
steep slopes, 10% of the suspended sediment load obtained from the rating curve were
considered as bedload. Similar assumptions were employed in the Ethiopian rift valley (Aga et
al., 2018; Dananto et al., 2022). Parameters to be calibrated were initially selected by reviewing
previously used parameters in the GW (Adi et al., 2023; Aragaw et al., 2022; Dananto et al.,
2022; Serur and Adi, 2022), and SWAT theoretical documentation (Neitsch et al., 2011).

Afterwards, sensitivity analysis was performed and the most sensitive parameters were
identified based on Lenhart et al., (2002) sensitivity classes. Furthermore, model performance
was evaluated using Nash-Sutcliffe efficiency (NSE) coefficient, coefficient of determination
(R?) and percent bias (PBIAS) according to the ratings given by Moriasi et al., (2015). The
iteration was run for the simulation period of 1997-2014 and the first 3 years were used for
warm-up period. A split sample test was employed to split the remaining years into calibration
period (2000-2009) and validation period (2010-2014) on a monthly basis (Abraham et al.,
2022).

Assessing and monitoring LDN indicators

The assessment and monitoring of LDN was carried out based on the Good Practice Guidance
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(GPG) prepared for the Sustainable Development Goal (SDG15) (Sims et al., 2019).
Accordingly, QGIS3.28 Trends.Earth plugin and Google Earth engine was used to quantify the
following sub-indicators.

The LP sub-indicator (in kg/ha/year) were determined from a time series of annual normalized
difference vegetation index (NDVI) dataset (Schillaci et al., 2023; Teich et al., 2023). In this
study, two NDV I data sources were used to monitor the entire period from 1985 to 2021.: (i) the
Advanced Very-High-Resolution Radiometer (AVHRR) data obtained from Global Inventory
Modeling and Mapping Studies (GIMMS) were used to assess trends from 1985 to 2003, and
(if) data provided by the Terra Moderate Resolution Imaging Spectroradiometer (MODIS)
Vegetation Indices (MOD13Q1) Version 6 was used to determine trends from 2003 to 2021
(Trends.Earth, 2022). Moreover, Water Use Efficiency (WUE) correlation method was
employed to correct the effects of climate on LP (Schillaci et al., 2023).

To assess the LC sub-indicator, custom LULC data (1985, 2003, 2021) were used and
reclassified to forestlands, grasslands, croplands, wetlands, artificial areas, bare land and
waterbodies using UNCCD reporting and IPCC land classification (Trends.Earth, 2022).
Afterwards, the land cover transition matrix between 1985-2003 and 2003-2021 were analyzed
to identify which pixels remained in the same land cover class, and which ones changed (Sims
et al., 2019). Based on expertise and local knowledge of the conditions in the study area, table
of degradation typologies was created to identify which transitions correspond to degradation,
improvement, or no change (Trends.Earth, 2022). Finally, Trends.Earth combined the
information from the LULC maps and the table of degradation typologies by LC transition to
compute the LC degradation between 1985-2003 and 2003-2021.

For SOC sub-indicator, the relative change in SOC (t/ha) was determined using a combined
LULC/SOC method in Trends.Earth. Area which experienced a loss in SOC of >10% during
the reporting period (2003 and 2021) was considered potentially degraded, and areas
experiencing a gain of >10% as potentially improved (Trends.Earth, 2022).

The sub-indicators were then combined using the 1OAO principle to determine the extent of
land that is degraded as a percentage of the total area (Sims et al., 2019). The 10AOQ principle
implies that a significant reduction or negative change in any one of the three sub-indicators is
considered to comprise land degradation in a land unit, then the final indicator is assessed as
degraded for the specific land unit (Giuliani et al., 2020; Sims et al., 2019).
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Soil conservation scenarios

The SWAT model simulates the efficiency of land management interventions by adjusting both
erosion and runoff parameters (Gashaw et al., 2017; Lemmacetal., 2019; Qiu et al., 2020). Thus,
five soil conservation scenarios were examined including filter strips, terracing, soil/stone bund,
contour farming and reforestation. The filter strips scenario was implemented on croplands by
changing the width of the filter strip (i.e., FILTERW) into 1 m (Admas et al., 2022; Hurni,
2016). Likewise, terracing, contour farming and soil/stone bund scenarios were evaluated by
modifying the corresponding CN2, USLE_P, the slope length (SLSUBBSN) and slope
steepness (HRU_SLP) on croplands (Admas et al., 2022; Hurni, 2016). The reforestation
scenario assumes that all the cultivated lands above 15% slope as well as bare land will be
changed into forest (Admas et al., 2022; Gashaw et al., 2017). Thus, the implementation of the

reforestation scenario was made by changing the land use map (Admas et al., 2022).

4.3. Results and discussion

4.3.1. Biophysical characteristics

More than 70% of the GW is covered by three soil groups (Figure 24a): Eutric Vertisols (29%)
characterized by a significant proportion of clay-sized particles and vetric property (FAO-
UNESCO, 1988), Lithic Leptosols (25%) dominated in the eastern escarpment and have limited
agricultural potential due to their shallow depth, low fertility and poor water-holding capacity
(FAO-UNESCO, 1988), and Chromic Luvisols (22%) are soils with subsurface accumulation
of high activity clays and high base saturation (Nachtergaele et al., 2012). The altitude of the
study area ranged from 1133 to 3197 m above sea level (a.s.l) (Figure 24b) and most (81%) of
the watershed exhibited gentle to moderate steep slopes (Figure 24c). The eastern part of the
watershed is characterized by longest and very steep slopes (having >45% slope), while the
lower part is dominantly characterized by flat terrain (<3% slope). On the bases of topographic

features, the study area was subdivided in to 35 sub-basins (Figure 24d).
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Figure 24. (a) major soil groups, (b) altitude, (c) slope classes and (d) sub-basin in the GW.

4.3.2. Trends in rainfall and temperature

The trend analysis indicated that the observed mean annual rainfall experienced decreasing
trend with a magnitude of about 13.4 mm/year from 1990 to 2005 (significantly) and 0.44
mm/year from 2006 to 2021 (insignificantly) (Table 22). While there has been a significant
decline in rainfall in the earlier past (1990-2005), the trend in the more recent years (2005-
2021) was relatively stable. The observed mean annual maximum temperature showed a
significant increasing trend, whereas minimum temperature declined insignificantly. Under
RCP4.5, the projected mean annual rainfall showed a non-significant decreasing trend with a
magnitude of about 4.5 and 6.4 mm/year (2021-2040 and 2041-2060, respectively). However,
both mean annual minimum and maximum temperature showed statistically significant
evidences of increasing trends (Table 22). Under high emission scenario (RCP8.5), the annual
rainfall will decrease (at a rate of 5.4 mm/year during the near future) and increase (at a rate of
7.8 mm/year during the mid future) insignificantly, while both the annual minimum and

maximum temperature will increase significantly.

This indicates that the watershed is likely to experience warmer conditions in the future, which
can have various implications for ecosystems, water resources and human activities. For
example, rising temperatures will amplify the impact of droughts, reducing soil moisture

availability and cropland productivity (Shigute et al., 2023). Since majority of the livelihoods
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were primarily dependent on subsistence rainfed agriculture (Wolde et al., 2021), these trends
could have significant effects on agricultural practices and might be the determinant factor for
various socio-economic problems in the watershed. These findings emphasize the need for
robust climate monitoring and adaptation strategies to address the potential impacts of changing
climate conditions on water resources, agriculture and overall environmental sustainability in
the region. The results were consistent with the findings of previous studies (Alehu et al., 2021,
Aragaw et al., 2022; Belihu et al., 2018; Mana and Abebe, 2023). The spatial pattern of
projected mean annual rainfall and temperature were included in the annex (Figure A2 and
Figure A3).

Table 22. The Mann—Kendall and the Sen’s slope test results for rainfall and temperature.

Variable Trend Test Observed RCP4.5 RCP8.5
1990-2005 2006-2021  2021-2040 2041-2060 2021-2040 2041-2060

Rainfall Z-Score —1.39%** —-0.22 —0.55 —0.49 —0.88 1.14

Sen’sslope -13.4 —-0.44 —4.5 —6.4 -5.4 7.8
Minimum  Z-Score —-0.05 0.88 2.63* 1.46%** 3.15* 3.36*
temperature Sen’s slope —0.003 0.02 0.1 0.02 0.1 0.1
Maximum  Z-Score 2.63* —0.44 2.17** 0.81 2.95* 1.72**
temperature Sen’s slope 0.1 —0.01 0.04 0.02 0.04 0.03

* ok R¥% means significant trend at alpha (o) = 0.01, 0.05, and 0.1, respectively.

4.3.3. Land use land cover dynamics

Nine LULC classes were identified, including waterbody, grasslands, forestlands, agriculture
lands, bare land, settlements, agroforestry, shrublands and marshy area (Figure 25). A detailed
description of the LULC classification and change analysis can also be found in Chapter 2
(Girmaet al., 2022a). In 1985, the largest land cover type was shrublands (24.3%) followed by
forestlands (21.8%) and agriculture lands (19.8%) (Table 4). However, agricultural lands,
agroforestry and bare land showed increments and overturned the dominancy in 2003 and 2021
(Table 5). These unceasing expansion and trends will also be expected by 2035 and 2050 at the
expense of forest, shrub and grasslands loss (Table 11). Moreover, the expansion of waterbodies
(Figure 5), particularly along the shore side of Lake Abaya might be attributed to the
displacement and lateral expansion of the lake’s water due to the increase in sediment load,
resulting from soil erosion (Dadi Belete et al., 2015; Schiitt, 2005; Zekarias et al., 2021). Rapid
population growth, social instability, land policy, unproductive land and climate change were
identified as the key driving forces of LULC changes in the area (Hassen et al., 2021a;
WoldeYohannes et al., 2018). Inappropriate land use practices played a significant role in
triggering land degradation (IPCC, 2022). To minimize these adverse consequences of land use
change, it is recommended that adequate land use planning and management strategies must be
implemented.
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Figure 25. The relative proportion of each land use.

The existing diverse range of LULC types reflects the complex nature of the landscape and its
susceptibility to change. The results revealed significant shifts in land cover over the past
several years (1985-2021). The “from-to” analysis in Table 5 showed a substantial conversion
of natural landscapes into cultivable areas and settlements. By 2035 and 2050, it is expected
that agricultural lands, agroforestry and bare land will continue to expand at the expense of
forest, shrub and grasslands (Table 11). These projections are indicative of ongoing land use
changes that could have far-reaching environmental and socio-economic consequences
(Mekuria et al., 2021). The increase in human population often leads to higher demands for
land, particularly for agriculture and settlements (WoldeYohannes et al., 2018). Effective land-

use planning and management are critical for achieving sustainable and resilient landscapes.

4.3.4. Sensitivity analysis, calibration and validation

A total of fifteen parameters listed in Table 23 with very high to high sensitivity were selected.
The sensitivity result showed the SCS runoff curve number (CN2) as a major key parameter
with highest t-stat and lowest p-value (Table 24), while USLE_C and USLE_P are the two most
important parameters for sediment calibration (Figure A4). The graphical representation in
Figure 26 and Figure 27 showed that the magnitude and temporal variation of simulated and
measured streamflow and sediment yield matched closely. As shown in Table 24, the R? values
(R? > 0.74) were satisfactory, as indicated by the goodness-of-fit between the measured and
simulated dataset. The NSE values indicated good model performance for stream flow and
sediment yield simulation at both stations. The PBIAS showed slight underestimation at Aposto
(streamflow) and overestimation at Bedessa. However, all the PBIAS values are less than +15%
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indicating a good simulation (Moriasi et al., 2015). Hence, all the statistical indices are in the

acceptable range.

Table 23. Selected parameters, allowable range and fitted values for SWAT calibration

Parameters  Description Sensitivity Allowable  Fitted
t-Stat p-Value Rank Range Value
Streamflow
CN2 SCS runoff curve number —21 0 1 -0.2-0.2 0.15
ALPHA BF Baseflow alpha factor 9.6 0 2 0-1 0.3
SOL BD Moist bulk density -74 0 3 0.9-2.5 1.01
GW _DELAY Groundwater delay 4.5 0.04 4 0-500 272
CH K2 Effective hydraulic conductivity 3.8 0.1 5 -0.01-500 67
SOL K Saturated hydraulic conductivity -3.7 0.16 6 0-2000 32
SOL AWC Available water capacity of the soil layer 1.6 0.34 7 0-1 0.6
Sediment
USLE P USLE support practice factor -84 0 1 0-1 0.57
USLE_C USLE cover factor -58 0 2 0.001-0.5 0.05
CH COV1 Channel erodibility factor 1.6 0.11 3 -0.05-0.6  0.03
SPCON Linear factor for the channel sediment routing 1.3 0.25 4 0.0001-0.01 0.01
CH EQN Sediment routing method 1.2 0.27 5 0-4 3.0
SPEXP Exponential factor for channel sediment routing —0,68  0.49 6 1-2 1.2
CH_COV2  Channel cover factor —0.64 0.51 7 —0.001-1 0.75
HRU SLP  Average slope steepness 0.59 0.55 8 0-1 0.17
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Figure 26. Monthly streamflow (a) and sediment yield (b) hydrograph during calibration and
validation period at Aposto gauging station.
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Figure 27. Monthly streamflow (a) and sediment yield (b) hydrograph during calibration and
validation period at Bedessa gauging station.
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Table 24. Statistical indices for the SWAT model performance measure

. . . Aposto Bedessa
Model simulation Period R? NSE _ PBIAS (%) R? NSE PBIAS (%)
Streamflow Calibration 089 080 -15 0.79 0.76 8.9
Validation 081 075 -39 084 08 11.1
Sediment yield Cali_bra'_[ion 0.74 067 49 0.76  0.72 8.1
Validation 0.8 0.76 3.6 0.84 0.77 13.8

4.3.5. Estimation of surface runoff and sediment yield

Impacts of land use change on surface runoff and sediment yield

The simulations that were driven from LULC change in the past indicated that the mean annual
surface runoff increased by 15.3 mm (4.5%) and 23.4 mm (6.8%) during S2 and S3,
respectively, compared to S1 (base period for past). Similarly, the sediment yield increased by
7.1 t/halyear (28.8%) and 11.4 t/hal/year (46.2%) during S2 and S3, respectively. Despite lower
precipitation, surface runoff and sediment yield were increased in the past. This could be
attributed to the changes in LULC particularly the expansion of agricultural land at a rate of
3.23% per year at the expense of natural vegetation (deforestation at a rate of 2.4% per year)
between 1985 and 2021 (Girma et al., 2022a). Moreover, significant changes were observed in

settlement areas ranged between 1.5 and 9.5%.

Simulations driven by future modeled LULC and observed climate data (S7 and S8) showed an
increase in surface runoff by 64.7 mm (17.8%) and 114.4 mm (31.5%), respectively, compared
to S6 (baseline for future simulations). Likewise, the annual sediment yield increased by 5.1
t/halyear (14.4%) and 8 t/ha/year (22.8%) during S7 and S8 compared to S6. Consequently, the
predicted LULC change will lead to an increased surface runoff and sediment yield assuming a
similar climate development as observed in S6. This could be due to the unceasing expansion
of, for example, agriculture land (48.3%, 55%) and settlements (1.4%, 2%) by 2035 and 2050,
respectively (Figure 25). The findings revealed that land-use changes alone have a more
positive synergy on surface runoff and sediment yield. The results were consistent with those
in the previous studies (Adi et al., 2023; Aragaw et al., 2022). The degradation of soil and
vegetation may increase the area of impervious surface, leave the soil exposed to the erosive
forces of water and leading to more water reaching the ground, lowers the infiltration capacity
of the soil and increases the surface runoff (Nyatuame et al., 2020; Tan et al., 2022).
Additionally, land-use changes can modify natural drainage patterns, leading to the
concentration of runoff into specific areas. This might result in localized flooding and erosion
(Sugianto et al., 2022).
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Impacts of climate change on surface runoff and sediment yield

Simulation obtained from climate change in the past (S4) depicted a decline in surface runoff
by 3.9 mm (1.1%) and sediment yield by 0.9 t/ha/year (3.7%), as compared to S1. The near-
term (S9) and mid-term (S10) simulations driven by future climate data (RCP4.5) and observed
LULC (2021) decreased the surface runoff by 17.7 mm (4.9%) and 20.2 mm (5.6%),
respectively, compared to S6. Likewise, the sediment yield will be reduced by 2.9 t/ha/year
(8.3%) and 3.1 t/halyear (8.9%) during the S9 and S10, respectively. Under RCP8.5, the surface
runoff will decrease by 64.9 mm (17.9%) in the near-term (S11) and increase by 6.7 mm (1.9%)
during the mid-term (S12), compared to S6. Correspondingly, the sediment yield will decrease
by 4.6 t/ha/year (13%) in the S11 and increase by 1.7 t/ha/year (4.9%) in the S12. These results
might be attributed to the dynamic trends in climate variables (decrease in precipitation and
increase in temperature), as described in Table 22. The findings were consistent with the results
of other studies in the ERVLB (Aragaw et al., 2022; Gadissa et al., 2018).

The impacts of climate change on surface runoff and sediment yield are interconnected. For
example, Mana and Abebe (2023) revealed the reduction in stream flow in the future due to the
decrease in precipitation and an increase in evapotranspiration (associated with an increase in
temperature). It has also been shown that there is a significant relationship between streamflow
and sediment yield (Adi et al., 2023; Gadissa et al., 2018). Thus, the result implies that the
reduction in sediment yield (S9, S10 and S11) in the future period might also be associated with

the reduction in streamflow, which is, in turn, linked with climate changes.

Combined impacts of land use and climate change on surface runoff and sediment yield

Under the combined effect of land use and climate change, there is high variation in annual
surface runoff and sediment yield as compared to the individual effect. The result obtained from
past simulation (S5 and S6) indicated that the annual runoff increased by 13.9 mm (4%) and
20.1 mm (5.9%), respectively, as compared to S1. Under these same scenarios, the sediment
yield increased by 6 t/ha/year (24.2%) and 10.5 t/ha/year (42.7%), respectively, for S5 and S6.
Urbanization and deforestation associated with land use change reduce the ability of land to
absorb water, leading to increased surface runoff (Nyatuame et al., 2020; Tan et al., 2022).
Climate change can intensify this effect by causing more frequent and intense rainfall events,

resulting in even higher rates of sediment yield (Li and Fang, 2016).

Despite increased impervious surface through increased settlement areas and bare land, most

of the combined future scenarios indicated a decrease in surface runoff and sediment yield as

compared to base period (S6). Under RCP4.5, for example, the S13 (near-term) and S14 (mid-
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term) scenario showed a decrease in surface runoff by 10.3 mm (2.9%) and 13.6 mm (3.7%).
Likewise, the sediment yield decreased by 2.4 t/ha/year (6.9%) and 2.6 t/halyear (7.4%),
respectively, in the S13 and S14. Under RCP8.5, S15 (near-term) showed a decrease in surface
runoff and sediment yield by 41.5 mm (11.4%) and 3.1 t/ha/year (8.8%), respectively. Similarly,
S17, S18 and S19 indicated a decrease in surface runoff and sediment yield. Thus, the
percentage decrease in surface runoff ranged from 1.6% (S17) to 10.2% (S19). Similarly, the
percentage decrease in sediment yield ranged from 1.1% (S18) to 5.4% (S19). This could be
due to the offset of runoff and sediment reduction by climate change (i.e., lower precipitation

and higher temperature projections) in the coupled climate and land-use change scenario.

However, S16 and S20 showed an increase in surface runoff by 13.2 mm (3.6%) and 19.8 mm
(5.5%), sediment yield by 2.5 t/halyear (7.2%) and 3.96 mm (11.3%) into the future,
respectively. This might be attributed to the expected increasing trends in the annual rainfall
(7.8 mm/year) under the RCP8.5 scenario (Table 22). It is clearly evident that a little rise in
annual precipitation is resulting in a higher surface flow. This indicates that climate change has
greater contribution on hydrological process compared to land use. These findings were
supported by previous studies on hydrological processes and sediment yield (Aragaw et al.,
2022; Giri et al., 2019).

4.3.6. ldentification of soil erosion hotspots

The identification of erosion hotspot areas is crucial for effective land and water resource
management, as well as for developing targeted erosion control and mitigation strategies.
Hence, the average annual sediment yield of GW was classified into five sediment severity
classes (Table 25). The classes were adapted from Dananto et al., (2022); Guduru and Jilo
(2023). Table 25 indicated that most (>77%) of the study area experienced high to severe
sediment yield in a given scenario. The past analysis depicted that a mean annual sediment yield
of 42.9 t/halyear and 45.6 t/ha/year was accounted for in S1 and S5, respectively. Moreover,
Figure 28 showed the spatial variability of mean annual sediment yield at sub-basin scale under
the different scenarios. The highest amount of sediment yield was showed in the southern as
well as in eastern part of the watershed (Figure 28, S1 and S5), characterized by widespread
steep slopes and more often, the southern part received high amount of rainfall (Guduru and
Jilo, 2023). On the contrary, most of the sub-basins in the western and northern part experienced
low to high sediment yield. The results are consistent with Adi et al. (2023); Dananto et al.
(2022); Guduru and Jilo (2023).
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Table 25. The percentage of erosion severity areas (Area %) in the past and future scenarios

S ity Cl D ini Past Near Future Mid Future
everity Class Description S1 S5 S13 S5 S18 S20
0-5 Low 49 49 0.7 0.7 0.7 0.6
5-10 Moderate 18.6 13.6 0.9 0.9 4.1 0.1
10-25 High 38.8 33.7 26.9 32.8 51.5 10.5
25-50 Very high 32.7 40.1 51.3 52 26.2 60.8
>50 Severe 5 7.7 20.2 13.6 17.5 28

Furthermore, the spatial variability of sediment yield was identified for future combined
scenarios. The combined scenario analysis depicted the insignificant intra-variability within
each RCP scenario. Hence, we used a combination of one future period (2021-2040, 2041-
2060) correspondingly for each projected land use (LULC 2035, LULC 2050) under each RCP
(2 LULCx2 pathwaysx1 climate = 4). In this line, S13 and S15 as well as S18 and S20 were
considered for near and mid future scenario, respectively. Thus, the near future average annual
sediment yield varied between 28.25 t/ha/year and 29.57 t/ha/year (S13 and S15, respectively),
while the mid future average annual sediment yield ranged from 30.71 t/ha/year to 43.5
t/halyear (S18 and S20, respectively). Among the 35 sub-basins (Figure 28), sub-basins 6, 19,
25, 27, 29, 30, 33, 34 and 35 will generate the highest amount of surface runoff and sediment
yield in to the future (S13, S15, S18 and S20); thus, they were categorized under critical sub-
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Figure 28. The spatial pattern of sediment yield at the given scenario.
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Most of the critical sub-basins (28% of the total area) were characterized by shallow (Leptosols)
and clay dominant soils (Vertisols), dominated by agriculture and grasslands, and very steep
slopes. Moreover, the southern part of the GW will receive high amount of rainfall under both
RCPs (Figure A2 and Figure A3). Regardless of differences in rainfall, surface runoff and soil
erosion were much higher on croplands and grazing lands (Ebabu et al., 2023). This is largely
due to excessive tillage operations and intense grazing by livestock which lead to increased soil
disruption and vulnerability to erosion. Moreover, high values of surface runoff were correlated
with Vertisols owing to slow internal drainage and low infiltration capacity after getting wet
(Garg et al., 2022; Tibebe and Bewket, 2011). On the contrary, sub-basins 4, 7, 8, 28 and 31,
which represented 4.7% of the total area, were under low sediment severity class. These sub-
basins were dominated by shrublands and forestlands with a slope ranged between 3 and 12%.

4.3.7. LDN indicators

Land productivity dynamics

From 1985 to 2003, most (83.2%) of the study area was characterized under stable productivity
class and smaller (1.6%) proportion of the study area showed improvements in productivity
(Table A2). The LP trend showed early signs of decline in 13.2% of the area. Another 1.4% of
the study area showed decline land productivity and insignificant proportion (0.01%) of the
study area characterized as stressed. Based on the LP trend analysis applied between 2003 and
2021, 67% of the study area was marked as stable (Table A2). Furthermore, 18.4% and 14.1%
of the study area were under early signs of decline and decline, respectively. Similar to the
previous years, an insignificant proportion (0.03%) of the study area was characterized as
stressed between 2003 and 2021.

The stress or pressure on land productivity varied with land use and land cover (Figure 29). For
example, out of the total stressed area, 48% were found in croplands. Similarly, the largest share
of early signs of decline (68%) and decline (71%) categories were contributed from croplands
between 1985 and 2003. Furthermore, the share of the area with early signs of decline (52%)
and decline (53.8%) were higher in croplands from 2003 to 2021 (Figure 29), while around
57% of the stressed category were found in artificial areas between 2003 to 2021. Overall,
croplands accounted for 68.4% and 53% of the LP declined area in 1985-2003 and 2003-2021,
respectively. These areas are characterized by lower tree cover, unsustainable land management
practices, accelerated carbon decomposition and erosion (Zomer et al., 2016; Lorenz and Lal,
2018, Ebabu et al., 2023).
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Figure 29. The distribution of LP sub-indicator across the different land use and land cover
types.

From 1985-2003 to 2003-2021, the area where LP was improved and stable were reduced
while the land area degraded were increased (Figure 30a,d, respectively). In line with this,
Degefa (2007); Hassen et al. (2021b); Regassa Debelo et al. (2017) indicated that trend in
agricultural productivity has declined over the last decades given that climate change, soil
erosion, and poor soil and water conservation (SWC) practices were mentioned as the main
drivers. This, in turn, resulted in increased demand for farm inputs (e.g., fertilizer, pesticides)
and increased production costs. As a result of the expansion of land degradation over time,

agricultural productivity has decreased and worsened food insecurity and poverty in the GW
(Wolde et al., 2021).
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Figure 30. Land degradation sub-indicators LP (a,d), LC (b,e), SOC (c,f) between 1985-2003
and 2003-2021, respectively.
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Land cover degradation

The outputs for the land cover sub-indicator revealed that land area with stable land cover were
dominant (52% and 47%) in both periods (1985-2003 and 2003-2021, respectively).
Additionally, the degraded land cover was increased from 36% during the 1985-2003 to 42%
during the 2003-2021 (Figure 30b,e). However, land area with improved land cover was
slightly reduced from 12% during the 1985-2003 to 11% during the 2003-2021 (Table A2).
The long-term LULC dynamics indicated that GW experienced significant landscape alteration
between 1985 and 2021 (Table 4). Croplands covering 20% of the study area (in 1985)
experienced the highest relative expansion by 25% and 40% (in 2003 and 2021, respectively).
Similarly, the spatial extent of agroforestry was increased from 13% to 15% and 20% over the
study years. The other major rate of change was recorded in the residential areas from 1.5% to
9.5% between 1985-2003 and 2003-2021, respectively. This reflects the intensification of
agricultural practice and urbanization activity in the GW. Furthermore, the expansion of
agroforestry was mainly attributed to cultural values and traditional beliefs in the study area
(Hassen et al., 2021a). Studies identified that human and livestock population in regions of
limited resources, unsustainable farming techniques, an insecure land tenure system, poverty
and climate change as major drivers of LULC and land degradation (Desta and Fetene, 2020;
Mekuria et al., 2021; Mesfin et al., 2020; Meshesha et al., 2012).

Soil organic carbon loss

Figure 30c,f showed the spatial distribution of SOC over the two periods (1985-2003 and 2003—
2021, respectively). The results indicated that 13% and 12% of the study area showed
improvement in SOC, 53% and 49% of the GW displayed stable condition during 1985-2003
and 2003-2021, respectively (Table A2). In addition, it appeared that the percentage of
degraded areas were increased from 35% in 1985-2003 to 39% in 2003-2021. This could be
attributed to the significant conversion of forestlands (-1.16%, —4.23%), grasslands (-1.31%,
—-3.26%) and shrublands (—2.41%, —3.59%) to other land uses, mainly croplands (Table 5) and
extractive nature of the farming practice. In line with this, Negasa (2020) and Okolo et al. (2019)
indicated that conversion of native forest to other land uses and the intensification of

agricultural activities resulted in a significant decrease in the SOC stocks across Ethiopia.

Land degraded status

Combining all the three sub-indicators, 45% and 56% of the study area were under degraded
status, 41% and 31% unchanged, 14% and 12% improved over the periods between 1985-2003
and 2003-2021, respectively (Table 26). From 1985-2003 to 2003-2021, the proportion of
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degraded land was increased by 26%, while stable and improved land areas were reduced by
25% and 9%, respectively. The expansion of degraded area might be attributed to the dynamic
interplay of climate and LULC change. The high-risk degraded land was mainly located in areas

dominated by croplands and bare land (Figure 31).
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Figure 31. Land degradation neutrality indicator map between 1985-2003 (a) to 2003-2021 (b)
in the Gidabo watershed.
Table 26. The extent of degraded, stable, and improved land according to the SDG 15.3.1

indicator

Land Degradation Status 1985-2003 (% of Land) 2003-2021 (% of Land)
Stable 40.9 30.9

Improved 13.7 12.3

Degraded 44.6 56

No data 0.8 0.8

4.3.8. Sediment yields under soil conservation scenarios

The average annual sediment yield reduction (% reduction) with respect to the soil conservation
practices was presented in Table 27. The result revealed that soil/stone bund generated the
lowest value of sediment yield (5.7-10.3 t/ha/year), then terracing (6.4-12.7 t/ha/year) and
contour farming (7-12.6 t/halyear), followed by reforestation (9.1-16.1 t/ha/year) and filter
strip of 1 m (16.8-29.1 t/ha/year). Furthermore, Figure 32 shows the distribution of average
sediment yield (t/ha/year) in critical sub-basins under the proposed conservation scenario. At
the implementation of terracing, for example, there are no areas within the severe sediment
yield category. Accordingly, 64.8% and 59.4% (Low), 21.6% and 27% (moderate), 13.6% (high

to very high) were classified during S13 and S15, respectively. Likewise, 36.4% and 29.2% of
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the study area were accounted for low severity class during S18 and S20, respectively, while
51.9% and 47.2% were identified as moderate class. The remaining (11.7% and 23,6%) were
grouped under high to very high class during S18 and S20, respectively. The results attained
are comparable with the findings of previous studies in GW (Adi et al., 2023; Dananto et al.,
2022). Similarly, Admas et al. (2022); Gashaw et al. (2020); Lemma et al (2019); Leta et al.
(2023) quantified the significant contribution of the aforementioned conservation scenarios in
different part of the country.

Table 27. Mean annual sediment reduction in soil conservation scenarios over the entire GW

Sediment Yield (% Reduction) *

Conservation Scenarios

S13 S15 S18 S20
Terracing 77.2 63.1 78.9 70.8
Contour farming 72 58.4 77.1 71
Filter strip 38.7 38.4 45.2 33.1
Stone/soil bund 79.8 67.9 81.1 76.2
Reforestation 67.9 55.7 70.4 63

* Compared to the corresponding “without SWC” scenario

While these conservation practices had varying levels of effectiveness, the analysis justified
that soil conservation practices used in each scenario could significantly reduce the annual
sediment yield and will help to achieve the LDN in the future. In line with this, Hassen et al.
(2021c) revealed the positive correlation between soil conservation practice, agroecology and
soil physicochemical properties in the GW. Particularly, the traditional agroforestry system and
plantation work has a significant contribution to soil fertility improvement and local
communities’ livelihood (Hassen et al., 2021b; Temesgen et al., 2018). Apparently, the
integration of the proposed conservation scenarios with the traditional practice might reduce

the soil erosion and also improve the LDN indicators, thereby reducing related degradations.

4.3.9. Enhancing land degradation assessment

Soil erosion, as a key driver of land degradation, directly impacts soil quality and land
productivity. Soil erosion assessment provides insights into erosion extent, severity and
vulnerability of areas that may not be fully captured by the LDN sub-indicators alone.
Moreover, soil erosion indicators such as runoff and sediment yield can help to evaluate the
success of land restoration activities, providing valuable feedback on the effectiveness of LDN
interventions, and ultimately supports land management and conservation efforts. Therefore,
the integration of soil erosion indicator into LDN assessments can complement the existing sub-
indicators, allows for more comprehensive understanding of land degradation dynamics and

watershed management measures.
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Figure 32. Comparison of the conservation practices in critical sub-basins under a given
scenario.

4.4. Conclusion

The study employed an integrated approach combining the SWAT model and the Trends.Earth.
The GW faces substantial landscape alteration and climatic variability, and significant
challenges related to soil erosion and land degradation. Historical changes in LULC led to an
increase in mean annual surface runoff and sediment yield despite lower precipitation. This
increase is attributed to the expansion of agricultural land and deforestation, which reduced the
land’s ability to absorb water and increased surface runoff. Future projection showed further
increases in surface runoff and sediment yield due to the ongoing expansion of agriculture and
settlements. Past simulations as well as future climate change scenarios under the RCP4.5
showed a decline in surface runoff and sediment yield, while under RCP8.5, results showed
decreases in the near-term (2021-2040) and increases in the mid-term (2041-2060) in surface
runoff and sediment yield. The interplay between land use and climate change led to varied
outcomes, with some scenarios (e.g., S5 and S6) showed increases in surface runoff and
sediment yield, indicating a synergy between land use change and climate change, while certain
future scenarios (e.g., S13, S14, S15) showed decreases in surface runoff and sediment yield.
The findings revealed that significant portion of the study area, particularly the southern and
eastern parts of the watershed, exhibited high to severe soil erosion rates. The LP dynamics
indicated that the proportion of land categorized as stable were decreased, while areas displayed
early signs of decline and decline were increased from 1985-2003 to 2003-2021. Concurrently,
land-cover degradation and SOC loss was also increased. Overall, the proportion of degraded
land expanded significantly emphasizing the need for sustainable land management practices

to mitigate further degradation. The study evaluated various soil conservation practices in the
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context of sediment yield reduction, with soil/stone bund emerging as the most effective
measure, followed by terracing, contour farming and reforestation. These practices exhibited
the potential to significantly reduce annual sediment yield and are crucial for achieving LDN

goals.
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5. Synthesis

5.1. Overview

Soil erosion and vegetation degradation are interrelated environmental issues that have
significant implications for ecosystems, agriculture, and human well-being in Ethiopia (Wassie,
2020). The GW features diverse biophysical characteristics and provides essential resources for
industrial and domestic use (Wolde et al., 2020). However, the watershed faces significant
challenges related to soil erosion and land degradation attributed to substantial landscape
alteration, climatic variability and drastic ecological change (Belihu et al., 2020; Mana et al.,
2023; Worako et al., 2022). Modeling the long-term impact of LULC and climate change on
soil erosion, and evaluating land degradation dynamics is essential to understand the past and
future state of the landscapes (Kidane et al., 2019). Ultimately, this provides insights into
vulnerable areas, the effectiveness of different management practices to make management
decisions to protect GW and ensure the long-term sustainability. Therefore, this study makes a
contribution to understanding and addressing soil erosion and land degradation challenges

towards sustainable land management in the GW.

The overall aim of this study is to investigate the dynamic patterns of land degradation
indicators in the context of climate and land use changes, and suggests potential management
alternatives to address these critical environmental challenges. To achieve these goals, a
multidisciplinary approach was employed, integrating hydrological modeling, remote sensing,
and geospatial analysis. As described, chapter 2 to 4 endeavored to address the specific
objectives related to LULC studies, performance assessment of climate models, and land
degradation trajectories in the GW. The aim of this final chapter is to synthesize the findings
and provide a cohesive understanding of the research outcomes from various perspectives.
Moreover, it provides insights for future investigation and exploration, thus providing a
comprehensive closure to the study and guiding further research endeavors.

5.2. Brief answer to the research questions
This section provides synthesis of the previous chapters, presenting a cohesive overview that

aligns with the core essence of the six research questions.

I.  What are the major LULC classes in the study area, and how evolved from 1985 to present
and the future to 20507

The major LULC classes identified in the study area were waterbodies, grasslands, forestlands,

agriculture lands, barren/bare land, settlement areas, agroforestry, shrublands, and marshy area.

The study area underwent significant changes in LULC from 1985 to 2021, with notable trends
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and impacts on the landscape. In 1985, the dominant land cover type was shrub land (24.3%),
followed by forest (21.8%) and agriculture (19.8%). However, over the years, there was a
significant expansion of agricultural land, which surpassed other land cover types, reaching
40% by 2021. This expansion came at the expense of forest cover, which decreased from 21.8%
in 1985 to 11.2% in 2021. Similar trends were observed in agroforestry, which increased from
13% to 20% over the study period, while grassland and shrub land experienced significant
declines.

The transition matrix between 1985-2003 and 2003-2021 revealed continuous deforestation,
with an annual deforestation rate of 2.4%. This deforestation was driven by the expansion of
agricultural land, which increased at a rate of 3.23% per year. Additionally, there was a notable
increase in the settlement areas from 1.5% in 1985 to 9.5% in 2021, indicating urban expansion.
Similar trends of land cover change were observed in previous studies in the region (Aragaw et
al., 2022; Belihu et al., 2020; Wolde et al., 2021), emphasizing the ongoing transformation of

land use driven by factors like population growth, agricultural practices, and policy shifts.

Looking into the future, the study projected LULC changes for 2035 and 2050 under a BAU
scenario. The results forecasted further expansion of agriculture, agroforestry, waterbodies, and
settlement areas, while grasslands, forestlands, and shrublands were expected to decrease
significantly. Marshy areas and barren land were projected to show positive growth until 2035
and then decrease by 2050. These predictions are in line with the observed historical trends and
indicate a continuation of current practices, with agriculture playing a dominant role in shaping

the landscape.

Il. What are the observed trends in climate variables and how different regional climate models
(RCMs) perform in simulating these variables?

Rainfall, a critical factor for rainfed agriculture-dependent economy, displays distinct variations
temporal patterns. The results indicated a significant decreasing trend in annual and Kiremt
season rainfall, while Belg rainfall showed non-significant decreasing trends. This declining
trend in the primary rainy season has substantial implications for agricultural productivity and
water resources. In contrast, temperature trends indicated warming in the watershed. Both
annual and Belg season maximum temperatures showed significant increasing trends, with the
annual maximum temperature exhibiting a particularly pronounced rise. Minimum temperature,
on the other hand, experienced non-significant decreases annually but exhibited significant
increases during the Belg and Kiremt seasons. The warming trend observed in temperatures
revealed the influence of climate change in the study area.
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The findings revealed that the performance of RCMs in simulating rainfall and temperature
varies widely across different models. RACMO22T (EC-EARTH) perform well in representing
observed annual rainfall patterns, particularly in the upper and central part of the GW. However,
other models like CCLM4-8 (EC-EARTH) and RCA4 (EC-EARTH) overestimate annual
rainfall, while REMO2009 (MPI) underestimates it, especially in the middle and lower part.
The mean ensemble approach generally reproduces observed annual rainfall patterns more
accurately than individual RCMs.

Regarding mean annual rainfall cycle, some models capture the timing of peak rainfall in
April/May and September/October, such as CCLM4-8 (CNRM), CCLM4-8 (MPI),
RACMO22T (EC-EARTH), and RCA4 (CNRM), despite variations in the rainfall amounts they
reproduce. However, CCLM4-8 (EC-EARTH) shifted the peak period by up to two months. In
terms of the seasonal rainfall patterns, it is observed that most RCMs tend to underestimate the
Belg season rainfall, with notable exceptions like CCLM4-8 (MPI) and REMO2009 (MPI),
which perform better in replicating the Belg season rainfall. Similarly, for the Kiremt season,
RCMs exhibit varied performance, with some overestimating and others underestimating
rainfal. RACMO22T (EC-EARTH) is identified as performing well in simulating Kiremt

seasonal rainfall.

In terms of temperature simulations, most RCMs overestimate minimum temperature and
underestimate maximum temperature at station level. CRCM5 (MPI) showed relatively better
performance in replicating the observed minimum temperature patterns, while RCA4 (EC-
EARTH) performs poorly. In terms of maximum temperature, CRCM5 (MPI) and mean
ensemble show better performance. The correlation between observed and simulated
temperature varies by station, but CRCM5 (MPI) consistently exhibits strong performance for

minimum temperature, and most RCMs achieve good correlations for maximum temperature.

Taylor diagram and Skill Score (TSS) provides a comprehensive view of the RCMs'
performance by considering multiple statistical metrics. In terms of rainfall, CCLM4-8 (MPI)
and REM0O2009 (MP1) models showed low variability compared to observations, while RCA4
(EC-EARTH) and HIRHAMS5 (EC-EARTH) exhibited higher variability. CCLM4-8 (MPI) had
the highest correlation with observations, while RCA4 (MPI) showed the weakest correlation
and high CRMSE, indicating weaker performance. For temperature, RACMO22T (EC-
EARTH) and CRCM5 (MPI) demonstrated strong correlations and low CRMSE, indicating
good performance in capturing temperature trends. In contrast, CCLM4-8 (EC-EARTH) and
CCLM4-8 (MPI) had inverse correlations and high CRMSE, indicating weaker performance.
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I11. How climate change and land use dynamics influence surface runoff and sediment yield?

In the past, simulations showed that mean annual surface runoff increased by 4.5% (S2) and
6.8% (S3) compared to the base period (1985), along with a corresponding increase in sediment
yield (28.8% and 46.2%, respectively). These changes were largely attributed to shifts in land
use, including the expansion of agricultural land and deforestation. Moreover, future
simulations (S7 and S8) predicted even greater increases in surface runoff and sediment yield
due to continued land use changes, particularly in agriculture and settlements. These findings
indicated that land-use changes can significantly impact surface runoff and sediment yield.
Simulations driven by past climate data (S4) showed a decline in surface runoff and sediment
yield, However, future climate projections indicated varied effects, with some scenarios (S9-
S11) showing a decrease in surface runoff and sediment yield, while others demonstrated an
increase (S12). These variations were attributed to the dynamic trends in precipitation and

temperature.

Furthermore, the results revealed that the joint impact of these factors led to high variations in
annual surface runoff and sediment yield compared to their individual effects. The results
obtained from past simulation (S5 and S6) indicated that both annual runoff and sediment yield
were increased. In some scenarios, the combined influence of projected land use changes and
climate change resulted in a decrease in surface runoff and sediment yield, particularly under
the RCP4.5 scenario. However, other scenarios showed an increase in surface runoff and
sediment yield, primarily due to expected increases in annual rainfall under the RCP4.5
scenario. These findings emphasized the complex relationship between land use, climate
change, and their combined impact on hydrological processes and sediment yield.

IV. Where are critical sub-basins in terms of sediment yield and what are the common
characteristics of these critical sub-basins?

The identification of erosion hotspots is crucial for effective land and water resource
management and for developing targeted strategies to control and mitigate erosion. In this study,
the average annual sediment yield was categorized into five sediment severity classes, revealing
that more than 77% of the study area faced high to severe sediment yield under different
scenarios. Additionally, the study identified critical sub-basins (6, 19, 25, 27, 29, 30, 33, 34 and
35) that generate the highest surface runoff and sediment yield. Most of these critical sub-basins
were primarily characterized by shallow and clay-dominant soils, intensive agricultural and
grassland use, receive high rainfall, and steep and long slopes. Conversely, sub-basins with
shrublands, forestlands and gentle slopes exhibited lower sediment severity.
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V. What are the trends in land degradation neutrality indicators in the study area from 1985
to 20217
In the context of land productivity dynamics, between 1985 and 2003, the majority (83%) of
the study area exhibited stable land productivity, while a small portion showed improvements.
However, there were early signs of decline in 13.2% of the area, and a minor proportion showed
stressed conditions. From 2003 to 2021, 67% of the study area remained stable, but there was
an increase in areas showing early signs of decline and decline, especially in croplands. This
indicated that over time, the study area experienced a reduction in land areas with improved or

stable productivity and an increase in degraded lands.

Regarding land cover degradation, the results indicated that the land area with stable land cover
was dominant in 1985-2003 (52%) and 2003-2021 (47%). However, the proportion of
degraded land cover increased from 36% (1985-2003) to 42% (2003-2021). This shift can be
attributed to significant changes in LULC dynamics, such as the expansion of croplands and
agroforestry, reflecting intensified agricultural practices and deforestation. While there was a
slight reduction in improved land cover areas, the most noticeable change was the increase in

degraded land cover.

Soil Organic Carbon loss is another critical aspect of land degradation. The analysis showed
that while some areas experienced improvements in SOC, a significant portion of the study area
remained stable in terms of SOC levels. However, there was an increase in degraded areas from
35% to 39% between 1985-2003 and 2003-2021. This degradation is attributed to the
conversion of forestlands, grasslands, and shrublands into other land uses, particularly
croplands. These findings align with previous studies that link the conversion of native forests
and intensification of agriculture to decreased SOC stocks in Ethiopia (Negasa et al., 2017 and
Okolo et al., 2019).

When considering all three sub-indicators together, the study area saw an expansion in degraded
land from 1985-2003 (45%) to 2003-2021 (56%), particularly in cropland-dominated areas. In
overall, the study revealed concerning trends in LDN indicators in the study area over the
reference periods. There has been a decline in land productivity, an increase in land cover
degradation, and a rise in soil organic carbon loss. These trends indicated that land degradation
is on the rise, with the expansion of degraded areas primarily associated with changes in land
use, particularly the expansion of croplands and urbanization. These findings emphasize the
importance of sustainable land management practices to mitigate further degradation of the
study area's land resources.
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VI. Can the implementation of soil conservation scenarios lead to a reduction in sediment
yield?
The study investigated the comparative effectiveness of five commonly implemented soil
conservation scenarios (filter strips, terracing, soil/stone bund, contour farming and
reforestation) in reducing annual sediment yield. The results revealed that soil/stone bund
exhibited the highest effectiveness with the lowest sediment yield values ranging from 5.7 to
10.3 t/halyear. Terracing and contour farming also demonstrated significant effectiveness in
sediment yield reduction, with values ranging from 6.4 to 12.7 t/ha/year and 7 to 12.6 t/ha/year,
respectively. Reforestation showed a moderate level of effectiveness, with sediment yield
values between 9.1 and 16.1 t/ha/year, while the filter strip of 1 m was the least effective,
yielding sediment values ranging from 16.8 to 29.1 t/ha/year. These findings were consistent
with previous studies (Adi et al., 2023; Admas et al., 2022; Dananto et al., 2022; Leta et al.,
2023) and underscored the importance of implementing soil/stone bunds, terracing, contour
farming, and reforestation to reduce annual sediment yield. Moreover, the study emphasized
the potential of integrating these conservation practices with traditional methods to further
enhance soil fertility and improve local communities' livelihoods. Traditional agroforestry
systems and plantation work were found to positively correlate with soil conservation practices
and soil physicochemical properties in the GW (Hassen, 2021; Temesgen et al., 2018). This
integration could contribute to achieve the LDN goals by reducing soil erosion and related

degradations.

5.3. The multifaceted implications of land use and climate change

Overall, this study revealed that GW experienced substantial challenges due to climate and
LULC changes. These interconnected factors pose a serious threat to both the environment and
the socio-economic well-being of the local communities. The subsequent sub-sections illustrate
these implications from various perspectives, including environmental, socio-economic, and

management related considerations.

5.3.1. Environmental perspectives

The study unveiled substantial landscape changes over the past three decades while
underscoring the future projections are of great concern. Deforestation, agricultural expansion,
and urbanization are significantly continued at alarming rates, with potentially dire
consequences for the environment. The continuous deforestation and reduction in natural land
covers are indicative of land degradation (increase in degraded land cover from 36% to 42%

between 1985-2003 and 2003-2021), which can have long-term adverse effects on ecosystem
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stability. The projections for future LULC changes (2035 and 2050) indicate a further expansion
of agriculture and built-up areas, accompanied by a decline in forest and grasslands. These
trends revealed an ongoing challenge for sustainable land management and ecosystems
conservation. The relentless conversion of forest, shrub, and grassland cover into agricultural
land poses a serious threat to habitat loss and fragmentation, threatening biodiversity and

ecosystem stability (Ma et al., 2023).

The results in chapter 4 showed that LULC changes led to an increase in mean annual surface
runoff and sediment load. This increase in runoff and sediment yield can be attributed to the
expansion of agricultural land and deforestation, which reduced the land's ability to absorb
water and often leads to changes in water availability, increasing the risk of flooding and a
hydrological imbalance (Nyatuame et al., 2020; Tan et al., 2022; Zhai et al., 2016). This, in turn,
can result in reduced soil fertility, loss of topsoil, and decreased agricultural productivity. The
expansion of agriculture land likely driven by the need to meet the demands of a growing
population may result in increased use of pesticides and fertilizers (Dhankhar & Kumar, 2023),
which can affect water quality and aquatic ecosystem health in the downstream (Dhankhar &
Kumar, 2023; Tudi et al., 2021).

Additionally, agricultural expansion (e.g., irrigation practices) and intensification (e.g.,
increased water demand for crops) may lead to the depletion of water resources or alter the
natural flow of rivers and streams (Berhe et al., 2022; Ma et al., 2023). Similarly, rapid urban
expansion can increase water demand for domestic and industrial purposes. This demand can
strain local water supplies, potentially leading to over-extraction of groundwater or surface
water (Ayele et al., 2023). Furthermore, urbanization contribute to both point source and non-
point source pollution. This pollution can induce contaminants such as nutrients, pesticides, and

heavy metals into water bodies, degrading water quality (Agrawal et al., 2021).

Forests play a crucial role in carbon sequestration and maintaining ecosystem services, and their
conversion to other land uses releases stored carbon (SOC) into the atmosphere, contributing to
global warming (Ameray et al., 2021; Hurteau, 2021). Thus, land use changes especially
deforestation and increased agricultural activities can contribute to greenhouse gas emissions
and exacerbate climate-related challenges. The reduction in SOC in significant proportions of
the study area (from 35% to 39%) indicated a loss of soil fertility, reduced carbon sequestration
capacity, and increased risk of soil degradation and vulnerability to erosion (de Blécourt et al.,
2019; Sheng et al., 2015). This is a critical concern for agriculture, as healthy soils are essential
for crop productivity.
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LULC can affect local microclimates, thereby leading to changes in precipitation patterns and
temperature extremes (Khan et al., 2020). The observed trends in climate variables, such as
declining rainfall and increasing maximum temperature, indicated the watershed's vulnerability
to climate change. This, in turn, may influences water availability (Konapala et al., 2020) and
drive changes in land use practices, such as shifting crop calendars or altering the suitability of
land for specific agricultural activities and reduced vegetation cover making the soil even more
vulnerable to erosion (Abdulmana et al., 2021; Mall et al., 2017). Similarly, intensified rainfall
events, often associated with climate change, can increase the risk of flooding and exacerbate

soil erosion (Tabari, 2020).

Moreover, the significant increases in temperature can exacerbate drought conditions, higher
evaporation rates from reservoir (e.g., Gidabo dam), reduce soil moisture and making it less
cohesive and more susceptible to erosion (Grillakis, 2019; Hermans & McLeman, 2021). As a
result, soil erosion is increased, leading to the loss of fertile topsoil which is detrimental to
agriculture, and the sedimentation of rivers and waterbodies that can degrade water quality and
disrupt aquatic ecosystems (e.g., lake Abaya), damage infrastructure and affect the functioning
of Gidabo irrigation reservoir. These changes can have far-reaching consequences for

agriculture, water resources, and the overall climate resilience of the watershed.

The variation in biophysical characteristics such as soil type, altitude and slope across the
watershed resulted in substantial influence on runoff patterns and soil erosion dynamics.
Different soil types have varying permeability, water-holding capacity and soil erodibility
(Mallick et al., 2016; Osman, 2013). Higher altitudes (e.g., southern and eastern part of the
watershed) receive more precipitation, and coupled with steeper slopes, intensified the runoff
velocity and increased erosion hazards as well as sediment transport while diminishing soil
stability. The results revealed the pivotal role of biophysical heterogeneity on runoff patterns
and identification of erosion susceptible areas within the watershed.

5.3.2. Socio-economic perspectives

The dominance of agriculture and agroforestry as livelihoods in the GW signifies their
importance to the local community. However, the assessment of land degradation using LDN
indicators indicated that a significant portion of the study area, particularly croplands
experienced a decrease in land productivity. The increase in soil degradation due to land use
changes can diminishes the nutrient-rich layer necessary for agricultural productivity (Du et al.,
2022). This can have adverse socio-economic impacts on local communities that depend on
agriculture for their livelihoods (Vavra et al., 2019). Declining soil fertility leads to reduced
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crop yields, increased production costs to maintain agricultural production, and potential
economic losses for rural communities (Mosier et al., 2021). Additionally, the sedimentation of
waterbodies can harm fisheries and water quality, affecting livelihoods and food sources
(Fetahi, 2019; Kjelland et al., 2015; Reddy & Osborne, 2022). Furthermore, as land becomes
less productive, there might be increased competition for the remaining arable land and water
resources, potentially leading to conflicts and social instability within local communities (Ariti
et al., 2015; Mekuria et al., 2018).

The continuous expansion of agricultural land can lead to short-term gains but may compromise
long-term sustainability of these practices and their impact on food security and rural
livelihoods if not managed carefully. This is because, the rapid population growth can lead to
increased land demand, competition for arable land, urbanization, and the conversion of
marginal lands into agriculture and settlements (Wassie, 2020). These trends may put additional
pressure on land resources, land disputes and could affect living conditions in the GW.
Moreover, the trend of increasing landscape fragmentation could exacerbate land degradation.

Rainfall and temperature are crucial meteorological variables for monitoring climate change
and its impacts (Stott & Strangeways, 2018). In Ethiopia, where rainfed agriculture plays a
significant role in the economy, understanding the spatial and temporal variability of climate
variables is essential for developing effective adaptation strategies. The decreasing trends in
mean annual rainfall results potential water scarcity issues in the watershed (Alehu et al., 2021;
Belihu et al., 2018; Mana & Abebe, 2023). This may lead to stress on local flora and fauna,
reduce crop yields and agricultural productivity, increased vulnerability to extreme weather
events, especially for rainfed agriculture, which is crucial for the livelihoods of many in the
watreshed. Additionally, climate change can negatively impact the availability of grazing land
for livestock (Godde et al., 2021), which is another vital component of the local economy. The
observed trends in climate variables can exacerbate the existing challenges and could be a
determining factor for various socio-economic issues affecting both rural and urban

populations, including food insecurity, poverty, income loss, migration, and unemployment.

5.3.3. Pathway to sustainable land management

The findings showed the complex interplay between climate change, land use change, and their

environmental consequences. Addressing these challenges requires effective land management

strategies, conservation practices, and adaptation measures to promote sustainable land use and

environmental resilience in the GW. Moreover, variations in biophysical attributes like soil

type, altitude, and slope exert substantial influence on runoff dynamics and soil erosion. This
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implies, understanding the local conditions of the study area and their interactions were crucial
for effective land and water resource management. For example, information such as soil types,
soil properties, and topographic features provides a baseline for assessing the suitability of land

for various uses, guide land use planning and conservation efforts.

Monitoring trends in rainfall and temperature is essential for climate change adaptation on soil
and water resources management. The decreasing trend in annual rainfall and the significant
increase in temperature are great concerns in the study area. The findings underscored the
urgency of climate monitoring and the development of adaptation strategies. These includes,
the implementation of sustainable water management activities such as water harvesting
techniques to store water for agricultural use during dry spells, and water-efficient methods
(e.g., drip irrigation) can help farmers adapt to erratic rainfall patterns and prolonged droughts
(Chartzoulakis & Bertaki, 2015; Srivastav et al., 2021). Moreover, promote climate-resilient
agriculture, planting a variety of drought-tolerant crops and diversify livelihoods to cope with
vulnerability to climate change (Acevedo et al., 2020). The implementation of crop rotation and
intercropping practices can enhance the resilience of the agricultural system to changing
precipitation patterns and temperature extremes, maintain soil health and reduce the risk of soil
degradation, and increase overall yield stability (Huss et al., 2022). Moreover, the inclusion of
future projections under different emission scenarios (RCP4.5 and RCP8.5) can help scenario-

based planning and preparedness for different climate change outcomes.

The findings on LDN indicators have significant importance in the context of sustainable land
management activities aimed at achieving LDN in the studied area. As a standard methodology
the findings can easily be compared with present and future findings elsewhere. To address the
land degradation issues in the GW, a comprehensive management strategy such as improving
land productivity, reducing land cover degradation, and enhancing SOC should be considered.
This includes the implementation of soil management and conservation techniques such as
terracing, cover cropping, crop rotation, the adoption of organic farming practices and
conservation agriculture practices that minimize soil disturbance and maintain crop residues
could help to retain SOC. Moreover, unplanned LULC change have far-reaching environmental
(e.g., land cover degradation and SOC loss) and socio-economic consequences in the GW.
Therefore, it is essential to implement adequate land-use planning strategies that balance
agricultural expansion with conservation efforts to ensure food security and sustainable land
use. This might include the implementation of afforestation and reforestation programs to
restore degraded areas, as forests can contribute significantly to stabilize land productivity,
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carbon sequestration as well as counteract deforestation trends (Ameray et al., 2021; Hurteau,
2021). Moreover, encouraging agroforestry practices that integrate trees with agriculture can
provides multiple benefits, including improved soil fertility, enhanced water retention, and
increased resilience to extreme weather events (Hassen, 2021; Temesgen et al., 2018). Trees
also provide shade and windbreaks, which can protect crops from climate change stress,

stabilize land cover and enhance ecosystem services.

The identification of spatial variability in soil erosion is critical for long-term planning and
management of land and water resources (Shivhare et al., 2018). This information allows for
the prioritization of resources and interventions in critical sub-basins to reduce soil erosion and
land degradation (Sinshaw et al., 2021). The fact that over 77% of the study area experiences
high to severe soil erosion rates indicates a pressing need for intervention. Particularly, most of
the southern and eastern parts of the watershed characterized as high-risk areas due to steep
slopes and relatively high rainfall. These findings emphasize the importance of targeted
management efforts in these areas to prevent further soil loss and its associated consequences.
Moreover, evaluating the effectiveness of different soil conservation practices in reducing
sediment yield is crucial for decision-making. This can help to identify the most effective
conservation measures for specific areas and informs resource allocation for soil erosion
control. In this context, the implementation of effective soil conservation practices, such as
terracing and contour farming (on sloping lands), soil/stone bund, and reforestation can reduce
runoff velocity and soil erosion, optimize water retention and stabilize the soil, and provide

socio-economic opportunities through sustainable land management.

Lake buffer zone management plays a crucial role in preserving the ecological integrity of lake
Abaya and its surrounding ecosystems while addressing the socio-economic problems
associated with it (Li etal., 2019; Wang et al., 2020). Therefore, proper buffer zone management
such as controlled land use practices (e.g., limiting agriculture and deforestation) and zoning
regulations can reduce fragmentation and maintain the natural balance of the critical ecosystem.
Moreover, the establishment of vegetative buffer strips along the lake's shoreline comprising
native plants and grasses can act as a natural filter and barrier, preventing pollutants such as
sediments, nutrients, and chemicals from entering the lake, and also stabilize the soil (Cole et
al., 2020; Mander et al., 2017). In essence, effective lake buffer zone management is a
fundamental strategy in ensuring the long-term sustainability of lake Abaya and the broader
environment it is a part of, benefiting both nature and human communities that rely on this

valuable resource.
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The effects of land use and climate change on surface runoff and soil erosion demonstrated the
need for integrated land management strategies. Some scenarios show reduced surface runoff
and sediment yield, likely due to the offsetting effects of climate changes. However, other
scenarios indicated increased runoff and erosion, emphasizing the importance of considering
both factors in mitigation and adaptation strategies. Therefore, effective land and water resource
management strategies should consider the biophysical characteristics, climate trends, land use
changes, and the impacts of both land use and climate change. Additionally, soil erosion
indicators play a crucial role in assessing and addressing land degradation, and integration in
LDN assessments can enhance the overall understanding of the degradation processes, allows
for the identification of areas at risk of erosion-induced land degradation and the formulation
of targeted strategies to mitigate erosion, enhance soil conservation, and ultimately achieve
LDN goals. Eventually, this helps policymakers and land managers to develop effective

strategies and policies to combat land degradation.

In general, the implementation of sustainable land management (SLM) activities requires
participatory approaches that balances environmental conservation with socioeconomic
development (Etsay et al., 2019; Haregeweyn et al., 2023). Collaboration and partnerships
between different stakeholders, including governments and non-governmental organizations,
local communities, and the private sector are essential. Particularly, community engagement
and active involvement in decision-making processes is crucial for the success of SLM
initiatives (Mengistu & Assefa, 2020). This can be achieved through education and awareness
campaigns, training programs, and the establishment of local conservation groups. Additionally,
it is essential to consider the cultural and socio-economic context of each community to adapt

SLM interventions that align with their needs and traditions (Mengistu & Assefa, 2020).

5.4. The nexus of land use change, climate dynamics, and land degradation

Land use, climate change, and land degradation are linked in a complex web of environmental
processes (IPCC, 2022; Simonsen, 2019). The interlinkage between LULC change study,
performance assessment of climate models, and land degradation trajectories is a crucial
framework to understand the intricate cause-and-effect relationships between these

environmental dynamics in the GW.

The results in chapter 2 revealed substantial LULC dynamics, with a significant expansion of

agriculture land and settlement at the expense of natural vegetations. This land use change can

alter the characteristics of the land surface, such as albedo, evapotranspiration, and carbon cycle

(Bai et al., 2023; Chu et al., 2022; Houghton, 2018). These changes gradually have direct
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impacts on regional climate, such as temperature and precipitation, which are essential variables
to evaluate the RCMs as discussed in chapter 3. This, in turn, can affect the performance of
regional climate models (RCMs) in capturing the observed climate patterns (Lakku and Behera,
2022; Sylla et al., 2013; Wu et al., 2020). Therefore, the findings from the LULC study can
provide valuable insights into the factors influencing the performance of RCMs in the GW, as
land use changes are one of the drivers of climate change. On the other hand, climate change
can also influence land use patterns. As temperature rise and extreme weather events become
more frequent, this can lead to shifts in land use in response to climate change (Sleeter et al.,
2018). Studies have shown that land and climate interact in complex ways through multiple
biophysical feedbacks (Jia et al., 2022). These feedbacks can create a self-reinforcing cycle,
where climate change induces further land use changes (Abdulmana et al., 2021; Mall et al.,
2017), which, in turn, exacerbate climate impacts, indicating the intricate and interconnected

relationship between land use and climate change.

Moreover, land use changes and unsustainable land management are the direct causes of land
degradation, with agriculture being a dominant sector driving degradation (IPCC, 2022), which
is a central concern discussed in chapter 4. Thus, the integration of LULC data into land
degradation assessments, can provide valuable inputs for models used to assess the extent of
land degradation processes. Moreover, it helps in predicting potential future scenarios, enabling
policymakers and land managers to implement land management strategies to mitigate land
degradation. Therefore, LULC modeling serves as an essential tool in the broader context of
land degradation assessments, as well as supporting sustainable land management and
conservation efforts (Gaur and Singh, 2023). The evaluation of climate models reveals varying
degrees of accuracy in replicating climate variables such as rainfall and temperature, which are
critical for assessing land degradation pathways, as discussed in chapter 4. Inadequate climate
modeling can lead to misinformed land use decisions and an increased risk of land degradation,
emphasizing the significance of selecting accurate models for impact assessments (Giorgi and
Gutowski, 2015; IPCC, 2014). This information is vital for selecting the most accurate models
that represent climate-related factors for impact assessment in the GW. The land degradation
assessment was relied on this to predict potential land degradation pathways, as changes in
precipitation and temperature can influence erosion and sediment yield. Therefore, the results
obtained from the RCM evaluation were crucial for understanding the links between climate

and land degradation in the watershed.
Land degradation, in turn, can intensify land use change, as deteriorating land quality may

112



necessitate further shifts in land use patterns, such as conversion of forests to cropland to
compensate for declining agricultural productivity (Hermans and MclLeman, 2021).
Additionally, in areas experiencing severe land degradation, rural populations may migrate to
urban areas in search of better livelihoods (Hermans et al., 2023). This can lead to increased
urbanization and changes in land use patterns. Land degradation resulted in the loss of valuable
ecosystem services, reduced carbon sequestration capacity, and increased vulnerability to
extreme weather events (IPCC, 2022). This, in turn, contributes to climate change through the
release of stored carbon, exacerbating greenhouse gas emissions and alterations in climate
patterns (Shukla et al., 2019). Simultaneously, changes in land use and climate can exacerbates
land degradation process. This feedback loop creates a vicious cycle, resulted in significant
ecological, economic, and social consequences as discussed in section 5.3.

In conclusion, the interconnection between land use, climate change, and land degradation
implies the need for integrated and sustainable land and water resource management strategies
(as discussed in section 5.3.3), policies and practices to protect the watershed's land and water
resources. Therefore, the study provides valuable insights for policymakers, land managers, and
conservationists in addressing the challenges posed by these interconnected environmental

issues and developing effective strategies for adaptation and mitigation.

5.5. Scientific contributions

This study employed a comprehensive methodology and provided scientific foundation to
understand, monitor, and mitigate soil erosion and land degradation processes. The primary
contribution of this study lies in its forward-looking approach to model and simulate future
LULC changes in the GW, employing advanced geospatial techniques, and revealing the
environmental and socio-economic implications of these changes. While previous studies had
provided valuable insights into historic LULC changes, this study goes a step further to simulate
LULC dynamics for the future. In this context, the study addressed a critical gap in the existing
literature by focusing not only on historical LULC changes but also on predicting future trends
for the years 2035 and 2050. This future-oriented perspective is crucial for decision-making in

land and water resource management.

Moreover, the study employed advanced geospatial techniques and machine learning

algorithms (MLP) to model the future LULC changes. The study considered various driver

variables, including topography features, proximity variables, and population density to

understand the factors influencing LULC changes in the GW. The use of MLP allows for the

modeling of complex patterns and behaviors in LULC dynamics, provides a more accurate and
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robust prediction of future changes. The high classification accuracy (>80%) ensured the
reliability of the results, making them valuable for policymakers, land-use planners, and
hydrologists.

The findings of the study provided valuable insights into the performance of multiple RCMs in
replicating key meteorological variables, such as rainfall and temperature patterns. The
assessment revealed variations in model performance, with some models better replicating
observed patterns while others exhibit overestimation or underestimation. Importantly, the
study underscored the significance of understanding how different RCMs perform in climate
impact assessment studies, as model uncertainties can greatly influence projections of climate
change. Additionally, the study identified trends in rainfall and temperature, indicating changes
in climate conditions over time. These insights can contribute to a better understanding of
climate dynamics in the GW and aid in developing strategies for mitigating the impacts of

climate change.

The other notable contribution in this study lies in its integrated approach to assess the land
degradation pathways from 1990 to 2060. The study considered the individual and combined
effects of climate and land use change on surface runoff and soil erosion, identified erosion
hotspots, assessed LDN indicators, and evaluated the effectiveness of soil conservation
practices in reducing sediment yield. These findings provided valuable insights and guidance
for conservation efforts in the study area at present, near and mid-term while indicating what
need to be done in the future based on the scenarios considered. This will contribute to the
broader scientific knowledge on the complex interactions between climate, land use, and soil

degradation.

5.6. Conclusions

The study presented a detailed understanding of the LULC changes, climate variability and
their impacts on soil erosion indicators, and land degradation dynamics. The study encompasses
historical perspective from 1985 to 2021 and extends into future predictions up to 2060,
employing multidisciplinary approach integrating remote sensing, statistical and geospatial
analysis, and hydrological modeling. The observed LULC changes over the past 36 years
indicated a significant shift, with agriculture and agroforestry dominating at the expense of
forests, shrubs, and grasslands. The study predicted continued expansion of agricultural land,
agroforestry, and built-up areas, accompanied by a reduction in forest, grass, and shrub land
between 2021 and 2050. Furthermore, the evaluation of 11 CORDEX-Africa RCMs and their
mean ensemble in reproducing rainfall and temperature patterns over GW revealed varying
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performance across different models. Despite overestimations and underestimations in
replicating observed climate variables, certain models, such as RACMO22T (EC-EARTH),
CRCMS5 (MPI), CCLM4-8 (CNRM), and REM0O2009 (EC-EARTH), exhibited better overall
performance. The findings revealed the importance of correcting systematic biases in RCM
outputs and building ensembles with the best-performing models for accurate climate change

impact assessments studies.

The integrated approach using the SWAT model and Trends.Earth elucidated the environmental
challenges faced by GW, including soil erosion and land degradation indicators. Historical
LULC changes contributed to increased surface runoff and sediment yield, driven by
agricultural expansion and deforestation. Future projections also indicated further increases in
runoff and sediment yield due to ongoing land-use changes. However, most of the climate
change scenarios under the RCP4.5 and RCP8.5 showed a decline in surface runoff and
sediment yield. The interplay between land use and climate change yields varied outcomes with
some scenarios showed increases in surface runoff and sediment yield, indicating a synergy
between land use change and climate change, while certain future scenarios showed decreases
in surface runoff and sediment vyield, indicating the offset effect of climate changes.
Additionally, the LP showed a decline, and LC degradation and SOC loss were increased from
1985-2003 to 2003-2021. The integration of soil erosion indicator into LDN assessments can

complement the existing sub-indicators.

Furthermore, the study evaluated soil conservation practices and identified soil/stone bund as
the most effective measure for reducing sediment yield, followed by terracing, contour farming,
and reforestation. Overall, the findings emphasized the critical need for proactive measures to
address the adverse consequences of unplanned LULC changes, climate variability, and soil
erosion in the GW. This might include the integration of LULC and climate change
considerations for comprehensive planning and sustainable management to address the
complex challenges faced by the watershed. The outputs attained in this study provide valuable
information for stakeholders, enabling the development of effective land and water resources

conservation strategies in the future.

5.7. Limitations of the research and future directions

The study covered a range of topics and provided valuable insights into the land degradation
trajectories and potential management alternatives in the GW. Additionally, the following issues
and recommendations should be considered for further research to fully understand and enhance

the robustness of the findings:
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The future LULC predictions were performed based on a Business-As-Usual (BAU)
scenario which assumes a continuation of current trends. Moreover, the study used limited
key drivers of LULC change, such as topography, proximity, and population density due to
the scarcity of dynamic variables. Thus, future research in this area could delve to
incorporate additional variables, such as policy changes and economic factors, and explore
different scenarios beyond the BAU model, including sustainable development and
conservation scenarios into the modeling process. This would provide a more wide-ranging
picture of the LULC changes and future possibilities.
Though climate change and land use change are interconnected processes, the study did not
directly investigate the synergetic effects of the two factors. Therefore, future research
efforts should aim to investigate the synergetic effects of climate change and land use
change, ultimately informing more effective strategies for sustainable land management and
adaptation to environmental change.
RCMs are subjected to ongoing development and improvements. Focusing solely on
frequently used RCMs may overlook the potential benefits of less frequently used models
or newer models that address known issues or provide better performance. Therefore,
pursuing comparative studies that evaluate the CORDEX-Africa RCMs alongside other
RCMs can provide a comprehensive insight into model strengths and weaknesses. The
findings were limited by observed data availability. Extending the analysis to longer
timeframes is essential for understanding long-term climate trends and their implications.
Thus, future research could explore alternative data sources like remote sensing data.
While the use of the SWAT model and Trends.Earth platform is a valuable approach, these
models rely on various input parameters and the accuracy of the results is highly dependent
on the quality and availability of data. Therefore, future research should focus on validating
the model outputs through field measurements and ground-truthing to improve the accuracy
of the predictions.
The study evaluated the effectiveness of various soil conservation practices in reducing
sediment yield. While this is important information, it would be valuable to assess the
economic feasibility and social acceptability of implementing these practices.
Understanding the barriers to adoption and the socio-economic implications of conservation
measures can help in designing more effective land management strategies.
The study primarily focused on the biophysical aspects of land degradation, such as soil
erosion and LDN indicators driven by climate and land use changes. However, land
degradation is a multidimensional issue often influenced by socio-economic factors and
116



policy decisions. To develop integrated strategies that address multiple aspects of land
degradation simultaneously, future research should expand its scope to include socio-
economic variables and policy scenarios. This would involve assessing the human drivers
of land degradation, such as population growth, land management practices, and policy
interventions. These future analyses can be of crucial importance for gaining a more detailed
understanding of the multidimensional pattern of land degradation.

LDN indicators are typically designed to assess trends in land degradation and restoration.
While these indicators can provide valuable information about the state of the land, they
may not directly capture all the chemical, physical, and biological changes occurring within
the ecosystem. Similarly, soil erosion assessment primarily addresses the physical aspect of
land degradation by focusing on the loss of soil. While soil erosion can indirectly affect
chemical and biological characteristics of the soil, it may not directly capture all the changes
occurring within the soil. Therefore, it's important to complement these approaches with
other indicators that capture a broader range of changes in chemical, physical, and
biological characteristics of the landscape. Such a deep understanding is vital for enhancing
the scientific support used in the implementation of policies designed to protect, restore and
rehabilitate degraded lands.
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Annex
Table Al. Standard normal homogeneity test result of mean annual rainfall

Station name TO p-value Hypothesis
Dilla 4.76 0.224 HO
Hagereselam 1.291 0.927 HO
Haisawite 1.288 0.925 HO
Yergalem 5.008 0.133 HO
Yergacheffe 2.513 0.518 HO
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Figure Al. Double mass curve of mean annual rainfall
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Figure A2. The spatial pattern of projected mean annual rainfall under RCP4.5 and RC8.5
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Figure A3. The spatial pattern of projected mean annual temperature under RCP4.5 and RC8.5

Table A2. Summary of land degradation indicators based on SDG 15.3.1

1985-2003 2003-2021
Land degradation indicator Area Percentof  Area Percent of

(sq km) land area (sq km) land area
LP indicator
Land area with improved productivity  38.8 1.58% 4.3 0.17%
Land area with stable productivity 2,045.2 83.21% 1,642.3 66.81%
Land area with degraded productivity ~ 359.0 14.61% 796.5 32.40%
Land area with no data for productivity 14.9 0.61% 14.9 0.61%
Total land area 2,458.0 100% 2,458.0 100.00%
LC indicator
Land area with improved land cover 305.1 12.41% 262.5 10.68%
Land area with stable land cover 1,270.6 51.69% 1,156.3 47.04%
Land area with degraded land cover 882.4 35.90% 1039.2 42.28%
Land area with no data for land cover 0.0 0.00% 0.0 0.00%
Total land area 2,458.0 100.00% 2,458.0 100.00%
SOC indicator
Land area with improved SOC 306.7 12.5% 291 11.84%
Land area with stable SOC 1290.4 52.5% 1,196.10 48.66%
Land area with degraded SOC 848.6 34.52% 958.6 39.00%
Land area with no data for SOC 12.3 0.50% 12.3 0.50%
Total land area 2458.0 100.00% 2458.0 100.00%
Combined indicators
Land area improved 336.8 13.70% 305.2 12.42%
Land area stable 1,005.8 40.92% 758.2 30.85%
Land area degraded 1,096.6 44.61% 1,375.80 55.97%
Land area with no data 18.8 0.76% 18.8 0.76%
Total land area 2,458.0 100.00% 2,458.0 100.00%
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Figure A4. Dotty plots of most sensitive parameters considered for SWAT calibration (Note:
For each dotty plot, the X-axis represents the parameter’s value for each simulation and the Y-
axis represents the corresponding NSE values).
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