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Abstract 

Drought is a complex natural hazard resulting from meteorological and hydrological phenomena. Meteorological drought, 

defined by precipitation shortfalls, frequently precedes hydrological drought, decreasing surface and groundwater availability. 

The Upper Baro Watershed, an important agricultural and hydrological hub in Ethiopia, is becoming more vulnerable to climate 

change-induced droughts. This article investigates the comprehensive assessment of the meteorological and hydrological 

drought, focusing on their roles in the hydrological cycle, the transition from meteorological to hydrological drought, and the 

consequences for water resources management. The Standardized Precipitation Index (SPI) and the Stream Drought Index (SDI) 

are used to perform a thorough evaluation of the hydrological and meteorological drought characteristics of historical and 

projected future drought in the upper Baro watershed. Historical model data from 1985 to 2014, along with estimates under the 

SSP2-4.5 and SSP5-8.5 emission scenarios for the middle of the century (2041-2070) and end of the century (2071-2000). The 

association between the SPI and SDI indices was studied over 30 years across the basin. Overlapping periods of 3, 6, 9, and 12 

months were discovered. This study analyzes the top four climate models, including MPI-ESM1-2-HR, FGOLAS-g3, 

GFDL-ESM4, and INM-CM4-8. These models are assessed based on the upper Baro watershed. The findings reveal that in the 

study area, the MPI-ESM1-2-HR and INM-CM4-8 models are the best-performing climate models for the upper Baro watershed 

under the future climate scenarios SSP2-4.5 and SSP5-8. The comprehensive assessment of the meteorological and hydrological 

drought under SSP2-4.5 and SSP5-8.5 climate scenarios. The findings show that in mid-century (2041-2071), under the 

SSP2-4.5 and SSP5-8.5 emission scenarios, moderately wet to severely dry conditions will occur. Additionally, by the end of the 

century (2071-2100), under the SSP2-4.5 and SSP5-8.5 emission scenarios, moderately dry to severe drought conditions will 

emerge over the upper Baro watershed. The findings suggest that both the SPI and SDI indices are capable of catching major 

droughts in the upper Baro watershed over the last 30 years. The study recommended that understanding this link is crucial for 

successful drought monitoring, forecasting, and mitigation efforts. 
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1. Introduction 

Background 

Drought is a long-term lack of water that has serious con-

sequences for ecosystems, agriculture, and human societies 

[15]. Droughts are often characterized as meteorological, 

hydrological, agricultural, or socioeconomic, with meteoro-

logical and hydrological droughts being intimately related 

throughout the hydrological cycle [9] Droughts are becoming 

more frequent and severe around the world as the climate 

warms [3]. Drought is a worldwide natural hazard and se-

verely affects the social, environmental, and economic aspects 

[21]. However, drought is one of the most common natural 

disasters that has a great negative impact on agriculture and 

water resources projects in a wide range [19]. 

The drought that occurred in East Africa between 2020 and 

2023 had serious consequences, including widespread food 

insecurity, hunger, and displacement. More than 30 million 

people were food insecure, and millions of animals died. The 

drought also intensified existing tensions and conflicts, put-

ting an additional strain on already vulnerable populations [3]. 

Hydrological droughts are the most dangerous and worrying 

type of drought because they have multiple long-term detri-

mental effects on natural ecosystems, agricultural capacity, 

and a region's water regime. 

The assessment of droughts affecting agricultural areas in 

Africa is highly relevant. Many African countries strongly 

rely on rain-fed agriculture. Since rainfall is commonly the 

limiting factor of rain-fed farm systems, droughts can lead to 

severe socioeconomic consequences like crop failure, food 

shortages, and even humanitarian crises [2]. For example, 

drought events have caused over 800,000 deaths and affected 

about 262 million people in Africa from 1900 to 2013 [4]. 

Ethiopia has also experienced severe droughts in recent years. 

Researchers have thought that severe drought has occurred 

once in three to ten-year recurrence intervals. Ethiopia has 

also faced severe drought in recent centuries [13]. 

The upper Baro watershed is one parts of the Baro Akobo 

River Basin. However, the watershed is extremely sensitive to 

hydro-climatic extremes, such as droughts and floods, which are 

exacerbated by climate variability and change. These extremes 

endanger water supply, food security, and livelihoods, especially 

in a region where more than 80% of the population depends on 

subsistence agriculture. The increasing frequency and severity of 

droughts, caused by global warming and regional climatic shifts, 

necessitate a thorough understanding of drought dynamics to 

enable adaptive water resource management and sustainable 

development. Pervious study evaluated the association between 

climate extremes and floods over Baro Akobo River River Basin. 

However it is little attention to assess the progation of the 

drought over the study area. The current study seeks to address 

the gap by evaluating the comprehensive assessment of meteor-

ological and hydrological drought under climate change over the 

upper Baro watershed. 

2. Materials and Methods 

2.1. Description of the Study Area 

The Upper Baro River Basin is located in southwestern 

Ethiopia and is a key portion of the Baro-Akobo Basin, a 

transboundary watershed that feeds into the Nile River. Geo-

graphically, it is located between latitudes 5°40′N and 

10°50′N and longitudes 33°20′E and 36°20′E, spanning ap-

proximately 76,000 km². The basin is part of the Benishan-

gul-Gumuz, Gambella, Oromia, and Southern Nations, Na-

tionalities, and Peoples' Region (SNNPR) administrative 

areas, and its western edge forms an international border with 

South Sudan. Major tributaries include the Baro River, as well 

as the Alwero, Gilo, and Akobo rivers [8]. 

The Upper Baro River Basin features a diverse and com-

plex topography, with challenging terrain that varies in ele-

vation from 416 meters above sea level in the lowland plains 

to 3,266 meters in the western Ethiopian highlands. The basin 

includes high plateaus, mountainous areas, and extensive 

plains, particularly in the Gambella region. The highlands 

receive more rainfall, while the lowlands experience an uni-

modal rainfall pattern from February to November, decreasing 

westward and at lower elevations. Annual rainfall varies sig-

nificantly, typically ranging from 800 to 2,000 mm, and 

temperatures show considerable diurnal changes that decrease 

with altitude [1]. The basin is rich in freshwater resources, 

supporting irrigation, hydropower potential, and local liveli-

hoods. 

2.2. Data Types and Sources 

2.2.1. Meteorological Data 

For this study, daily rainfall data for 16 meteorological 

stations in the upper baro watershed were obtained from the 

Ethiopian Meteorological Institute (EMI) for the years from 

1985-2020. From this data for climate model evaluation, we 

used (1985-2014), and for future analysis, we used 

(1991-2020). Additionally, the Enhanced National Climate 

Services (ENACTS) dataset (1985-2020) was acquired from 

the same institute and used to fill in missed data. The EN-

ACTS dataset is a high-resolution gridded dataset (4 km x 4 

km), and it is essential for a country like Ethiopia, where 

stations are sparse. The data are integrated with quali-

ty-controlled station data from the national observation net-

work and regionally calibrated satellite-derived data [5]. 

2.2.2. GCM Dataset 

The recently released GCM CMIP6 climate model data 

outputs were obtained from the Earth System Grid Federation 

(ESGF) (https://esgf-node.ipsl.upmc.fr/search/cmip6-ipsl). 

The ensemble member (r1i1p1f1) is used in all models [6]. 

The baseline historical climate data spans from 1984 to 2014. 
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The projection period is divided into the middle century 

(2041-2070) and the end of the century (2071-2100) under 

two shared socioeconomic pathways (SSP2-4.5 and 

SSP5-8.5). Choosing high (SSP5-8.5) and medium-low 

(SSP2-4.5) emission scenarios in climate research enables 

thorough risk assessment, policy relevance, and model de-

velopment, providing crucial insights into the potential effects 

of different greenhouse gas emission levels and socioeco-

nomic development paths on future climate change, and is 

also commonly used in climate change impact studies. In 

analyzing standardized extreme values, the WMO advises 

considering periods greater than 30 years and all available 

years with quality observations [23]. We used the Multiple 

Models Ensemble Mean to project future meteorological and 

hydrological drought over the study area. 

 
Figure 1. The study area Map for Upper Baro Watershed. 

2.2.3. Hydrological Data 

This study utilizes daily discharge data from Ethiopia's 

Ministry of Water and Energy (1991-2005). The continuity of 

the data may contain gaps due to factors such as observer 

absence, instrument failure, or quality issues. The discharge 

data outliers were examined using climate data tools (CDT), 

and the missing values were filled in using Stata 13 software. 

There are two main methods for filling streamflow data in the 

Stata 13 software R package (linear interpolation and mean 

imputation methods). For this study, we selected the linear 

interpolation method because it can effectively fill in the 

missing values by using linear interpolation [7]. In this study, 

we used a 12.5m x 12.5m Resolution Digital Elevation Model 

(DEM) from the USGS Earth Explorer website 

(https://earthexplorer.usgs.gov/). 

2.3. Methods 

2.3.1. Data Quality Control 

According to [17], meteorological data from stations might 

be affected by their location, changes in land use, instrument 

adjustments, observational issues, etc. These outcomes pro-

vide irrational values. To identify the inaccurate values in the 

weather datasets, the meteorological data from every station 

was quality-controlled and examined for data outliers. For this 

study, we are using Climate Data Tools (CDT) for data outlier 

and homogeneity tests. 
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2.3.2. GCM CMIP6 Climate Models Description 

and Evaluation 

GCM CMIP6 climate models, in general, are a package of 

climate models; however, there are more than 40 models in 

the CMIP6 climate package; for this study, we selected re-

cently released twelve GCM CMIP6 climate models based on 

the availability of data, different climate models do not hold 

all parameters, such as temperature (minimum and maximum) 

and precipitation, and ensemble member (r1i1p1f1) is used in 

all of the models. Using the Climate Data Operation (CDO) 

and Climate Data Tools (CDT) software, we extracted twelve 

chosen climate models at the station level on a regional scale. 

Since the various climate models have different spatial reso-

lutions, we utilized the bilinear interpolation method to 

re-grid the models to a common resolution (10x10). The bi-

linear interpolation method, which extracted the data at the 

proper latitude and longitude, allowed for examinations at the 

same resolution. According to the previous study findings 

[11], we selected top four best-performed climate models over 

the basin such as MPI-ESM1-2-HR, INM-CM4-8, 

FGOALS-g3, and GFDL-ESM4 performed best for precipi-

tation over the study area. 

2.3.3. Bias Data Corrector Tools (CDBC) 

Bias correction is the practice of eliminating systematic 

biases to enhance the fit between climate model outputs and 

historical observed data. By using bias correction techniques 

and projecting future data, this is achieved. The CDBC tool 

for bias correction of climate model outputs was developed 

using the quantile mapping approach because it is simple, 

effective, and low in computing cost. The quantile mapping 

approach (also known as 'probability mapping' and 'distribu-

tion mapping') involved developing the statistical relationship 

between observed and model-simulated outputs by replacing 

the simulated values with observed ones at the same cumula-

tive density function (CDF) of the used distribution based on 

the climate variable. The distributions and equations used for 

the bias correction of precipitation. 

Gamma/Precipitation 𝑥̅𝑚𝑠.𝑐𝑜𝑟𝑟 = {𝐹𝑜ℎ
−1

0
 (𝐹𝑚ℎ(𝑥𝑚𝑠)), 𝑥𝑚𝑠 > 𝑥𝑡ℎ 𝑜𝑟 𝑥𝑚𝑠 < 𝑥𝑡ℎ                     (1) 

This technique uses Cumulative Distribution Functions 

(CDFs), which are objectively calculated from past data, to 

map simulated and observed data. The bias coefficient is used 

to correct future CMIP6 climate data (temperature and pre-

cipitation) after being adjusted based on historical and ob-

served data. 

2.3.4. HEC-HMS Hydrological Model Descriptions 

The HEC-HMS (Hydrologic Modeling System) is a soft-

ware tool created by the Hydrologic Engineering Center 

(HEC) of the United States Army Corps of Engineers to sim-

ulate watershed hydrologic processes. It is commonly used in 

rainfall-runoff modeling, flood forecasting, and water re-

source management [22]. The HEC-HMS model is one of the 

hydrological models that needs little input data and provides a 

reliable result [10]. It is widely used due to its ability to sim-

ulate short- and long-term floods and is very simple [20]. 

2.3.5. HEC-HMS Hydrological Calibration and 

Validation 

Several efficiency metrics were used to calibrate and vali-

date HEC-HMS hydrological models, including 

Nash-Sutcliffe efficiency, root mean square error, and coeffi-

cient of determination. The most common techniques for 

evaluating simulation performance are goodness of fit 

measures like Nash-Sutcliffe efficiency and percentage bias 

[16]. 

𝑁𝑆𝐸 = 1 −
[∑ (𝑄𝑠𝑖𝑚,𝑖−𝑄𝑜𝑏𝑠,𝑖)2𝑛

𝑖=1 ]

∑ (𝑄𝑜𝑏𝑠,𝑖−𝑄𝑜𝑏𝑠,𝑖̅̅ ̅̅ ̅̅ ̅̅ )𝑛
𝑖=1 2

            (2) 

𝑅2 =
[∑ (𝑄𝑜𝑏𝑠,𝑖−𝑄𝑜𝑏𝑠̅̅ ̅̅ ̅̅ ̅)(𝑄𝑠𝑖𝑚,𝑖−𝑄𝑠𝑖𝑚̅̅ ̅̅ ̅̅ ̅)]2𝑛

𝑖=1

∑ (𝑄𝑜𝑏𝑠,𝑖−𝑄𝑜𝑏𝑠̅̅ ̅̅ ̅̅ ̅)2 ∑ (𝑄𝑠𝑖𝑚,𝑖−𝑄𝑠𝑖𝑚̅̅ ̅̅ ̅̅ ̅)2𝑛
𝑖=1

𝑛
𝑖=1

        (3) 

Where NSE is the Nash Sutcliffe efficiency, 𝑄𝑠𝑚,𝑖 is the 

simulated flow, 𝑄𝑜𝑏𝑠,𝑖 is the observed flow, 𝑄𝑜𝑏𝑠,𝑖
̅̅ ̅̅ ̅̅ ̅  is the 

average of the observed, 𝑄𝑠𝑖𝑚,𝑖
̅̅ ̅̅ ̅̅ ̅  is the average of the 

simulated flow, and n represents the length of the series, and 

R2 represents the coefficient of determination. 

2.3.6. Standard Precipitation Index (SPI) 

The Standard Precipitation Index (SPI) is a widely used 

meteorological index for quantifying precipitation deficits or 

surpluses over various periods, which aids in the assessment 

of drought and wet situations. According to [12], it was de-

signed to determine how far precipitation deviates from the 

norm for a given location and period. 

Table 1. The meteorological drought is characterized by SPI values. 

 Meteorological drought is characterized by SPI values 

No Criteria Description 

1 ≥ 2.0 Extremely wet 

2 1.5 to 1.99 Very wet 

3 1.0 to 1.49 Moderately wet 

4 -0.99 to 0.99 Near normal 

5 -1.0 to -1.49 Moderately dry 
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 Meteorological drought is characterized by SPI values 

6 -1.5 to -1.99 Severely dry 

7 ≤ -2.0 Extremely dry 

2.3.7. Streamflow Drought Index (SDI) 

The streamflow drought index clearly explains the reper-

cussions of climatic anomalies for current hydrological cir-

cumstances, as opposed to climate-based indices that describe 

climate anomalies in isolation from their hydrological context 

[18]. The Streamflow Drought Index (SDI) is a hydrological 

index that measures and monitors drought conditions in terms 

of streamflow. In addition, it is useful for determining water 

availability in rivers and streams during a certain period. 

Table 2. Definition of states of hydrological drought classification 

based on SDI [14]. 

No Description Criterion Probability (%) 

0 Non-drought 0 < SDI 51.6 

1 Mild drought -1 < SDI < 0 25 

No Description Criterion Probability (%) 

2 Moderate drought -0.5 < SDI < -1 12.5 

3 Severe drought -2 < SDI <0.5 10.9 

4 Extreme drought SDI < -2 0 

3. Results and Discussions 

3.1. Climate Models Performance Evaluation 

The scatter plots of four GCM CMIP6 climate models 

against observed historical precipitation data sets over the 

study area are shown in Figure 2. The data sets below the line 

y=x (red line) indicate an overestimation of observed daily 

data by the climate models. Whereas, data sets falling below 

the line indicate under-estimation. For instance, a significant 

overestimation of precipitation, up to 80 mm, is shown by 

GFDL-ESM4 and FGOALS-g3. In contrast, 

MPI-ESM1-2-HR and INM-CM4-8 are closely related to 

observed rainfall. For this study, we selected two climate 

models and performed further climate analysis; we used the 

ensemble mean of the climate models. 

 
Figure 2. The scatter plot of four CMIP6 Climate Models' Performance Evaluation for Precipitation over the Basin. 

3.2. Bias Correction Output 

(Figure 3) depicts the Cumulative Distribution Function 

(CDF) plots of rainfall for each month at a specific location 

(Lat: 7.75, Lon: 35.37) using the MPI-ESM1-2-HR climate 

model. Each plot compares three datasets: actual rainfall (blue 

dots), model projections before adjustment (red line), and 

model predictions after correction (green line). Before Cor-

rection (red): The model overestimates rainfall compared to 

observed data, particularly in months 1, 2, 3, 9, and 12, where 

the red line consistently sits to the right of the blue dots. After 

correction (green), the corrected model predictions are sig-

nificantly closer to the observed data across all months, in-

dicating a notable increase in accuracy. Monthly Variation: 

Rainfall distribution changes from month to month. For ex-

ample, months 4, 5, and 8 exhibit higher rainfall values (up to 

100 mm), while months 6 and 11 show lower rainfall (mostly 

below 40 mm). 
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Figure 3. The bias correction of the MPI-ESM1-2-HR CMIP6 climate model. 

Figure 4 illustrates the Cumulative Distribution Function 

(CDF) plots of rainfall data for a given location (Lat: 7.75, 

Lon: 35.37) during 12 months, comparing observed data to 

model outputs before and after bias adjustment. The model 

employed appears to be INM-CM4-8, most likely a climate 

model from the Coupled Model Inter-comparison Project 

(CMIP) architecture. Bias before correction: Most months 

(for example, months 1, 2, 3, 5, 9, and 10) show a considera-

ble difference between the red line and the blue dots. For 

example, in month 1, the model overestimates rainfall at 

lower values (the red line is to the right of the blue dots for 

lower rainfall quantities) while underestimating rainfall at 

higher values. In month 4, the model significantly underes-

timates rainfall across the distribution. This suggests a con-

sistent bias in the model's rainfall distribution, which might 

over- or under-predict rainfall depending on the month and 

intensity. Bias after Correction: In most months, the green line 

(after correction) closely follows the blue dots, indicating that 

the bias correction method was successful in aligning the 

model's rainfall distribution with the observed data. For ex-

ample, in month 4, the green line shifts significantly to the 

right, matching the observed data and correcting the model's 

underestimation. In months 7 and 8, the correction reduces the 

model's overestimation of higher rainfall values, bringing the 

green line closer to the observed distribution. 

3.3. HEC-HMS Model Calibration and 

Validation Results 

We selected specific parameters to calibrate and validate 

the HEC-HMS model. These parameters include routing pa-

rameters (Muskingum K & X), transform parameters (storage 

coefficient & time of concentration), base flow (recession), 

and loss parameters (initial deficit, maximum deficit, and 

constant deficit). We calibrated the model using observed 

Streamflow data from 1991 to 2000. Then we validated the 

model using Streamflow data from 2001 to 2005 from the 

same station, the Baro gauge near Gambela. The calibration 

and validation results of the model, comparing simulated and 

observed flows, are illustrated in Figure 5. 
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Figure 4. The bias correction of the INM-CM4-8 CMIP6 climate model. 

 
Figure 5. HEC-HMS Model calibration and validation output. 

3.4. Performance of the HEC-HMS Model 

We present the performance of the HEC-HMS model dur-

ing calibration and validation in Table 2. The values of each 

performance evaluation metric lie where the model output is 

in very good agreement with observed Streamflow. The per-

formance could even be improved if more of the Streamflow 

data is employed. 
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Table 2. HEC-HMS Model performance evaluations for calibration and validation. 

 

Calibration Validation 

Objective function Value Performance Value Performance 

NSE 0.78 Very good 0.72 Very good 

RMSE 0.5 Very good 0.5 Very good 

Bias 14.05% Very good 22.87% Good 

 

3.5. Future Projection SPI Index Under Upper 

Baro Watershed 

3.5.1. Observed Standard Precipitation Index 

(1991-2020) 

From 1991 to roughly 2000, the SPI fluctuated between 

positive and negative readings, reflecting alternating rainy 

and dry seasons. There are multiple peaks in both directions, 

with some wet periods, reaching SPI values of 2.5, and dry 

spells dropping to approximately -2.5. From 2000 to 2010, the 

pattern remained similar; however, there appeared to be more 

frequent dry periods (red bars) than in the previous decade. 

From 2010 to 2020, the graph shows a clear tendency toward 

increasingly extreme dry conditions, particularly near the end 

of the timeframe. From 2018 to 2020, a large cluster of red 

bars, with SPI values as low as -5.0, signifying extreme 

drought conditions. Wet periods (blue bars) become less 

common and intense in the latter half of the graph, with fewer 

SPI values surpassing 2.0 after 2010. 

3.5.2. Comprehensive Analysis of SPI and SDI at 

Mid-century (2040-2100) Under SSP2-4.5 

Emission Scenarios 

In the mid-century (2041-2070) under SSP2-4.5 emission 

scenarios, an analysis of three months (3-month SPI and SDI) 

over the study area reveals that the years 2043 and 2059 will 

experience moderate dryness. In contrast, the years 2047, 

2048, 2051, 2060, 2064, and 2066 will be significantly wetter 

and will exhibit near-normal wet conditions. Additionally, 

during the mid-century (2071-210) under SSP2-4.5 emission 

scenarios, an analysis of SPI and SDI over three months (3 

months) for the upper Baro watershed indicates that the years 

2073 and 2089 will be severely dry. Refer to the detailed 

explanation (Figure 6). 

 
Figure 6. Association of three-month SDI and SPI in mid-century (2041-2100) under SSP2-4.5 scenarios. 

In the mid-century (2041-2070) under SSP2-4.5 emission 

scenarios, the analysis of six months (6-month SPI and SDI) 

over the upper Baro watershed. The findings show that the 

years 2043, 2044, and 2059 will be moderately dry. Whereas 

in the years 2048 and 2064, moderately wet conditions are 

expected. The comprehensive assessment of the drought 

propagation in the mid-century (2071-210) under SSP2-4.5 

emission scenarios, for six months of SPI and SDI indices 

over the upper Baro watershed. The findings show that in the 

year 2073 will occur extreme drought will occur, but in the 

year 2089 will occur severe drought will occur over the basin. 

Whereas in the years 2074, 2075, 2081, 2086, 2087, and 2097, 
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mildly wet conditions will occur. Refer to the detailed ex- planation (Figure 7). 

 
Figure 7. In mid-century (2041-2100) scenarios, the association between six-month SDI and SPI under SSP2-4.5. 

In the mid-century (2041-2070) under SSP2-4.5 emission 

scenarios, an analysis spanning nine months (9-month SPI 

and SDI) was conducted over the upper Baro watershed. The 

findings indicate that moderately dry conditions were ob-

served in the years 2044, 2056, and 2059, while the year 2048 

experienced moderately wet conditions. Additionally, the 

relationship between SDI and SPI under SSP2-4.5 emission 

scenarios for the nine months was assessed over the Baro 

watershed. The results reveal that extreme drought is expected 

to occur in the study area in the years 2073 and 2089. Con-

versely, the years 2075, 2081, and 2087 are projected to ex-

perience moderately wet conditions. Refer to the detailed 

explanation (Figure 8). 

 
Figure 8. In mid-century (2041-2100) scenarios, the association between nine months SDI and SPI under SSP2-4.5. 

In the mid-century (2041-2070) under SSP2-4.5 emission 

scenarios, the annual analysis of SPI and SDI (12 months) 

over the upper Baro watershed. The findings show that in the 

years 2044 and 2056 will occur severely dry. Whereas in the 

year 2048, moderately wet conditions. In addition, the linkage 

of SDI and SPI in mid-century (2071-2100) under SSP2-4.5 

emission scenarios for twelve months evaluated over the Baro 

watershed. The findings show that in the years 2073 and 2089 

will occur extremely drought will occur over the study area. 

Whereas in the years in the years 2075, 2081, 2087, and 2097, 

moderately wet conditions will occur. Refer to the detailed 

explanation (Figure 9). 
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Figure 9. In mid-century (2041-2100) scenarios, the association between twelve-month SDI and SPI under SSP2-4

3.5.3. Examination of SPI and SDI at the End of the 

Century (2040-2100) Under SSP5-8.5 

Emission Scenarios 

In the upper Baro watershed, the major drought spells 

(negative values) are closely aligned for both indices, partic-

ularly around 2044-2045, 2048, 2052, and 2065-2066. During 

these times, low precipitation (negative SPI3) corresponds to 

lower streamflow (negative SDI), demonstrating how short-

falls in precipitation directly influences flow. High precipita-

tion (positive SPI3) coincides with high streamflow (positive 

SDI), as seen in 2047, 2050, 2057, and 2069-2070. This 

suggests that increased rainfall leads to higher streamflow, as 

expected. Refer to the detailed explanation (Figure 10). 

  
Figure 10. In End-century (2041-2100) scenarios, the association between twelve-month SDI and SPI under SSP5-8.5. 

In the (Figure 11) below in mid-century (2040-2100) the 

association of SPI6 and SDI6 demonstrate a strong positive 

relationship, as they generally rise and fall together. Drought 

years (e.g., 2042, 2054, 2055, and 2058) indicate that mod-

erately dry weather conditions will occur, while wet years 

(e.g., 2047, 2050, 2063, and 2069) reflect both rising above 

zero. 
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Figure 11. The relationship between six-month SDI and SPI under SSP5-8.5 in End-of-Century (2041-2100) scenarios. 

 
Figure 12. The relationship between nine-month SDI and SPI under SSP5-8.5 in End-of-Century (2041-2100) scenarios. 

In Figure 13, a comprehensive assessment of twelve 

months of the SDI and SPI by the end of the century 

(2041-2070) under the SSP5-8.5 emission scenarios is pre-

sented. The findings indicate that moderate drought is ex-

pected in the basin during the years 2042, 2044, 2050, 2055, 

and 2058. Meanwhile, mildly wet conditions are anticipated 

in the years 2048, 2052, 2053, and from 2061 to 2066, with 

moderately wet conditions occurring in 2068. Additionally, 

severe drought is predicted for 2055, while moderate drought 

is also expected in 2042, 2050, and 2058 across the basin. 

Figure 13 shows the relationship between the 12-month SPI 

and SDI in the end-of-century SSP5-8.5 emission scenario. 

The results indicate that moderately dry conditions will ap-

pear in 2077, 2093, and 2097. In contrast, future emissions 

scenarios for 2073, 2087, 2089, 2090, and 2091 will experi-

ence moist conditions. 

 
Figure 13. The relationship between twelve-month SDI and SPI under SSP5-8.5 in End-of-Century (2041-2100) scenarios. 
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4. Conclusion and Recommendation 

The analysis reveals that the Upper Baro Watershed is ex-

periencing a trend toward more frequent and severe meteor-

ological droughts, driven by erratic precipitation patterns 

projected under various climate change scenarios (e.g., 

SSP2-4.5 and SSP5-8.5). This study analyzes the top four 

climate models, including MPI-ESM1-2-HR, FGOLAS-g3, 

GFDL-ESM4, and INM-CM4-8, which are assessed specifi-

cally for the Upper Baro Watershed. The findings indicate that 

the MPI-ESM1-2-HR and INM-CM4-8 models are the 

best-performing climate models in the study area. Under the 

future climate scenarios of SSP2-4.5 and SSP5-8.5, the com-

prehensive assessment included evaluations of both meteor-

ological and hydrological droughts. The relationship between 

meteorological and hydrological droughts over the upper 

watershed was evaluated using the SPI and SDI indicators 

over 30 years across the basin, with overlapping periods of 3, 

6, 9, and 12 months identified. The findings show that in 

mid-century (2041-2071), under the SSP2-4.5 and SSP5-8.5 

emission scenarios, moderately wet to severely dry conditions 

will occur. Additionally, by the end of the century 

(2071-2100), under the SSP2-4.5 and SSP5-8.5 emission 

scenarios, moderately dry to severe drought conditions will 

emerge over the upper Baro watershed. According to the data, 

the basin experienced several moderate to severe droughts 

during the research period. This study confirms previous 

findings that under the SSP2-4.5 and SSP5-8.5 emission 

scenarios, regions may experience both moderately rainy and 

very dry conditions in the middle of the century (2041-2071) 

[24]. The findings suggest that both the SPI and SDI indices 

can effectively detect major droughts in the upper Baro wa-

tershed over the last 30 years. The study suggests enhancing 

the Upper Baro watershed's resilience to expected shifts to-

ward drier conditions in order to provide sustainable water 

usage, food security, and ecosystem health. 
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