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Abstract 
Evapotranspiration (ET) is the second most important element of the hydrological cycle after rainfall. Despite 

rising attention in hydrological responses to environmental change, limited extensive evaluations of AET have 

been conducted in the study watershed that integrates the combined influences of LULC  and climate change. 

Previous research has largely focused on broader areas, such as the LTSB and the Abbay Basin, offering a limited 

understanding of localized relations between these factors. Therefore, this study investigates the synergistic 

impacts of LULC dynamics and climate change on AET within the Guna Tana Watershed (GTW) using the 

physically based MIKE SHE hydrological model, aiming to improve understanding of watershed-scale 

hydrological responses under future environmental conditions. ENVI 5.3 and QGIS 2.18.15 were used to assess 

the LULC classification and prediction, respectively. Ensembles of GCM were used after bias correction, and 

calibration of the model was done using streamflow. Agriculture was expanded from 2047.02 km2 to 2268.82 km2, 

whereas forest will decline to 103.38 km2 from 127.64 km2 in the 1991-2021 period. Built-up showed the least 

amount of coverage (0.02%, 0.11%, and 0.31%). The results of the calibration and validation show that MIKE 

SHE is capable of modeling the AET effectively. Excellent results were indicated in two watersheds by both 

calibration and validation (R =0.87-0.94). The rise in AET may be detrimental to the watersheds because it reduces 

streamflow and groundwater recharge.  Moreover, soil moisture stress increases the risk of drought. Projected 

changes in AET relative to the baseline period indicate increasing trends in both the Gumara and Ribb watersheds 

under future climate scenarios. In the Gumara watershed, mean annual AET is expected to rise moderately, with 

increases of 3.25% and 1.19% in the 2020s and 2050s under SSP2-4.5, and 5.09% and 8.01% under SSP5-8.5. 

The Ribb watershed shows a stronger response, with AET increasing by 16.92% and 19.30% under SSP2-4.5, and 

14.13% and 22.07% under SSP5-8.5. All of this presents problems for the environment and water balance 

downstream, such as Lake Tana. Future research should include additional climate models and ground truth data 

regarding plant characteristics to increase model accuracy and reduce uncertainty. 
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1. Introduction 

Terrestrial ET, the second most imperative 

component of the water cycle after rainfall, has 

been well documented around the globe. It 

absorbs around 60% of the energy, returns 

approximately 70% of the precipitation, and 

contributes a total water loss of nearly 50% (Ji et 

al., 2024; Ma & Szilagyi, 2019). ET is an 

indispensable feature for the energy budget of 

atmospheric systems. Adequate water and higher 

agricultural output levels are required for the 

increasing global population (Sinha et al., 2021). 

For this reason, developing effective regional 

management devices needs precise measurement 

of ET (Ghaderi et al., 2020). However, the direct 

measurement is complex (Nunno & Granata, 

2023), and the estimation of all water balance 

components, especially ET, is necessary for 

meticulous irrigation planning (Granata, 2019).  

For crop and water management, the valuation 

of AET is a basic task (Senay et al., 2020). It is 

pivotal to quantify AET in natural vegetation to 

assess the water status of ecosystems and water 

use in basins (Awada et al., 2021). A precise 

estimate of AET and determining its major 

influences is decisive (Cao et al., 2023). 

Nevertheless, the ET is affected by changes in 

LULC and climate (Omondi et al., 2019). The 

altering characteristics of AET, which accounts 

for nearly 59% of global precipitation, and its 

impacts are at the forefront of climate variation 

studies (Hong et al., 2023). 

An issue facing planners and managers of 

water resources is the future availability and 

demand for clean water. This irresolution is being 

exacerbated by changes in LULC and climate, 

which are probably to modify the frequency of 

HPs (Kuma et al., 2021). For effective WRM, 

land use planning, and sustainable development, 

it is essential to comprehend the hydrological 

responses to past and projected LULC change 

(Ayalew et al., 2024). Understanding the 

tweaking in land use influence on ET is a 

herculean task (Zheng et al., 2020). Recently, 

LULCC-induced ET alterations have been 

focused on with specific interest (Qilin et al., 

2021). In arid and semi-arid regions, accurate ET 

estimation is vital for managing water use, 

irrigation, and droughts (Abbasi et al., 2021). 

Nonetheless, there is conflict among the LTSB 

water users, particularly concerning agricultural 

output (Taye et al., 2021). This is why sub-basins 

need to measure the LULC and climatic impact 

on AET. 

GCMs are applied to exemplify the present 

and future changes in climate. Since 2013, the 

CMIP has continued to release new datasets. 

CMIP6, compared with CMIP5, offers datasets 

with higher spatial resolution and more advanced 

algorithms, improving the accuracy of climate 

projections (Seifu & Eshetu, 2024). To predict 

future climatic variables, GCMs play a vital role, 

but the spatial resolution is a matter of concern. 

As a result, the raw outputs of GCM become 

inappropriate for catchment and indecisive 

regional-scale studies (Deb et al., 2018). GCM 

outputs are fully biased and are seldom used 

directly. Systematic errors, coarse spatial 

resolution, and simplified physics and 

thermodynamics are sources of biases in the 

simulations of climate models (Das et al., 2020). 

However, the problem can be solved by BC, 

which is desirable to minimize the error (Chen et 

al., 2018). Quintile mapping (QM) has been 

employed in bias-corrected projection for the 

GCMs (Afzal & Ragab, 2020). In climate 

alteration influence studies, an ensemble of GCM 

outputs is often used to illustrate a reasonable 

range for upcoming climate conditions (Seo et al., 

2019). 

 HM models (HM) are usually used to estimate 

the areal AET next to calibration using observed 

discharge (Birhanu & Kim, 2019). Some of the 

HPs in a watershed that are mostly modeled by 

the HM are groundwater and stream discharge, 

infiltration, and ET (Adjei et al., 2023). Many ET 

studies using HM have been undertaken around 

the globe (Ahn et al., 2018; Chen et al., 2024; 

Marek et al., 2016) using the SWAT model, 

CLIME-MG (Gisolo et al., 2022), and VIC to 

estimate AET (Gao et al., 2020).  In Ethiopia, 

some of the research has been done in, Melka 

Kuntre watershed (Mekonnen et al., 2021), Bilate 

River Basin (Nannawo et al., 2022), Bebeks and 

Shina area in LTSB using the Hydrus model 

(Beyene et al., 2018). However, in the LTSB, ET 

has not been given much privilege. In recent 

years, several researchers have contributed to 

using MIKE SHE HM, which is an advanced and 

adaptable framework (Wang et al., 2023). 

The relation between surface ET and climate 

warming is complex; consequently, resolving this 
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issue could increase the understanding of the 

terrestrial water cycle (Zhang et al., 2019). The 

world's warming is observed due to climate 

change, and this will raise AET, further depleting 

the planet's finite water supplies (Ajjur et al., 

2021; Kundu et al., 2018; Hyandye et al.,2018). 

AET is an essential element of the global water 

and energy system (Yang et al., 2020) and has a 

substantial effect on regional climate 

characteristics (Peng et al., 2019; Xiong et al., 

2019). Reliable estimations of AET are beneficial 

for sustainable WRM, including irrigation 

planning, drought assessment, and predicting the 

demand for water in vast farmland (Demirel et al., 

2018). Understanding human activity and climate 

change implications on energy and water fluxes 

in ecosystems is decisive. Research on ET's 

response to LUCC and climate tweaking is also 

indispensable (Hejia et al., 2019).  

The shifting patterns of land use brought about 

by the growth of agricultural land require a 

crucial observation in Ethiopia (Dufera & 

Brijesh, 2023). LULC changes are a major 

environmental concern in Ethiopia, where 

agriculture is the key pillar of the economy. 

Previous studies have documented considerable 

changes in LULC across the country since the late 

20th century (Liyew et al., 2019). Understanding 

climate variability and how it affects hydrological 

elements requires a thorough analysis of how it 

affects ET (Yang et al., 2017). Accurate data on 

every element of the hydrological cycle is 

necessary to effectively manage water resources 

(Rahim et al., 2012). However, in many areas of 

Ethiopia, there are not enough meteorological 

stations to estimate geographically suitable 

reference ET, and the absence of spatial 

heterogeneity in crop coefficient is a glaring 

obstacle to effective irrigation water management 

(Mebrie et al., 2023). Because of this, estimating 

ET is valuable for water yield, water resources, 

and ecosystem services management. According 

to Abebe et al. (2022), ET constitutes about 58% 

of water loss in the Abay basin. Conversely, 

Mohamed et al. (2025) reported that AET 

represents 40%.  

The Abay Basin is regarded as one of 

Ethiopia's major basins (Worqlul et al., 2018). 

Ethiopia's government designated the LTSB as a 

growth corridor (Kindie et al., 2019).  

Furthermore, the LTSB is a source of the Abay 

basin and is regarded as the main economic zone 

because of its considerable capability for tourism, 

agriculture, and additional economic activity 

(Getachew & Manjunatha, 2021). Exploring and 

comprehending the variability in AET is 

challenging, and the multifaceted connections 

among terrestrial storage, vegetation, climate, 

and human activity cause temporal variability in 

AET (Wu et al., 2017). The AET under the 

influence of both climate and land use has not 

been studied yet in GTW.  This study's primary 

objective was to assess how land use and climatic 

variation affect AET in GTW using MIKE SHE. 

The use of MIKE SHE in conjunction with LULC 

and CMIP6 data shows a robust scientific 

methodology (Farjad et al, 2017).  The research 

gains depth when hydrological modeling and 

climatic projections are combined. In the future, 

Surface water balancing, project management, 

and irrigation water management in GTW will all 

benefit from a scientific understanding of how 

LULC and climate change affect AET. 
In the study watershed, there has been no 

detailed assessment of AET that considers the 

combined effects of LULC change and climate 

change. Most previous studies have focused on 

larger areas, such as the Lake Tana Sub-Basin 

(LTSB) or the Abbay Basin, leaving a limited 

understanding of how these two factors interact to 

influence AET at the local watershed scale. 

Therefore, this study investigates the Synergistic 

impact of LULC and climate change in GTW. 

 

2. Materials and Methods 

2.1 Study area 

GTW is found in Ethiopia, South Gondar, with 

the Gumara and Ribb rivers starting from the 

Guna Mountain and flowing westward (Mulatu et 

al., 2021). The watershed is located in ‘‘37 30 to 

38 10 east and 11 30 to 12 20 north’. The 

gauged area of the GTW is 2597.11 km2, but the 

entire area of the GTW is 3548.4 km2 (Figure 1) 

and (Fetene et al., 2023). Only the upper part of 

the rivers is gauged (Alemu et al., 2020), and 

every modeling process was carried out in the 

gauged area. The GTW climate is experiencing 

the tropical highland monsoon (Berhanu et al., 

2024). The highest point of the GTW is Guna 

Mountain, 4100 m above sea level (Teressa et al., 

2021).
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Figure 1. Study area map  

 

2.1. Hydro-Meteorological data 

The National Meteorological Institute (NMI) 

provided the meteorological data from 1985-

2014, including rainfall, temperature, sunshine 

hours, relative humidity, and wind speed for three 

stations. For the others, only temperature and 

rainfall were gained. Ministry of Water and 

Energy (MoWE) and Abay Basin Authority 

provided streamflow data for the Gumara and 

Ribb gauge stations. GCPs were collected during 

field visits, and GCM data were downloaded 

from the WCRP (World Climate Research 

Program) CMIP6 archive1(Kim,2024), with the 

baseline period was 1985-2014 and the future 

period of 2016-2075. Systematic biases 

significantly contribute to the inaccuracies 

observed in climate forecasts, highlighting the 

necessity of applying bias correction (BC) 

methods (Yuning et al., 2025).  BC was done for 

the downloaded GCM in the climate model data 

for hydrological modelling (CMhyd) using QM. 

Due to its strong capability to adjust the 

cumulative results from climate models 

distributed to correspond with observed data, QM 

has become a commonly applied BC method (Wu 

et al., 2023).  

 
1 https://esgf-node.llnl.gov/search/cmip6  
2 https://earthexplorer.usgs.gov 

Before being used as input for the model, the 

homogeneity of the mean annual rainfall data was 

examined using the Pettit and Standard Normal 

Homogeneity test (SNHT) at the 95 percent 

confidence level. All of the records were 

homogeneous, according to the results. 

 
2.2. Remote sensing data 

Landsat images of level 1 for the years 1991, 

2007, and 2021 were acquired from the USGS 

Earth Resources Observation and Science Center 

via the Earth Explorer platform2 (Lanfredi et al., 

2022) during clear skies to minimize cloud 

interference and improve image quality. The 

DEM data were downloaded from Alaska 3 .  

Satellite remote sensing data were processed in 

ENVI software to produce detailed LULC maps 

of GTW. Soil types for the watersheds were 

downloaded from the Food and Agriculture 

Organization4 . 

 

2.3. Accuracy assessment and confusion 

matrix 

Finding the reliability of a LULC mapping is a 

crucial step. The quality of the satellite-based 

LULC mapping is largely determined by the 

3 https://asf.alaska.edu/data-sets/sardatasets/alos-

palsar  
4 https://www.fao.org/soils-portal 

https://esgf-node.llnl.gov/search/cmip6
https://earthexplorer.usgs.gov/
https://asf.alaska.edu/data-sets/sardatasets/alos-palsar
https://asf.alaska.edu/data-sets/sardatasets/alos-palsar
https://www.fao.org/soils-portal
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accuracy (Al-Dousari et al., 2023). The predicted 

overall accuracy and Kappa index have been used 

to evaluate the categorization correctness of 

satellite images.  

To evaluate accuracy, a post-classification and 

confusion matrix were performed. The matrix 

was used to analyze changes in land usage over a 

certain time frame. According to land use data in 

1991, 2007, and 2021, the area of different land 

types and confusion matrices (1991–2007, 2007–

2021, and 1991–2021)  (Wu et al., 2024). It is 

feasible to illustrate the shifting features of the 

land use matrix to describe the conversion 

relationship between land use categories during 

different periods in the GTW, as well as the 

direction of reciprocal transfer. This will reflect 

the trend of land use type transfer (Li et al., 2024). 

Sij = 

[
 
 
 
𝑆11 𝑆12 … 𝑆1𝑔

𝑆21 𝑆22 … 𝑆2𝑔

⋮
𝑆𝑘1

⋮
𝑆𝑘2

⋯ ⋮
⋯ 𝑆𝑘𝑎]

 
 
 
 (1) 

Where Sij denotes the land use status, and k 

and g are different land use categories. 

 

2.4. Image classification and prediction 

To classify the LULC, supervised 

classification using a support vector Machine 

(SVM) has been used. SVM is an effective 

technique for image classification since it 

requires fewer samples and is less prone to 

correlated bands than the maximum likelihood 

(MLC) (Amare et al., 2023). Using the layer stack 

feature in the ENVI 5.3 software, the satellite 

images were layered into a single layer. The 

software ENVI 5.3 was used to preprocess 

Landsat images for atmospheric correction, layer 

stacking, and mosaicking. The Landsat ETM+ 

image stripping lines were removed with QGIS 

using image enhancement algorithms. After 

mapping and measuring accuracy for 1991, 2007, 

and 2021, LULC was predicted for 2035 and 

2049 by using QGIS 2.18.15. Cellular automata 

(CA) investigate local LULC circumstances 

using recent LULC data rather than a variety of 

historical data (Soumya & Neeta, 2023). Using a 

CA-ANN (artificial neural network) model, the 

future LULC has been examined (Rahman & 

Rahman, 2023). QGIS plugin MOLUSCE was 

used to forecast and fix potential LULC change 

for 2035, 2049 (Amgoth et al., 2023). 

 

2.5. The CMIP6 model and bias correction 

The four socioeconomic factors influencing 

the Shared Socioeconomic Pathways (SSPs) are 

population, education, urbanization, and 

economic development. CMIP6 offers climate 

model projections reflecting various 

socioeconomic pathways and climate change 

impacts. The possible outcomes indicated that, if 

the maximum emission scenario is implemented, 

the temperature would rise by 1.5◦C in 2021–

2040 and 3.3–5.7 ◦C in the long future 2081–2100 

(Siabi et al., 2023). Using an ensemble of seven 

models, the AET under the impact of 

anthropogenic and climate variability in the GTW 

was estimated under SSP2-4.5 and SSP5-8.5 

between 2016 and 2075 (Fetene et al., 2024). The 

GCM forecasts were made employing an 

ensemble of models in order to minimize 

uncertainty (Gholami et al., 2023), and the GCM 

models were selected based on their performance. 

Additionally, the seven CMIP models were 

selected based on the accessibility of data for both 

historical and forthcoming periods on the SSP2-

4.5 and SSP5-8.5 in  r1i1p1f1 labels. SSP2-45 

and 5-85 were chosen because they are scenarios 

with medium and high emissions, whereas SSP1-

1.9 and SSP1-2.6 are less susceptible (Shiru et al., 

2022). 

The models were bias-corrected before being 

applied to climate variability impact assessment. 

BC is essential for improving the accuracy of 

CMIP6 model simulations and has important 

ramifications for disaster risk reduction, WRM, 

and climate influence analyses (Addisuu et al., 

2025). BC is an important step in using Earth 

systems model outputs for evaluations, adjusting 

systematic errors by comparing them to 

observations (Ganguli et al., 2025). 

 

2.6. Hydrological Model Setup 

The AET change process can be accurately 

replicated using the hydrological modeling, 

which also distinguishes between the effects of 

land use and climate dynamics on the HPs.  It is 

unable to fully investigate how Land use 

dynamics affect the AET change, though (Lu et 

al., 2024).  To guesstimate the current and future 

AET changes in the GTW MIKE SHE software 

was used. In accordance with the supplied data's 

accessibility, the MIKE SHE operational 

structure's flexibility permits the employment of 
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any number of water cycle components (Rahim 

& Yusoff, 2023). The MIKE SHE model 

evaluates ET, surface flow, unsaturated flow, 

saturated flow, subsurface flow, and channel flow 

(Werede et al., 2024) as well as their 

interconnections (Li et al., 2022).  

MIKE SHE simulates AET based on empirical 

parameters, Leaf Area Index, and rooting depth 

for each species of vegetation using the 

Kristensen-Jensen technique (Sharma et al., 

2024) and a two-layer water balance method. In 

the MIKE SHE model, the ET rate, the vegetation 

properties, and the soil moisture can be 

calculated. In MIKE SHE, the 2-layer  water 

balancing approach has been used to model the 

AET using Equation 2 (Patel, 2018; Shing et al., 

2021). 

𝐴𝐸𝑇 = 𝐸𝑐 + 𝐸𝑝 + 𝐸𝑢 + 𝐸𝑠 (2) 

Ec is evaporation from canopy storage, Ep is 

evaporation from soil, Eu is the daily ET amount 

from the unsaturated zone, and Es is the daily ET 

from the saturated zone. 

 

2.7. Calibration of the hydrological model 

Regarding HM's response to historical and 

observed data to be matched, the model's 

parameter values need to be calibrated. Typically, 

a small number of stations' worth of observed and 

simulated runoff are compared to calibrate the 

model (Pan et al., 2018). A completely distributed 

model with several components is difficult to 

calibrate; thus, for the calibration process, only a 

small number of sensitive factors were selected. 

These settings were determined through manual 

sensitivity analysis (SA) (Vu et al., 2017). Since 

SV is important for lessening and evaluating 

uncertainty in computer-based models (Duan et 

al., 2019).  In the MIKE SHE model, 

Mannings_M, RD, LAI, and crop coefficient 

(Kc) are pivotal parameters for AET. To evaluate 

the accuracy between simulated and observed 

discharge, the Nash-Sutcliffe efficiency (NSE)  

index has been developed (Lee et al., 2018). 

Figure 2 shows the overall workflow for this 

investigation. 

 

 
Figure 2. Flowchart of methodological processes 
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+3. Results and Discussion 

3.1. LULC classification and assessment of 

accuracy 

LULC is a compulsory input for the majority 

of analysis and prediction activities; it is a critical 

spatial data source (Puttinaovarat et al., 2025). 

Since LULC categorization is one of the key 

subjects in remote sensing, accurate information 

on a region's LULC change is necessary for any 

country to plan and manage its resources 

effectively (Tarafdar et al., 2025). Built-up, 

shrubland, water body, farmland, grassland, 

forest, and bareland were the land use types used 

to categorize the downloaded Landsat pictures of 

the GTW for the years 1991, 2007, and 2021.  In 

1991, 2007, and 2021, agriculture accounted for 

78.82%, 82.81%, and 87.34% of the watershed 

area, respectively (Table 1). The minimal area 

coverage was perceived by built-up (0.02%, 

0.11%, and 0.31%), surpassed by water bodies 

(0.12%, 0.17%, and 0.6%) in 1991, 2007, and 

2021, respectively. 

 
Table 1. Land use class of GTW 

 1991 2007 2021 

Area (km2 ) Area (%) Area (km2) Area (%) Area (km2) Area (%) 

Built-up 0.51 0.02 2.82 0.11 8.08 0.31 

Forest 127.64 4.91 95.18 3.66 103.38 3.98 

Water 3.18 0.12 4.42 0.17 15.61 0.60 

Agriculture 2047.02 78.82 2150.56 82.81 2268.33 87.34 

Grassland 180.96 6.97 127.38 4.90 95.65 3.68 

Shrubland 153.72 5.92 123.58 4.76 70.38 2.71 

Bare Land 84.17 3.24 93.17 3.59 35.69 1.37 

Total 2597.11 100.00 2597.11 100.00 2597.11 100.00 

Maintaining map accuracy is essential since a 

map is incomplete without a thorough 

understanding of its accuracy.  An accuracy range 

of 85 to 90% is typically regarded as the norm for 

accurately classifying various land cover 

categories (Doost & Yaseen, 2025).  The error 

matrix was created by acquiring GCP data from 

the field and Google Earth Pro in ArcGIS 

software. Elder community interviews were also 

utilized. Kappa statistics, user accuracy, producer 

accuracy, and total accuracy were used to assess 

the model's performance. The producer accuracy 

ranged from 0.73 to 0.95. The kappa statistics for 

GTW were 0.81, 0.86, and 0.9 in 1991, 2007, and 

2021, respectively. Accurate LULC data are 

critical for monitoring land use alteration driven 

by environmental and human interaction. LULC 

change studies are important for tracking SGDS 

and climate impact. 

 

3.2. Change detection and prediction 

The built-up, agricultural, and water bodies 

show a gradual progression during the previous 

three decades. In 1991-2007, the built-up up 

noticed a 452.94% increase in percentage, but the 

forest decreased by 25.43% (Table 2). The 

outcomes of this study indicate that between 2007 

and 2021 built-up area upsurge by 186.52%, 

agricultural land by 5.48%, and forest by 8.62%, 

while the area of the shrubland decreased by 

43.05%. Grasslands and shrublands show 

declining conditions (Table 2). The trends for 

forest land were inconsistent, declining from 

1991 to 2007 and then rising from 2007 to 2021. 

A minor increase in forestland was observed in 

the watershed over the period 2007-2021. This 

change may be basically due to the increase in 

eucalyptus plantations as an income for the 

community (Moges & Bhat, 2017) in the 

upstream of the GTW. A comparable mode is 

witnessed in Guna Mountain, the upper part of the 

watersheds (Belay et al., 2022).  The construction 

of an artificial reservoir such as Ribb Dam, which 

spans 9.78 km2, could be the cause of the water 

body area's startling expansion in 2021  

(Alebachew et al., 2022). 

The projection of LULC is subject to the 

uncertainty of factors, including population 

growth, economic expansion, and policy changes.  

Furthermore, sources of uncertainty include 

model uncertainty and data error, like noise and 

resolution in remote sensing (Chen et al., 2022). 

However, by utilizing the machine learning 

classifier SVM for classification and CA-ANN 

for prediction, in addition to the accuracy 

evaluation, the uncertainty was decreased. 
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Table 1. Detection of changes in land use 

Land use classes 
% Change during 

1991-2007 

% Change during 

2007-2021 

% Change during 

1991-2021 

Built-up 452.94 186.52 1484.31 

Forest -25.43 8.62 -19.01 

Water 38.99 253.17 390.88 

Agriculture 5.06 5.48 10.81 

Grassland -29.61 -24.91 -47.14 

Shrubland -19.61 -43.05 -54.22 

Bare Land 10.69 -61.69 -57.60 

The future land uses were predicted by QGIS 

2.18.15 using the MOLUSCE plugin for 2035 

and 2049 years. Agriculture and water bodies 

increased dramatically in both watersheds, 

whereas grassland and shrubland decreased. 

Comparing 2035 to 2049 land use, bare land, 

built-up, agriculture, and forest indicate 

incremental trends, while the shrubland and 

grassland indicate a reduction trend. 

 

3.3. Calibration and Validation 

Many calibration parameters for the MIKE 

SHE are available depending on the module 

being used. By running the model with a 

changing parameter value and assuming that the 

other parameters remain constant, the most 

sensitive parameter was examined. The time 

constants for base flow and interflow, as well as 

RD, LAI, and Mannings_M, were the most 

important parameters. Streamflow is affected by 

changes in Mannings_M; higher Mannings_M 

results in lower discharge, and vice versa. AET is 

impacted by LAI; a rise in LAI may raise AET, 

while a decrease in LAI may lower AET. The 

calibration was verified using monthly-observed 

discharge data from the Gumara and the Ribb 

River. The model was used for 7 years of 

validation (30% of the data) (2000–2007) and 15 

years of calibration (70% of the discharge data) 

(1985–1999). 

The initial parameter values for the MIKE 

SHE calibration/ validation were obtained from 

earlier research and the MIKE SHE user manual. 

Table 3 displays the simulated and actual flow for 

the calibration/validation results. The simulation 

has rationally captured the observed flow. Both R 

and NSE indicated excellent results in two 

watersheds. R was always higher than 0.9 during 

the calibration-validation phase, except for the 

Ribb watershed calibration phase, when R was 

0.87. In addition to the Ribb watershed 

calibration, the NSE value exceeded 0.8. The 

correlation was done monthly basis. 

 
Table 3. Calibration validation result of watersheds  

Statistics 
Gumara watershed Ribb watershed 

calibration validation calibration validation 

NSE 0.804 0.84 0.75 0.88 

R 0.90 0.91 0.87 0.94 

RMSE 676.38 656.94 371.07 250.62 

3.4 Projected Changes in Temperature and 

Rainfall 

Many researchers have proposed a multi-

model ensemble to reduce single-model 

uncertainty (Shen et al., 2018). The mean 

monthly future temperature was compared with 

the baseline after QM-based BC. The temperature 

might increase in both periods relative to baseline 

periods (Figure 3a). This outcome is witnessed by 

Wubneh et al. (2024) in the LTSB using an RCP 

4.5 and 8.5. The increment in minimum 

temperature is greater in all months relative to 

maximum temperature. This rise in future 

temperature is also indicated by Tikuye et al. 

(2024) in LTSB, which might rise to 4.6 °C. 

However, GTW will increase to 2.9 °C and 4.6 

°C in SSP2-4.5. The research area's increasing ET 

rate due to rising temperatures throughout the dry 

season resulted in water shortages, and this 

problem is expected to get worse (Ferede et al., 

2022). According to Figures 3a and b, the 

temperature will be beyond the Paris Agreement 
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Article 2a, the temperature increase is limited to 

2°C until 2050 (Savaresi, 2016). 

 
Figure 3. Temperature Change in a) SSP2-4.5 and b) SSP5-8.5 

 

The average monthly rainfall in most months 

will decrease, but in September- November, the 

rainfall is likely to increase (Figure 4). In 

December, February, and March, there might be 

a maximum decrease in rainfall, particularly in 

the 2050s at SSP5-8.5. The percentage alteration 

in precipitation was not regular, i.e., precipitation 

rises in some months and declines in other 

months in the Megech watershed, similar to the 

study watersheds (Addisu et al., 2024). 

According to earlier research conducted in the 

Abay basin, rainfall may have decreased by as 

much as 50% (Bekele et al., 2019). In the research 

area, rainfall increases after the major rainy 

season (September-November). This result 

shows how the model's output is comparable to 

previous studies. The findings were similar in 

Gilgel Abay watersheds by Abdo et al. (2009). 

This variability in the rainy season can affect 

farming activities and crop production. 

 

 
Figure 1. Change in mean monthly rainfall relative to baseline 
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3.5. LULC and climate change on monthly 

changes of AET 

AET response to both LULC and climate 

alteration across two periods (2016–2045 and 

2046–2075) using SSP2-4.5 and SSP5–8.5 was 

appraised in the GTW. The LULC maps of 2035 

and 2049 represented the 2020s and 2050s, 

respectively. Regarding the baseline result, the 

influence was compared at the monthly, seasonal, 

and yearly levels. However, the simulation was 

done daily in the MIKE SHE model and 

accumulated over months and above. In both 

watersheds during wet months, the monthly AET 

might be maximum in all scenarios compared to 

the baseline (Figure 5). The lowest monthly AET 

might be observed in dry periods, particularly 

December to February (Figure 5). In the wet 

season, from June to November, the AET will be 

high in the SSP5-8.5 2050s GTW. Increasing the 

forestland contributes to increasing AET (Adane 

et al., 2018; Lv et al., 2019). In all climate 

scenarios and periods, the average monthly AET 

in the study area is expected to rise in comparison 

to the baseline. In the Ribb watershed, the 

average monthly AET is less than the Gumara. 

Without accounting for slope direction, the AET 

will decrease as the slope increases (Fu et al., 

2025). Gumara AET's greater result might be 

attributed to the fact that its upper areas of the 

watershed are less rugged than Ribb's (Asfaw & 

Workineh, 2019). 

 

 
 

 
Figure 5. Average monthly AET in the two watersheds 
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3.6 Average seasonal changes of AET 

The maximum seasonal change (33.5%) in SSP5-

8.5 2050s was observed in Bega, or the dry season 

in Ethiopia, in the Ribb watershed. All seasons 

and scenarios are predicted to see significant rises 

in the Ribb watershed, with Bega exhibiting the 

most notable surge, especially under the high-

emission SSP5-8.5 scenario in the 2050s, 

reaching over 30% above the baseline.  Belg even 

indicates a modest fall under SSP5-8.5 in the 

2020s, while the Gummar River shows more 

moderate changes, with minor increases in 

Kiremt and Bega.  In general, the Gummar is 

quite stable, while the Ribb is more vulnerable to 

anticipated changes in the environment.  The 

Ribb may experience increasingly significant 

seasonal water variability as a result of these 

trends, which emphasizes the necessity of 

adaptive water management techniques catered to 

watershed-specific reactions to climate change, 

as indicated in Table 4.  

The watersheds may be harmed by the increase 

in AET, which results in decreased streamflow 

and groundwater recharge. Furthermore, the 

likelihood of drought is increased by soil 

moisture stress. 

 

3.7. Annual change in AET 

The projected changes in AET relative to the 

baseline period show distinct patterns between 

the Gumara and Ribb watersheds under different 

climate scenarios. In the Gumara watershed, AET 

is expected to increase moderately, by 3.25% in 

the 2020s and 1.19% in the 2050s under the 

SSP2-4.5 scenario. Under the more intensive 

SSP5-8.5 scenario, the increases are projected to 

reach 5.09% in the 2020s and 8.01% in the 2050s. 

The Ribb watershed, however, shows a more 

pronounced response. AET is projected to rise by 

16.92% and 19.30% under SSP2-4.5 for the 

2020s and 2050s, respectively, and by 14.13% 

and 22.07% under SSP5-8.5. These findings 

suggest that both watersheds will experience 

higher AET in the coming decades, with the Ribb 

watershed appearing more sensitive to future 

climate forcing. 

The yearly average AET in both watersheds 

shows discernible increasing tendencies. The 

yearly AET in the Gelana watershed in Ethiopia 

is anticipated to rise in all forthcoming research 

periods under RCP4.5 and RCP8.5 up to 14.94% 

in 2071–2090 (Daniel & Abate, 2022). A 

comparable trend was perceived in the Gilgel 

Abay watershed, LTSB, Ethiopia, due to eucalypt 

trees replanting and an increase in agriculture 

(Ayele et al., 2018). The GTW has also increased 

eucalyptus plantations in the last decades may be 

a reason for to rise in AET. Annual AET revealed 

a positive increasing trend in Jemma, Ethiopia 

(Worku et al., 2021). Likewise, in all scenarios, 

the Awash basin experienced an increase in AET 

from 2.3 to 4.1% (Bekele et al., 2019). These 

studies are comparable to the GTW modeling 

result. The annual AET in the study watershed 

showed a mounting trend. The rise in vegetation 

tends to an upsurge in ET (Yu et al., 2021). 

 

Table 4. Seasonal percentage change of AET 
Watershed Season SSP2-4.5 2020s (%) SSP2-4.5 2050s (%) SSP5-8.5 2020s (%) SSP5-8.5 2050s (%) 

 Kiremt 11.85 13.53 10.77 16.74 

Ribb Bega 24.52 21.42 21.6 33.25 
 Belg 20.13 29.04 13.1 21.83 
 Kiremt 2.42 3.85 1.63 7.13 

Gumara Bega 6.26 3.13 4.66 14.44 
 Belg 2.07 9.2 -3.16 3.27 

 

4. Conclusions 

Estimation of AET under LULC and climate 

alteration is vital to water balance, for effective 

planning and managing water resources for 

irrigation in agriculture. ENVI 5.3 was used for 

LULC detection, and the future land uses were 

predicted by QGIS 2.18.15 in the MOLUSCE 

plugin. This study examines the response of AET 

to LULC and climate change in the GTW, using 

streamflow-based calibrated MIKE SHE 

modeling software. The analysis was done for 

two periods (2020s and 2050s), considering 

SSP2-4.5 and SSP5-8.5. The projection of LULC 

is affected by population growth, economic 

expansion, and policy changes. 

There were notable changes in the LULC from 

1991 to 2049 that had a considerable effect on 

AET, jointly with climate change, in the 
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watersheds. To reduce the uncertainty of GCM 

models ensemble of seven GCM outputs has been 

used to represent a reasonable range of outcomes. 

The baseline of climate models was 1985-2014, 

and the two periods of the 2020s (2016-2045) and 

the 2050s (2046-2075). In the GTW, the 

temperature is likely to rise, and a diminution of 

rainfall in most SSPs. The increase in temperature 

might cause to increase in AET. Reduction in 

rainfall and amplification in temperature have an 

impact on the production of agriculture, notably 

in arid and semi-arid contexts.  

Mean annual AET relative to the baseline 

period indicates increasing trends in both the 

Gumara and Ribb watersheds under future 

climate scenarios. In the Gumara watershed, AET 

is expected to rise moderately, with increases of 

3.25% and 1.19% in the 2020s and 2050s under 

SSP2-4.5, and 5.09% and 8.01% under SSP5-8.5. 

The Ribb watershed shows a stronger response, 

with AET increasing by 16.92% and 19.30% 

under SSP2-4.5, and 14.13% and 22.07% under 

SSP5-8.5. 

Future minor alterations to AET will have 

varying effects on the watershed.  This might 

limit GWR and streamflow, particularly during 

dry seasons.  Increased water demand for 

irrigation is also a ramification of increased water 

demand for vegetation.  The watershed's 

environment is impacted by the shift in AET.  All 

of this presents problems for the environment and 

water balance downstream, such as Lake Tana. 

Future research should include additional climate 

models and ground truth data regarding plant 

characteristics, since this may increase model 

accuracy. 
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