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Forward

Arba Minch University, Water Technology Institute, Water Resources Research Center, has
been organizing an international symposium on “Sustainable Water Resources Development”

for the past twenty-three years.

The symposium aims to provide a platform for professionals, researchers, practitioners, and
decision-makers to present research findings, share best practices, and exchange innovative ideas

on sustainable water resources development.

For the 23 symposium, over 157 papers were submitted by authors from across the country and
abroad. Following a rigorous selection process, 17 papers have been chosen for oral presentation

and 4 papers for poster presentation. All selected papers will be presented in person.

The organizing committee extends its congratulations and warm welcome to the authors whose
papers were selected. We appreciate their participation and look forward to their valuable
contributions.

We would like to thank each of you for attending our symposium and bringing your expertise to

our gathering.
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Welcome Address

His Dr. Michael Mehari, Special Advisor to the Federal Ministry of Water and Energy/ Delegate
of the minister.

His Excellency Dr. Ing. Abdela Kemal; Arba Minch University President.

His Excellency Dr. Bogale GebreMariam; Vice President for Academic Affairs and Delagate for
the Presendent, Arba Minch University.

His Excellency Dr. Teklu Wegayehu; Vice President for Research and Community Service.
Her Excellency Professor Paulos Taddesse; Vice President for Administration and Development.
His Excellency Dr. Muluneh Lemma, Scientific Director of Arba Minch Institute of Technology.
Invited Keynote Speakers

Invited Paper Presenters and Distinguished Guests.
Ladies and Gentlemen;

It is a great honor to me to welcome you all to the 23" International Symposium on Sustainable

Water Resources Development.

I would like to extend warm welcome to our distinguished guests, many of whom travelled from

far to be with us. We are delighted to have everyone to join us here today.

I hope that you will take the time to learn, exchange and interact with speakers, paper presenters,
stakeholders and participants from various disciplines across the globe that we have brought
today to share their thoughts and insights on the issues related to sustainable water resources

development.

The 22" International Symposium demonstrates our commitment to strengthen our regional,
national and global ties for mutual benefits through exchange of knowledge and practices. This
symposium has lived up to 21 years legacy to get national accreditation for the Ethiopian Journal
of Water Science of Technology after publication of the 7" volume recently. May | take this
occasion to congratulate the Editorial Board of the journal and acknowledge all those who have

contributed in every aspect for its success?

I would like to thank and recognize our first rank sponsors, Ministry of Water and Energy, and
Ethiopian Metrological Institute, and our second rank sponsors, Rift Valley Lakes Basin
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Administration Office, Safeguarding Sahelian Wetlands for Food Security (SawWeL), and
Improving Water Security for the Poor (REACH) programs.

We thank all our sponsors for continuous support and commitment to the symposium over years.

I would also like to acknowledge the symposium organizers, Water Resources Research Center

and organizing committee who all have worked hard to bring this symposium to you.

I wish you all two great days in Arba Minch.

Please join me to invite Dr. Ing. Abdella Kemal to the podium to give opening speech.
Thank you

Dr. Tamiru Teseme
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Opening Speech

His Dr. Michael Mehari, Special Advisor to the Federal Ministry of Water and Energy/ Delegate
of the minister.

His Excellency Dr. Bogale GebreMariam

Vice President for Academic Affairs

His Excellency Dr. Teklu Wegayehu

Vice President for Research and Community Service

Her Excellency Professor Paulos Taddesse

Vice President for Administration and Development

His Excellency Dr. Muluneh Lemma, Scientific Director of Arba Minch Institute of Technology
Invited Keynote Speaker Dr. Abdulkarim S. Director, IWMI.

Invited Paper Presenters and Distinguished Guests

Ladies and Gentlemen

It is with great pleasure and honor that | welcome you all to the 23" International Symposium
on Sustainable Water Resources Development. Today, we gather here to address one of the most

pressing challenges of our time: the sustainable management of water resources.

Water, as we all recognize, is not merely a commodity; it is the essence of life itself. From
guenching our thirst to nurturing crops and supporting industries, water plays an indispensable
role in every facet of human existence. Yet, despite its fundamental importance, we find
ourselves confronted with a looming crisis — the scarcity of water resources, coupled with
concerns over its quality. In Ethiopia, a nation blessed with abundant water resources, the
challenge lies not in the availability of water but in its equitable distribution and efficient
utilization. With a growing population, the demand for water is increasing, particularly in vital
sectors such as agriculture. To meet this demand sustainably, it is imperative that we adopt
innovative approaches to water management, focusing on maximizing productivity while

minimizing waste.

Moreover, as we strive to harness the potential of our water resources for economic development,

we must not overlook the importance of ensuring access to clean water and sanitation for all.
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The health and well-being of our citizens depend on it, and it is incumbent upon us to prioritize
investments in water infrastructure and sanitation systems. The government of Ethiopia has long
recognized the significance of water-based development projects and has committed itself to
their implementation. However, the task ahead requires collective action and international
cooperation. The challenges we face are complex and multifaceted, but together, through

collaboration and innovation, we can overcome them.

As we embark on this symposium, let us seize this opportunity to exchange knowledge, share
best practices, and forge partnerships that will pave the way for a sustainable future where water

resources are managed wisely and equitably for the benefit of all.

Dear esteemed participants, Ladies and gentlemen,

As we gather here today to address the critical issue of sustainable water resources development,
it is essential to recognize the interconnected nature of our challenges. Ethiopia, like many
nations, faces a growing demand for energy driven by population growth, urbanization, and
industrialization. To meet this demand while safeguarding our environment, we must prioritize

the development of renewable energy sources such as hydropower.

The government's commitment to projects like the Grand Renaissance Dam underscores its
dedication to providing reliable and sustainable energy for national development. However,
despite these efforts, challenges such as power shortages and interruptions persist, highlighting
the need for continuous research and innovation in the management of our hydroelectric
infrastructure. Moreover, the long-term impacts of socio-economic activities on our environment
cannot be ignored. Environmental degradation and climate change pose significant threats to our
water resources and livelihoods, making sustainability a paramount concern. Therefore, it is
imperative that we integrate principles of sustainability into all aspects of water resources

development.

Arba Minch University stands ready to contribute to this endeavor through its focus on human
resource capacity building and research. By nurturing skilled professionals, generating
knowledge, and facilitating technology transfer, the university plays a vital role in driving
sustainable development in our water sector. | extend my gratitude to the Water Technology

Institute, the scientific and research directors, and the organizing committee for their tireless
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efforts in sustaining this annual symposium. It is through forums like these that researchers and
practitioners can come together to exchange ideas, share research findings, and promote best

practices in water management.

With these words, | officially declare the 23" International Symposium on Sustainable Water
Resources Development open. May this gathering be a catalyst for fruitful scientific discourse

and may your time in Arba Minch be both enriching and enjoyable.
Thank you,

Dr. Ing. Abdela Kemal; Arba Minch University President.
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Golina River Discharge Monitoring Using Remote-Sensing and Hydrological Model Products

Mengesha Tesfaw*!, Mekete Dessie!, Thomas Hermans?, Fenta Nigate®, Mulatu Kassa*, Kasye Shitu®,
and Kristine Walraevens?

Faculty of Civil and Water Resources Engineering, Bahir Dar Institute of Technology, Bahir Dar
University, Bahir Dar, P.O. Box 26, Ethiopia; mekete.dessie@bdu.edu.et (M.D.)
2l_aboratory for Applied Geology and Hydrogeology, Department of Geology, Ghent University, 9000
Ghent, Belgium; kristine.walraevens@ugent.be (K.W.); thomas.hermans@ugent.be (T.H.)
33School of Earth Science, Bahir Dar University, Bahir Dar, P.O. Box 79, Ethiopia;
fenta.nigate@bdu.edu.et (F.N.)

“Department of Water Resource Engineering and Management, Woldia University, Woldia, Ethiopia;
mulugetakassa004@gmail.com (M.K.)

*Department of Natural Resource Management, Mekdela Amba University, Tulu-Awlia, Ethiopia;
kasaye_shita@mkau.edu.et (K.S.),

*Correspondence: mengesha816@gmail.com

Abstract

River discharge gauging is scarce in many regions, especially in arid and semi-arid regions. It is therefore
crucial to develop an indirect way to infer this important component of the water balance system. Recently,
remote sensing and hydrological model results have become important means of estimating river discharge.
However, given their indirect nature, it is important to develop methodologies to appropriately select the
best suited approach in a given study area. In this study, the multiple pixel ratio (MPR) method is compared
with hydrological model results in the Global Flood Awareness System (GIoFAS) for the Golina River,
Danakil basin, Ethiopia. In the MPR method, the river discharge was estimated based on the relationship
between river discharge and the near-infrared reflectivity (NIR) of the Landsat 8 image. This study utilized
251 Landsat images (2013-2024) to monitor the Golina river discharge near the outlet region. The influence
of the selected length and width of the river discharge estimation was also analyzed. In the river channel
lengths of 300 m in the upper reach and 600 m in the lower reach of the temporal station (Addis-Alem)
were calibrated. The measured data in the year between 2022-2024 was used to calibrate the discharge
data. The correlation of the observed and the remote sensing products is 0.77 in the upper reach (length of
300 m) while in the lower reach (length of 600 m) the correlation is 0.75. The correlation results are lower
in GIoFAS (reanalysis) products. The multiple pixel ratio (MPR) approach applied with the lowest distance
from the river channel can better monitor river discharges than the GIoFAS products. More studies using
the highest temporal resolution with different selected inundated river channel (SIRC) lengths will be
important for further improving the methods and monitoring similar ungauged rivers.

1. Introduction

River discharge monitoring is important to understand the concepts of climate change impacts, water
resource management, and flood management analysis [1] [2] [3] [4]. There are significant hydrological
challenges to monitoring river discharges, especially in semi-arid regions because of data scarcity, limited
research in the area, increasing water demands, and spatial and temporal variability of hydrological
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processes [5][6][7]. Several approaches have been proposed for monitoring river discharge. Among them,
remote sensing (RS) has been proven to be an effective method for discharge estimation in data-scarce
regions. However, this is not a direct method. Remote sensing methods are widely applied worldwide to
monitor river discharge [8][9][10][11][12]. They are often related to remotely sensing hydraulic variables,
including surface velocity, water surface width, and river stage height. River discharge has been effectively
monitored using remote sensing products of water surface depth and hydraulic properties [13] [14].

Satellite images such as multispectral and aerospace radar have been widely used to monitor rivers [15]
[16]. These satellite images have different spatial and spectral resolutions, area coverage, and recycle
periods depending on the natural features. The spectral appearance of water in near-infrared (NIR) images
is different from other land cover features and offers a way to monitor discharge [13]. Developing a
relationship between the observed discharge and NIR reflectivity ratio of the dry area and the river network
has been broadly used to monitor discharge [8]. The Moderate Resolution Imaging Spectroradiometer
(MODIS) has also been efficiently used to monitor discharge with NIR images [17][18]. Developing the
relationship between the river width and discharge is also a recognized method for river discharge
estimation. Multispectral images are commonly used to assess surface water width [19] [20].

Landsat MSS/TM/ETM/OLI [21] [22][23], and MODIS [18] [24] images are universally used to extract
information on the water surface. Altimeter satellites are also used to monitor rivers because they can
guantify the elevation changes of surface water [23]. The optical and radar datasets have also been used for
river discharge monitoring [25][26]. Monitoring ungauged river discharge fully from RS data products is
important for hydrological studies [27][28].

Considering the physical characteristics and spatial resolution, the NIR images have a significant potential
for monitoring the small river discharge [29]. The calibration (C) and measurement (M) ratio methods are
extensively used to monitor discharge in different parts of the world [30][31][32][18]. The multiple pixel
ratio (MPR) approach is another important approach in discharge estimation that uses NIR band reflectivity.
The MPR approach has been successfully used for monitoring the river discharge on the Tibetan Plateau
[29].

The reanalysis product is also a global gridded dataset with a resolution of 0.1° at a daily time step extracted
from the climate data store (CDS), available from 1 January 1979 till the present. The reanalysis products
were assessed against a global daily discharge in several areas [33][34][35]. The results found on the
GloFAS-ERADS reanalysis product correlation coefficient was varied from 0.44 to 0.74 [36].

The Global Flood Awareness System (GIoFAS) can be used to provide daily assessments of historical flood
events for the globe, such a spatiotemporal reliable outline is required by several researchers [37]. During
the evolution GIoFAS data service, two hydrological modeling conformations were used to produce the
hydrological reanalysis datasets: (1) until GIoFAS v2 [38]; (2) from GIoFAS v3, used as input to OS
LISFLOOD with all rainfall-runoff processes associated with river discharge. The GIoFAS products have
been run in two spatial resolutions. The earlier product has 0.1° for versions up to GIoFAS v3 and then
0.05° (around 5 km) for GIoFAS v4 [39].

The GIoFAS has an operational system for historical and forecast monitoring of floods at a global level
[40]. The GIoFAS-ERAGS dataset is a reanalysis product [41] that provides a spatiotemporally historical
daily river discharge for the whole world. It is generated for every 0.1° river cell from 1979 to the present
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time. The ERAS product is modified operationally with an expectancy of 2 to 5 days behind real-time
atmospheric reanalysis [42]. An assessment of GIoOFAS-ERAS5 against a global system of 1801 observed
river discharge stations was undertaken [36].

Monitoring stations are available along the large river basins, and few stations are accessible on the small
perennial rivers in Ethiopia. The Golina River is located in northern Ethiopia, the Danakil Basin. The Golina
River is an important source of water for the Kobo Valley, for domestic and irrigation purposes [43]. In
Kobo Valley, several ungauged streams still lack sufficient hydrological data. The challenge of obtaining
stream flow data is a limiting factor for many researchers analyzing flood and drought conditions. Accurate
hydrological information from these areas is crucial for scientific study. Therefore, this study aims to
monitor the ungauged Golina river using RS and GIoFAS reanalysis products.

2. Material and Methods
2.1. Area description

The Golina river is located in the Danakil Basin, Ethiopia. Figure 1 shows the pilot site of the gauging
stations in the Golina River near the watershed outlet. The gauging station is located at the Addis-Alem
pilot site near the outlet of the Golina River.
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Figure 1: The location of the gauging station
2.2.NIR data processing

The seasonal coverage of the whole planet's landmass is provided by the two sensors (OLI and TIRS) at
spatial resolutions of 30 meters (NIR) and 100 meters (thermal) in the Landsat 8 image. We used Landsat
8 images from the operational land image (OLI) sensors. Due to the sensor malfunction, some OLI images
have poor quality. A total of 251 cloud-free OLI images were selected from 02 April 2013 to 08 July 2024.
NIR images from Landsat 8 were used to monitor the Golina River discharge. They were atmospherically
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corrected, and obtained from the following  Google Earth  Engine  platform
(https://earthengine.google.com/), Landsat Surface Reflectance.

Landsat surface reflectance (LaSRC) algorithms were used to analyze the images that were converted into
pixel values. The pixel values vary between the permanent dry area and the inundated river width. The
MPR approach calculates the difference in NIR band reflectance from a reference area (permanent dry
pixel) and an inundated river channel (water pixel). The river discharge estimation used a multiple-pixel
ratio (MPR) technique based on the correlation between the observed discharge and near-infrared
reflectivity ratio. Figure 2 represents the reflectivity ratio of dry area and wet mean reflectivity.

Satellite

NIR band image

B
MPR = Reference area mean reflectivity (Dry Pixel)
mean area reflectivity (Wet Pixel)
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Figure 2: The reflectivity ratio of dry area and wet mean reflectivity.

The MPR technique significantly extends the river length that is to be monitored with RS techniques by
continuously controlling the river width using NIR imagery [18]. In the MPR approaches, the NIR identifies
the dry pixel (C) and the water pixel (M). Equation 1 shows the reflectivity ratio of dry and wet pixels.
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lan
mean C ;Zi=1C1

1 WL nrs
Wl Zj:1 Mj

mean M

Where P is the pixel ratio, C is the permanent dry area average pixels, and M is the river channel average
pixels. The terms i and j are pixel numbers in the dry land and the river respectively. The terms W and L
are the river width and length respectively.

Generally, the most commonly used stage-discharge rating curves treat the discharge as a unigque function
of the stage which typically follows a power curve [44]. Equation 2 shows the relationship between remote
sensing discharge and mean reflectivity ratio.

Qrs = a(P)P 2

Where, Qrs is remotely sensing discharge, and P is the mean reflectivity ratio. The terms a and b are fitting
coefficients adjusted based on the observed discharges.

The remote sensing discharge was calibrated using in-situ measuring techniques. The relationship between
the observed discharge and the NIR reflectivity ratio was evaluated using the model performance indexes.

2.2.1. Permanent area and sirc selection

The permanent dry area is selected near the gauging station (Addis-Alem station), which has high and stable
reflectivity (Abuare small town). To ensure the stable reflectivity of the permanent dry area (Abuare town),
multiple pixels were selected. We considered the optimal width, length, and location of the channel near
the temporary gauging station.

Urban areas are assigned as the best sites for the permanent dry areas [22]. In this study, two SIRC lengths
are considered, including a 300 m length at the upper river reach and a 600 m length at the downstream
river reach. Considering the reflectivity stability of the SIRC, we used 600 m (the twenty Landsat pixels,
30 m x 20) as the longest SIRC length in this study.

The composite type SR_B(564) displayed as red, green, and blue (RGB) was used to evaluate land/water
distributions using the visual interpretation method [45]. Figure 3 represents the Surface reflectance product
from the Landsat image.
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Figure 3: Landsat 8 band combinations and their surface reflectance.
2.3. Hydrological analysis

In the hydrological analysis [46], the observed discharge of a gauged river basin can be applicable to
monitor an ungauged river basin having comparable geographical characteristics and climate conditions.
The selected reanalysis products were extracted from the Copernicus Climate Data Store (CDS) in the
following platform (https://cds.climate.copernicus.eu/#!/home) accessed on: 27 July 2024). However, the
reanalysis products are still coarser (around 5 Km), and a bias correction method was applied. A linear-
regression-based bias correction was applied. We use a GIoFAS reanalysis product to ensure the reliability
of remote sensing discharge.

2.4.Observed data acquisition

In this study, a staff gauge was installed on the side of the railway bridge, close to the outlet of the Golina
river. The gauge measures 2 meters long and is marked at every 0.1 meter. The surface flow velocity was
determined using floating methods. The surface flow velocity varied vertically over time [47]. The vertical
flow velocity profile was measured at 0.2, 0.6, and 0.8 of the cross-section’s length. Surface velocities are
typically higher than mean velocities [48]. The mean flow velocity was calculated using a correction factor
of 0.85. The surface flow velocity and the mean velocity can be determined from the following equations
(eq 3 and 4).
travel distance

Vsurface= —— 3
travel time

Vmean = kVsurface 4

Where k is the coefficient.
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The discharge data were collected at 16-day intervals from February 9, 2022, to July 8, 2024. The amount
of water passing a specific point on the stream channel over a given time depends on both the velocity and
the cross-sectional area of the flowing water, as described by the following equation (eg. 5).

Q = AVmean 5

Where Q is stream discharge (m®/s), A is cross-sectional area (m?), and Vmean is the mean flow velocity
(m/s). The stage-discharge relationships were developed using the rating curve equations [49]. This stage-
discharge data was validated using the Area-Velocity method. Figure 4 illustrates the locations of the staff
gauges and the determination of surface flow velocity at the Golina River.

A

Figure 4: The location of staff gauging (A) and surface flow velocity determination (B).

We used the correlation coefficient (R), and root-mean-square error (RMSE) model performance indexes.
The trend test was conducted using the Mann-Kendall trend test.

3. Results and Discussion
3.1. The MPR approach validation

Initially, the MPR approach was proposed by [18][1], which uses the NIR reflectivity ratio of permanent
dry areas and river areas to monitor rivers. In this study, we found that the highest correlation between the
observed discharge and the NIR reflectivity ratio in the river's upper reach is approximately 300 meters (or
ten pixels) from the Addis-Alem station. Our findings indicate that discharge monitoring using the MPR
approach is strongly correlated with river width. This study supports previous research that has primarily
focused on monitoring large river discharges [50][14][51][29]. Figure 5 illustrates the surface reflectivity
for the upper reach (300 m) and the lower reach (600 m), which is located farther from the gauging station.
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Figure 5: Surface reflectivity for upper reach (A) and lower reach (B).

3.2.Golina River discharge rating curves

We developed a fitting equation that correlates the observed data from temporary gauging stations with
satellite products for both the upper and lower reaches during the calibration period (2022-2024). The
following equations (Eq 6 and 7) were derived using power law rating curve equations for the upper and

lower reaches.
Qrs = 1.98 x (P)3:01

Qrs = 1.86 x (P)3-64

Figure 6 represents the statistical relationship of observed, GIoFAS and remote sensing discharge.

Statistical analysis of Observed Vs QRs.300m)|

R =0.769
_| RMSE =2.306

Observed
5 10 15

10

QRs.300m
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Statistical analysis of Observed Vs QRs.600m

R=0.749
| RMSE =239

10 18

5
!
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Statistical analysis of Observed Vs GloFAs

R=0698
| RMSE =2.886
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5

Figure 6: Statistical relationship of observed, GIoFAS and remote sensing discharge (m?/s).

The estimated equations were used to evaluate the discharge from remote sensing in the period 2013-2024.
Figure 7 represents the calibration between observed, GIoFAS and RS products.
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Figure 7: The calibration between observed, GIoFAS and RS products.

Table 1 shows the fitting equation and its correlation of the observed and the remote sensing discharge at
the different SIRC lengths.

Table 1: The fitting equation and correlation between the observed and the RS products.

Length Fitting equation Correlation (R?) RMSE
Remote sensing Upper reach300m  Qrs = 1.98 x (P)391  0.77 2.306
discharge
Remote sensing Lower reach600m  Qrs = 1.86 x (P)3¢* 0.75 2.395
discharge
GloFAs discharge 0.05° x 0.05° Bias corrected 0.70 2.886

The results of the trend test indicate that the amount of discharge product is decreasing over time. Figure 8
represents the remote sensing discharge and GloFAs (reanalysis) products in the multi-year.
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Figure 8: Remote sensing discharge and GIoFAS (reanalysis) products.

3.3. MPR and GIoFAS discharge comparison
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The results obtained from the MPR are compared to the GIoFAS data in the calibration year has a higher
correlation. The MPR results are slightly higher in statistical measurement (Table 1) than the GIoFAS. This
study supports previous research that has primarily focused on monitoring river discharges using GIoFAS
[52][53][54][34]. A similar study by [35] stated that a 0.68 correlation coefficient was attained to determine
the river discharge estimation methods from GIoFAS products in the study valley.

3.4. Limitations of the study

The MPR approach cannot be applied to rectangular river channels with a fixed width because the
differences in discharge are influenced by the observed river width. Additionally, the accuracy of gauging
stations is often limited when measuring peak discharge during the flood season, leading to potential
oversight of peak flood information. This oversight can affect the equations developed for observed
discharge, potentially resulting in an underestimation of discharge from the MPR approach. The efficiency
of monitoring is affected by sediment load. Additionally, the location, width, and length of the selected
SRIC area have a substantial impact on our results. Furthermore, the reanalysis products have a coarser
resolution of 5 kilometers.

4. Conclusions

Obtaining accurate hydrological data is essential for scientific studies. Satellite and reanalysis products are
commonly used to monitor river systems. In the MPR (Multi-Pixel Ratio) approach, it is crucial to choose
the appropriate permanent dry area and river width to accurately simulate river discharge. The river width,
location, and SIRC (Satellite Imagery for River Channel) length are key limiting factors that affect the
precision of river monitoring. The MPR method is particularly effective for monitoring rivers wider than
30 meters. It offers a viable alternative for river discharge monitoring in areas where gauging stations are
no longer operational. Additionally, a 300-meter SIRC shows higher precision compared to a 600-meter
SIRC at the riverbed below the gauging station. The results of the trend test indicate that the amount of
discharge product is decreasing over time. The NIR reflectivity and GIoFAS reanalysis products have been
successfully implemented for effective monitoring of river discharge. However, low spatial resolution
remains a significant limitation. We recommend that the MPR approach can be successfully applied to
rivers wider than 30 meters. Enhancing the accuracy of river discharge monitoring during peak flood events
will improve the fitting equations used in remote sensing discharge estimation.
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Abstract

Groundwater recharge is a vital component of the hydrological cycle and impacts the accessibility,
allocation, and sustainable use of groundwater resources for water supply, irrigation, and industries.
However, estimating groundwater recharge remains challenging due to climate variability and limited
hydrological and hydrogeological data availability. Groundwater recharge investigations in mountain block
and mountain front settings are critical as the recharge mechanism is highly determined by topography,
precipitation characteristics, and heterogeneity of unsaturated and saturated zones. Here, we presented a
comprehensive approach to understand the spatial distribution of recharge and the conceptualization of
recharge mechanisms in the Raya Valley Aquifer System, in Ethiopia. The isotope hydrogeological,
hydrogeochemical, well hydraulic, and hydrological data were compiled to understand the recharge
mechanism and estimate recharge by considering the mountain blocks and linkage to the lowland graben
alluvial deposits. The hydrochemistry data reveal the quaternary formation-dominated aquifer systems, and
the mountain blocks depict a geochemical evolution signature dominated by Mg-HCOs > mixed > Na-
HCOs > NaCl waters along the groundwater flow. The evidence of the percentage of modern carbon isotope
(carbon-14) and stable water isotopes (62H and 6180) revealed the western and eastern mountain blocks
receive recent recharge through direct rainfall infiltration both in the humid mountain blocks and arid
lowlands. These methods highlight the alluvial valley recharges during intense rainfall event-based runoff
on the western highlands, causing flooding and intermittent stream flow as mountain front recharge and
seeping water of the mountain blocks through the basaltic volcanic via fractures and faults toward the valley
alluvial floor. The estimated groundwater recharge using the water balance and chloride mass balance
(CMB) methods showed that the western mountain blocks receive the highest annual rate, amounting to 73
mm and 106 mm, respectively. The groundwater flows from the western and eastern flanks towards the
graben zone, then a cumulative flow in the southeastern direction heads to the Afar depression. This study
highlights that the need for sustainable groundwater uses for irrigation and water supply requires adequate
estimation of groundwater recharge and conceptualizing the recharge mechanisms.

1. Introduction
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Understanding the groundwater dynamics in mountainous landscape and associated valleys is important for
planning sustainable water use?, especially in areas where groundwater-dependent irrigation projects takes
the prominent role in achieving food independency, the impact of unregulated and mismanaged exploitation
is pronounced?. This may discourage legal agricultural investments, backing community based and private
groundwater misuses, then policy makers will unable to manage and develop sustainably®. The varying
topographic nature of Ethiopia and hydro-geological settings could make the groundwater resource to be
influenced by climate variability, rainfall characteristics and land use/cover changes as a function of time
and across space*°. In mountain blocks and mountain fronts, understanding the source and mechanism of
groundwater recharge has got the attentions of researchers in different regions of the globe®?. Different
approaches have been practiced for water budget components assessment, essentially the groundwater
recharge, conversely depends on the hydrogeological setting, hydro-meteorological condition, data
requirement and availability!*. In Ethiopia, the state and non-state actors on groundwater-based irrigation
practices, particularly in the Raya valley basin, made the area an irrigation corridor of the region®?.
Nevertheless, the groundwater inadequacy and usage along with the rising water demands is fundamental
and could impact the groundwater sustainability8, dulling the struggle for food independence amidst the
national food insecurity concern, which is being reflected higher than the domestic water demand and

supply gap.

Moreover, urbanization and agricultural development centered projects in the Raya valley has been
expanding periodically®®, impacting the quality and quantity of the groundwater resources?>?*, where its
availability for planned water development demands is becoming uncertain. Accordingly, it is imperative
to comprehend precisely the linkage between the upland water sources, the mountain block, the valley
potential zones, the mountain fronts, and the hydrogeochemical water types for sustainable and improved
groundwater resources usages. Thus, the necessity of a comprehensive and coherent data driven study that
optimizes the application of available field data for solving on-ground problems is considered in this work.
The study details the hydrodynamics of the groundwater resource across mountain blocks, connected
compartments, and mountain fronts. It further outlines the estimated recharge rates and mechanisms, along
with the hydrogeochemical conditions and their evolution, and acknowledges the significant contributions
of numerous researchers in establishing the foundational groundwater-related data for the areal"1%2022-25,
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2. Material and Method
2.1.Study Area
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Figure 1: The Raya valley basin is located in the northern part of Ethiopia

This area bounded by Maichew mountains in the north, central Ethiopian highlands in the west, Chercher
mountains in the east, and Waja village in the south, with a total area of 2653 km?2. Geomorphologically
the western highland is predominantly volcanic rocks and valley floor is recent unconsolidated to semi-
consolidated formation. The Eastern highland composed of various rock formations.

2.2.Hydrogeological Setting

The study area exhibits a diverse geological setting characterized by Precambrian meta-dunite and meta-
pyroxenite having low-permeability basement rocks, jointed Mesozoic Antalo Limestone possessing
fracture-controlled aquifer, and friable Amba Aradam sandstone characterized as porous aquifert720,
Quaternary alluvial and fluvio-lacustrine deposits in the central valley form productive multilayered
aquifers, with thickness and grain size ranging from gravel to clay decreasing westward, while floodplain
sediments act as aquicludes. Tertiary-Quaternary basaltic volcanics, the Ashange formation, dominantly
found in the western and eastern highlands, where fracturing and weathering create high-recharge zones,
evidenced by springs. Colluvial deposits along the western escarpment and inter-fluvial sediments further
contribute to groundwater storage, though productivity varies spatially, with the highest yields in coarse-
grained alluvium and fractured volcanics. Lake Hashange’s unconsolidated margins and the valley’s
structural compartments, the Western and Eastern highlands and central valley define distinct groundwater
flow regimes>*’,

19|Page



23" International Symposium on Sustainable Water Resources Development: May 23-24/2025

2.3.Methods
2.3.1. Data compilation

A daily record of operating meteorological stations collected from the national meteorological agency of
Ethiopia, consisting of one or more meteorological parameters was considered. The Ethiopian Ministry of
Water Resources, the Ethiopian Institute of Geological Survey (EIGS), the Relief Society of Tigray (REST),
and the Tigray Regional Water Resources Bureau (TRWRB) were sources of the water quality and
lithological log data, in addition to the pre-existing technical reports on hydrogeological conditions of the
study area. The stable and radioactive water isotope compositions were collected from the database of the
Ethiopian Ministry of Water Resources and the Ethiopian Institute of Geological Survey technical report?;
where manual extraction with visual inspection techniques was used to trace the sampling site locations.
Generally, two hundred sixty data points of transmissivity and hydraulic conductivity and ninety-nine stable
water isotope (8°H and '80) compositions, collected from different water types, were considered for this
study. The water samples for the stable isotope composition were labeled based on the sampled water type
and sampling site; and the samples were represented as fourteen rainfalls, sixty borehole waters, twelve
hand-dug waters, seven spring waters, two lake waters, two samples from stream flow, one from swamp,
and one from flood water. Moreover, thirteen groundwater samples for the percentage modern carbon
(carbon-14), one hundred ninety-nine static water level data points, two hundred seventy-six hydrochemical
data, one hundred fifty-five lithological logs, and twenty-three chloride concentration data were assembled
for this work after being checked for data quality standards.

2.3.2. Water isotope composition and hydrochemistry analysis

The stable isotope of water (deuterium and oxygen-18) collected and analyzed following scientific
analytical procedures and labeled as per the water types?®?’. The stable isotope concentrations were
measured as a ratio of the rare to the abundant isotope and expressed as the difference in this ratio between
the sample and a known reference as per VSMOW. Moreover, data of IAEA/WMO stations found in
different parts of Ethiopia were combined for a concise and particular understanding of the isotopic nature
of Raya Valley waters relative to the national meteoric water line. Besides, the thirteen radioactive water
isotopes (carbon-14) of groundwater were collected and integrated with complementary data?®?’.

The hydrochemical data collected was further screened based on the purpose and data quality requirement
of this work. Water samples were collected from locations across the alluvial valley and the highland
mountain blocks; the measured ion concentrations were checked. Considering 10% as the threshold, 274
samples are screened and used for this purpose.

20|Page



23" International Symposium on Sustainable Water Resources Development: May 23-24/2025

2.3.3. Groundwater Indications
2.3.3.1. Groundwater Flow and Hydrogeochemical Status

The cation and anion concentrations of the groundwater samples were used to prepare piper diagram aiming
to recognize the origin and hydrogeochemical evolutions of the Raya valley groundwater resources. The
electrical conductivity parameter as water quality and salinity indicator was used along the piper plot and
corresponding lithological formations. The temperature effect was neglected as the mean temperature of
the Raya valley groundwater is same as the default value, 25°c, but the measured PH value was considered®.

A joint implications of static water level, electrical conductivity, percentage of modern carbon (carbon-14)
in the groundwater resource, and composition of 5'80, and associated change in the waters of the mountain
blocks and mountain fronts were used to describe groundwater flow and accumulations®?, The
groundwater residence time from the percentage of modern carbon content (carbon-14) indicates the
possible flow paths across the hydrogeological setting and groundwater accumulations?. The spatial
representativeness of the groundwater data samplings in central valley, the groundwater potential zone, and
varying hydro-geologic settings were comprehended for the rationale of this work. Moreover; previous
groundwater sampling campaigns for 580 water isotopes and hydrogeological investigation of the area?’,
and other groundwater related data such as the static water level and electrical conductivity were amassed
and incorporated. The integrated retrospective source and flow?’, interpreting the percentage of carbon-14
content mainly in the Raya graben?, was implemented. Thus, cross-sectional profiling approach was
adopted to produce a broader image of groundwater flow directions and accumulations.

2.3.3.2. Groundwater Recharge

The groundwater recharge sources and mechanism were explained based on water isotopic compositions
collected and analyzed from different sources in the wet and dry months; such as surface water, lake water,
and wells. The stable isotopic composition of deuterium (8°H) and heavy oxygen (8'80) in each sample as
analyzed in a laboratory and expressed relative the international standard mean ocean water (SMOW). This
approach has the advantage of exploring groundwater recharging sources and mechanism minimizing the
uncertainty in zones demonstrating little recharges, and is recommended in arid and semi-arid areas®®. The
CMB and water balance approaches were applied to estimate the groundwater recharge in the plain area
and interconnected highland. The samples were collected from the central alluvial valley, eastern and
western compartments from rainfall, wells and lake Hashenge waters. The residence time of surface flowing
from the head water, the mountain blocks, to plain areas was considered small®°; implying chloride
concentration of the recharging flood water could be equivalent to groundwater in the lowland.
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3. Result and Discassion
3.1. Results
3.1.1. Isotope of WATERS

The spatiotemporal variability of stable water isotopes (8'0 and & ?H) signatures across Ethiopia doesn’t
depict a linear pattern, which could due to variations in climatological, seasonal, and topographical features
[add citation]. The IAEA/WMO stations indicated that the seasonal weighted mean of 380 compositions
was 2.02 (summer), -0.51 (fall), 0.08 (winter), and 0.07 (spring); while the §°H indicator similarly revealed
-2.55 (summer), 9.77 (fall), 13.64 (winter), and 13.29 (spring) expressed in per mil (%o) and the 380 versus
52H relationship showed positive correlation with Pearson correlation, r = 0.95. Likewise, the rainwaters in
the Raya valley has ranged (-7.61 to 0.88)%o and (-45.19 to 14.12)%o respectively for 50 and 6°H
compositions. And, the average isotopic compositions and median were found -2.68 %o and -2.64 %o for
8180 and - 6.83 %o and -6.21 %o for 8°H, respectively. This indicates mostly the Raya valley basin is
characterized by depletion in isotopic signatures of %0 and & 2H, which means the rainwater wasn’t
broadly open to overriding direct evaporation regardless of the existing spatial variabilities. Although the
5180 and &%H isotopic composition differences have been observed among rainfall samples, resembled to
the national LMWL, Ethiopia, defined by: §°H = 7.4*§%0 + 11.4%o, R? = 0.95 and r = 0.95. Furthermore,
the d-excess parameter of the rainfall samples gathered in the study area ranges from 1.63%o to 22.34%o.
The water samples gathered from boreholes, hand-dug wells, and spring water resources were used to infer
groundwater recharge condition; and the §'%0 and 6°H compositions were positively correlated with r =
0.85 and resemble the LMWL. The 60 and 8°H relationship shown proper fit with the regression line,
given as: 2H = 5.92 80 + 5.83%o, (R?=0.72). The samples collected of all water types showed similar trend
with the local meteoric water line (LMWL), which implies water of local meteoric origin.

5H=7.45"0 + 11.4%0
L J
®
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Figure 2: The isotopic composion (330 and §?H) of sampled water types) and LMWL
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3.2.1. Hydrogeochemistry

The hydrochemical analysis of the groundwater samples are plotted on a Piper trilinear diagram (Figure
3). In essence, water samples from the quaternary sediment sources, more expressed in the central
valley, have a bicarbonate source; however, some samples indicate a calcium type, and sodium,
potassium and magnesium types. The samples collected from Hashenge formation marked all a
bicarbonate source of water, but they have calcium dominant cations, and some with sodium and
potassium sources. The samples obtained from the Fursa formation showed mostly sodium and
potassium source types, and with no dominant anion. The quaternary lithological formations revealed
magnesium bicarbonate waters, although exceptional samples identified mixed and sodium bicarbonate
waters. However, the Fursa lithological formation has sodium chloride waters. Similarly, the Hashenge
formation has mostly sodium bicarbonate water types next to magnesium bicarbonate. Generally, it
reveals that though most of the water samples showed no dominant cations; Ca?* is found expressively
higher than Mg?* and (Na*, K*). Likewise, the carbonates (CO3%, HCO3) were found more expressed
then CI-and SO4 2*. Most of the samples collected from the quaternary geologic formation dominantly
found in the central valley lied in the magnesium bicarbonate zone and some in sodium bicarbonate
water types.

b)

Hydrolithological Formation
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® Hashenge Formation

Fursa Formation
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Figure 3: a) Piper diagram and b) box plot

In Figure 3: a) indicates the Piper diagram through which the hydrogeochemical composition and type of
waters in the Raya valley basin was identified; where the anion composition is dominated by alkalinity as
HCO3! whereas percentage composition of most of the cations are below 50. While b) states box plot of
the electrical conductivity of the waters as arranged based on their median value. The electrical conductivity
of the quaternary, Hashenge, and Fursa formations ranges from 239 uS/cm to 2730 uS/cm, (1776 to 308)
puS/cm, and (2360 to 446) uS/cm, respectively, while their corresponding analytical variables of mean and

median were (744.8, 641) uS/cm, (501.4, 391.5) uS/cm, and (1031.7, 878) uS/cm.
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3.2.3. Groundwater Recharge

The variability in 3'80 and 8*H compositions in the volcanic highlands (western and eastern) and central
alluvial valley compartments indicates the controlling hydroclimatological response through the
hydrogeological settings. The subsurface seepage over the volcanic mountains tracing associated faults and
fractures as mountain block-driven mountain front recharge, flash flooding, and rainfall through direct
infiltration were identified as the dominant sources and mechanisms of groundwater recharge. The
groundwater recharge occurs dominantly in the months of July and August following the rainy seasons.
The chloride mass balance (CMB) approach revealed that the highest mountain front recharge (MFR) was
in the wester highlands, estimated to be 106 mm/year; and the groundwater recharge in the eastern mountain
blocks and central alluvial valley was similarly approximated to be 57 mm/year. The water balance
approach indicated the mountain block recharge in the western highlands was estimated to be about 73
mm/year. And, the recharge in the eastern part and alluvial valley was 81lmm/year and 66mm/year
respectively; in addition to the flash flooding that could be generated from the western escarpments to the
plain area.

3.2.4. Groundwater Flows and Accumulations

The groundwater flows through the western and eastern volcanic highlands towards the alluvial valley, and
exits in south-eastern part of the study area; ensuing the course of routing and accumulations. The real-time
rainfall characteristics, especially in the rugged topography and associated geologic settings, influences the
groundwater depth. Generally, the peizometric surface exhibits a decreasing trend toward the quaternary
alluvial valley compared to the western and eastern highlands, suggesting that groundwater flows to the
central graben area, where groundwater-based irrigation development is commonly practiced. Moreover,
the shallow groundwater depth in the swampy area around Gerjale, varying to one hundred (100) meters in
the mountain fronts and central valley; then the groundwater interacts with various water source and
geologic formation along the flow direction toward the outlet, Selen-Wuha, in the southeastern of the
groundwater aquifer boundary. Similarly, the groundwater flow direction in the Alamata area is
predominantly from West-East direction towards the Afar rift through Selen-Wuha.
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Figure 3: Groundwater flow direction in the Raya valley hydrogeological setting:

The profile line A-A’ transects the western mountain blocks of northern area to the eastern counterpart
and showed the groundwater flows from the western and eastern blocks draining into the plain valley
following the alluvial graben.

3.2.Discussion

Hydrogeochemical and physiochemical data help explain groundwater flow direction, potential rock-
water interactions, and the recharge rate and mechanisms. In the western highlands, low total dissolved
solutes and a geochemical signature is dominated by Mg and Ca—HCO:s indicate recent recharge with
minimal rock-water interaction. However, along the flow path, increasing dissolved solutes and a shift
toward Na—HCOs dominance reveal stronger rock-water interactions. Additionally, the groundwater
system contains mixed and Na—Cl water types which were not yet addressed in previous worksZ.

In line with studies conducted in the region, the stable isotope content of water samples collected from
boreholes, hand-dug wells, springs, rivers, and lakes in the central valley and highlands suggested a
local meteoric origin (LMWL); where groundwater recharge was largely from rainfall direct infiltration
after some fractionation in the rainy seasons®34, The groundwater samples collected in the western and
eastern mountain blocks were found significantly depleted in 580 and &°H relative to the quaternary
alluvial valley that were moderately enriched, implying recent groundwater recharge in the mountain
blocks and has been the source of moisture through surface flooding and groundwater seepage, mainly
the western mountains. Moreover, isotopic enrichment in 50 and & 2H was expressed in the central
alluvial valley prior to joining into the groundwater reservoir due to atmospheric dehumidification and
evapotranspiration, that indicated this was a governing hydrological process in the hydrogeological
compartment.

The estimated groundwater recharge using water balance and CMB methods showed significant
difference in the central alluvial valley and western mountain blocks. The CMB method underestimated
in the valley, validating the main source of recharge in the graben zone was direct rainfall infiltration
during the rainfall events, and overestimated in the western mountain chains which might due to the
inherent weakness of the approach that failed to include the impact of the complex hydro-stratigraphic
factors®3, The spatial variability and partitioning of the water balance components based on the
hydrogeological compartments and foot-hills showed disagreement with prior research works on
groundwater assessment of the area??; but revealed hydrological conceptualization with the research
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works!®1° The broader image of groundwater potential zonation, replenishment mechanism, and
sources depicts similar implication to aforementioned works'?4, This is critical when it comes to
groundwater resource management and sustainability.
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Abstract

Soil moisture monitoring with multispectral satellite data is crucial for improving agricultural
productivity and resilience to drought, particularly in data-scarce regions like Ethiopia. Existing studies
overlook the distinction between antecedent and residual soil moisture, limiting its impact on drought
evaluations during critical crop seasons. This study aimed to investigate the spatio-temporal patterns of
antecedent and residual soil moisture and their influence on agricultural drought. The soil moisture data
was obtained from six satellite sensors (SMAP, AMSR2, SMOS, ASCAT, GLDAS, Sentinel-2A) and
in-situ measurements. Soil moisture level was estimated utilizing the OPTRAM (Optical Trapezoid
Model) based on Sentinel-2A data, whereas agricultural drought was evaluated using the SMDI (Soil
Moisture Deficit Index). The results show that both antecedent and residual soil moisture levels are
rising, with residual moisture increasing at greater rates (0.03 cm/cm per year) than antecedent moisture
(0.01 cm/cm per year). Moisture levels were higher in the northern and northeastern regions, while lower
in the southern and southwestern districts. The most severe and extreme drought conditions happened
between 2016 and 2024, with extreme drought mainly occurred in autumn and the severe drought in
spring. The seasons with lower soil moisture levels suffered more extreme droughts, indicating the direct
impact of soil moisture availability on drought severity. This study emphasizes the importance of in-
situ soil moisture management in mitigating drought impacts, as well as the potential of global satellite
information to guide local drought management and decision-making.

Keywords: Sentinel-2A, OPTRAM, Soil Moisture Estimation, SMDI, Agricultural Drought

1. Introduction

Soil moisture is crucial for agricultural production, water resource management, and ecosystem
sustainability, particularly in rain-fed areas (An et al., 2024; Laker & Nortjé, 2024). Ethiopia, where
more than 80% of the population relies on agriculture for a living, is extremely sensitive to the effects
of irregular rainfall and drought (Molla et al., 2024; Tofu, 2024). The Tana Sub-Basin of Ethiopia's
Upper Blue Nile River Basin, one of the country's most agriculturally productive areas, has experienced
periodic droughts and variable rainfall patterns in recent decades (Wubaye et al., 2023; Sishah et al.,
2024). These climatic changes imperil the region's food security and agricultural sustainability
(Bouteska et al., 2024; Berhanu et al., 2024).
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In-situ sensors and gravimetric method sampling are two popular ground-based techniques for
determining soil moisture content, but their use is often limited by their high cost, labor requirements,
and limited spatial coverage (Robinson et al., 2008; Schréter et al., 2015; Mukhlisin et al., 2021;
Meshram et al., 2024). Satellite remote sensing, on the other hand, has become an essential instrument
for tracking soil moisture across wide regions (Ahlmer et al., 2018; Zhuo, 2021; Abdulraheem et al.,
2023; Veysi, 2024). Particularly in isolated and inaccessible locations, satellite-based soil moisture
estimates provide provides an economical and effective way to monitor soil moisture variability
(Entekhabi et al., 2010; Dorigo et al., 2015; Kerr et al., 2016; Peng & Loew, 2017; Balsamo et al.,
2018).

Remote sensing technology has had a great advancement in the precision and spatial resolution of
satellite-derived soil moisture estimates (Liu et al., 2021). Various satellite missions, including Soil
Moisture Active Passive (SMAP), Soil Moisture and Ocean Salinity (SMOS), Advanced Microwave
Scanning Radiometer (AMSR2), and Advanced Scatterometry (ASCAT), offer valuable datasets for
soil moisture monitoring at various spatial scales (Entekhabi et al., 2010; Kerr et al., 2010; Chen et al.,
2018). SMAP typically provides soil moisture data at a spatial resolution of 36 km using its L-band
radar and radiometer, although higher-resolution data (~9 km) can be obtained with interpolation
(Entekhabi et al., 2010). SMOS offers a resolution of 35 to 40 km (Kerr et al., 2010, 2016). AMSR2 has
a resolution of 10 to 50 km, with a typical value of 25 km (Du et al., 2017), but ASCAT has a 25 km
resolution (Wagner et al., 2013). These satellites use active and passive microwave sensors, with
accuracy affected by factors such as vegetation cover and surface roughness (Wang & Qu, 2009;
Panciera et al., 2014; Vereecken et al., 2014; Hajj et al., 2018).

Radar-based sensors, such as those on Sentinel-1, offer all-weather, day-and-night monitoring
capabilities, making them ideal for continuous soil moisture measurements (Hateren et al., 2023;
Gatagat et al., 2024). Sentinel-1 has a resolution of up to 250 kilometers (Torres et al., 2012; Petropoulos
et al., 2015), and soil moisture assessment with Sentinel-1 can be difficult in areas with unique surface
features, such as thin soil layers (Bazzi et al., 2024). Recent improvements in data fusion, such as the
merging of the ASCAT and Sentinel-1 datasets, have addressed these limitations by producing higher-
resolution outputs as fine as 1 km (Bauer-Marschallinger et al., 2017, 2019). The Global Land Data
Assimilation System (GLDAS) integrates SMAP and Landsat data to offer a comprehensive assessment
of soil moisture (Fang et al., 2008; Portal, 2022; Albano et al., 2023; Boutin et al., 2023), with a
resolution of 25 km (Rodell et al., 2004).

High-resolution optical satellites, such as Sentinel-2 launched by the European Space Agency (ESA),
have recently altered soil moisture monitoring (Sadeghi et al., 2017; Ambrosone et al., 2020; Burdun et
al., 2020). The satellite excels at recording surface features with spatial resolutions ranging from 10 to
60 meters, allowing for extensive monitoring of vegetation, soil quality, and water distribution (Drusch
et al., 2012). Sentinel-2 is an effective tool for estimating soil moisture for precision agriculture
(Vreugdenhil et al., 2024; Shokati et al., 2024). The mission’s dual satellites, Sentinel-2A and Sentinel-
2B, launched in 2015 and 2017, respectively, deliver multispectral data critical for a wide range of
environmental applications (Olivier et al., 2023). Nonetheless, their utility is occasionally limited by
cloud cover and irregular sunlight, which affects data reliability (Tiede et al., 2021; Tarrio et al., 2020).

Sentinel-2 satellites provide multispectral images that can be utilized for estimating soil moisture using
indices such the Normalized Difference Vegetation Index (NDVI) and Shortwave Infrared Transformed
Reflectance (STR) (Sadeghi et al., 2017; Vreugdenhil et al., 2024; Shokati et al., 2024). These signals
allow the monitoring of soil characteristics that have a direct or indirect relationship to soil moisture
levels (Mehrez et al., 2023), surface water presence (Xue et al., 2024), and vegetation health (Kumar et
al., 2023). High-resolution optical data from Sentinel-2A has been emphasized in recent research as
being especially crucial for improving soil moisture estimation models (Vreugdenhil et al., 2024;
Shokati et al., 2024; Shokati et al., 2024; Ya’nan et al., 2024; Xue et al., 2024).
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Drought is a pervasive natural hazard that disrupts agricultural systems (Visessri & Heng, 2024),
endangers food security (Roy et al., 2024), and undermines economic stability ((Song et al., 2024;
Sharma et al., 2024). Ethiopia has experienced recurrent droughts, with serious consequences. The El
Nifio (2015-2016) drought caused rainfall shortages (OCHA, 2016; UNICEF, 2016), leading to crop
failures and livestock losses, worsening food insecurity (Mulualem et al., 2024; Abdela, 2024). More
recently, the Horn of Africa drought (2020-2023), the worst in decades, affected Ethiopia and
neighboring countries (UNICEF., 2023; Mulualem et al., 2024; Abdela, 2024). Agricultural drought,
characterized by insufficient soil moisture during critical crop growth stages, results in water stress,
reduced yields, and in severe cases, complete crop failure (Boken et al., 2005; Fahad et al., 2017; Ajaz
etal., 2018).

Agricultural drought risk monitoring can be effectively assessed by evaluating soil moisture deficits
during critical cropping seasons (Zeri et al., 2022; Luan et al., 2024; Satapathy et al., 2024). Satellite-
based soil moisture estimation has emerged as a vital tool for improving drought assessment and early
warning systems (Ning et al., 2024; Blanka-Végi et al., 2025). Drought indices, such as the Standardized
Precipitation Evapotranspiration Index (SPEI) and the Palmer Drought Severity Index (PDSI), are
generally based on rainfall and temperature data (Tirivarombo et al., 2018; Tian et al., 2020). The Soil
Moisture Deficit Index (SMDI) is particularly successful in monitoring agricultural drought risk
(Martinez-Fernandez et al., 2015, 2016; Zhu et al., 2019) and has excellent connections with vegetative
health indices. This makes it a valuable tool for assessing the impact of drought on agricultural
productivity (Ning et al., 2024; Wu et al., 2024; Hernandez-L6pez et al., 2024).

Several satellite-based soil moisture studies have been carried out in the Upper Blue Nile River Basin
(Ayehu et al., 2020; Astuti et al., 2022; Daniel et al., 2023); however, research on antecedent (pre-
existing) and residual (post-event) moisture soil moisture dynamics is limited and its implication for
agricultural drought is not clearly understood. This study monitoring agricultural drought risk by using
satellite-based antecedent and residual soil moisture estimates. Soil moisture dynamics estimation is
critical for drought monitoring and optimizing water resource management in rain-fed agricultural
systems (Ning et al., 2024; Wu et al., 2024). Satellite-derived soil moisture estimates effectively reflect
antecedent and residual soil moisture levels, making them a reliable indicator of agricultural drought
risk.

2. Materials and methods
2.1. Study area

The research was carried out in Ethiopia's Tana sub-basin, which is part of the Blue Nile River Basin
and contains the country's largest freshwater body (Birara et al., 2018). The Sub-Basin is located
between 10.9° N to 12.8° N and 36.5° E to 38.2° E (Fig. 1). The Tana Sub-Basin has an area of 15,321
km?, including the Lake Tana area of 3041 km? and an altitude varying from 1784 m at Lake level to
about 3400 meters above sea level (m.a.s.l.) in the Guna Mountain. Nevertheless, most of the basin is
located at elevations ranging from 1780 to 2500 m.a.s.l.
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Figure 1. The study area map of the Tana Sub-Basin shows the location of the in-situ (gravimetric and
TDR) measurements and a digital elevation model as a background.

2.2. Dataset
2.2.1. In-situ soil moisture data

In this study, the in-situ soil moisture measurements were collected from 114 locations in the basin:
from 5 locations using gravimetric and 109 locations using TDR (Time Domain Reflectometry). A
gravimetric method was also used to measure soil moisture at the sampling site. The sixty undisturbed
soil samples were taken at a depth of 10 cm from five representative study sites in the basin (Fig. 1) in
accordance with the dates of satellite acquisition. To capture seasonal fluctuations, sampling took place
between April and May for antecedent soil moisture and between September and December 2023 for
residual soil moisture.

2.2.2. Remote sensing data and image processing

This study utilizes soil moisture datasets from six satellite sensors (Table 2). These satellites were
chosen based on the availability of data along with spatio-temporal resolution and revisit time. These
involve direct download and extraction of data from ASCAT, AMSR2, SMOS, SMAP, and GLDAS
from the access link (Table 2). Sentinel-2A images were retrieved from 2016 to 2024 for 114 sampling
sites (378 images per site) between March and May, and September and December.

Table 2. Summary of satellite soil moisture products datasets.

Spatial Temporal Revisit

. ) Retrieval Method Data Source
Resolution Coverage Time

Satellite  Sensor Type

Passive 2015- L-band Radiometer NASA
SMAP — icrowave 0 Km present 2-3 days (Level 2, 3) SMAP
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Passive 2012- X- and K-band JAXA
AMSR2 microwave ~10km present 2 days Radiometer AMSR2
SMOS Pa}sswe 95 km 2010- 3 days L-band Radiometer ESA SMOS

microwave present (Level 2, 3)

Active ~ 12525 2007- C-band EUMETSAT
ASCAT  microwave km present 1-2 days Scatterometer ASCAT

(radar)

Multiple 25 km 2000 - Land Surface Model GLDAS
GLDAS Satellite (0.25°) Present 3 hours (Noah) Data Access
Sentinel- Optical - 10-60m 2015- 5 days (at Optical/Multispectr ESA
2A multispectral present equator)  al Retrieval Sentinel-2

2.3. Methods

2.3.1. OPTRAM parametrization

The OPTRAM (Optical Trapezoid Model) has been employed to estimate soil moisture from Sentinel-
2A images. The model parameters for the dry (id, sd) and wet (iw, sw) edges were determined from the
pixel distributions within the STR-NDVI space using Sentinel-2A imagery. This was conducted in a
Python environment utilizing packages for data processing and parameter fitting (‘pandas,’ 'numpy,’
'scikit-learn’). A linear regression method was applied to the STR-NDVI point cloud to determine the
dry and wet edge parameters. The dataset included atmospherically corrected imagery, filtered to the
Tana Sub-Basin region (2022—-2023), with less than 10% cloud coverage.

2.3.2. Calibration of the OPTRAM

The OPTRAM model was calibrated using in-situ soil moisture measurements and the Sentinel-2A
dataset, and the dry and wet edge parameters were adjusted iteratively to meet the local conditions.
These attributes were initially derived from the NDVI-STR pixel distributions. These initial parameters
were then improved in Python using least-squares regression with the "scipy" package to reduce the sum
of squared disparities between measured and estimated soil moisture values. The analysis focused on
the antecedent and residual soil moisture levels. The residual soil moisture occurs in autumn, which is
from September to December, and antecedent soil moisture is in spring, which spans April to May.

2.3.3. Accuracy assessment and validation

The accuracy of six satellite-derived soil moisture products (Table 2) was evaluated against with in situ
measurements using six statistical criteria. These include Coefficient of Determination (R?), Root Mean
Square Error (RMSE), unbiased Root Mean Square Error (UbRMSE), Mean Absolute Error (MAE),
Percentage of Bias (PBIAS), and Kling-Gupta Efficiency (KGE).

2.3.4. Agricultural drought indices
2.3.4.1. Soil Moisture Deficit Index (SMDI)

The SMDI has been recently proposed (Narasimhan & Srinivasan, 2005) and has shown good results to
characterize the agricultural drought based on soil moisture series and basic soil water parameters
(Martinez-Fernandez et al., 2015, 2016; Zhu et al., 2019). The SMDI is calculated as follows:

SMDI = (“’g‘ﬂ) x 10

AWC
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Where 0, Oawc, Orc represent volumetric soil moisture (m3/m?) at available water capacity (AWC) and
field capacity (FC), respectively. Drought has occurred when the SMDI value is negative (Allen et al.,
1998; Martinez-Fernandez et al., 2015, 2016). According to Narasimhan & Srinivasan (2005), SMDI >
0 is No Drought, -2 to 0 is Mild Drought, -2 to -5 is Moderate Drought, -5 to -10 is Severe Drought, and
<-10 is Extreme Drought.

3. Results and Discussion
3.3. Evaluating satellite soil moisture products

The effectiveness of six satellite-based soil moisture products was shown to differ greatly when
compared to ground-based observations (Table 5).

Table 5: The performance evaluation of six satellite-based soil moisture products using in-situ
measurements (collected using gravimetric and TDR) collected from January to December 2023.

Satellite Statistical metrics

products R2 RMSE  MAE PBIAS KGE ubRMSE
SMAP 0.691  0.048 0044 -1682 082  0.047
AMSR2 0484  0.062 0044 12463 072  0.043
SMOS 0.798  0.039 0033  1.719 085  0.038
ASCAT 0642  0.051 0034  -5.89 084  0.047
GLDAS 0314  0.098 0083 2321 062  0.055

Sentinel-2A 0.890  0.030 0.026  -0.012 0.94 0.029

3.4. Spatiotemporal patterns of antecedent and residual soil moisture

The analysis of antecedent and residual soil moisture from 2016 to 2024 reveals a rising trend over time
(Fig. 4). The antecedent soil moisture level (Fig 4a) was increased by 0.0024 per year, while residual
soil moisture (Fig. 4b) exhibited a slightly higher annual increase of 0.0031 per year.
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Figure 4. Trends in Antecedent (a) and Residual (b) Soil Moisture from 2016 to 2024 estimated using
Sentinel-2 images.

The spatial distribution of antecedent and residual soil moisture across the basin exhibits significant
variability. The result shows central and southwestern regions have greater antecedent soil moisture
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levels (Fig. 5a), particularly around Lake Tana. The southern and southeastern regions of the basin, on
the other hand, have the lowest antecedent moisture values. The highest levels of residual soil moisture
(Fig. 5b) have been found in the basin's eastern and northeastern regions, where moisture retention
appears to be more prevalent. The western and northwestern regions, on the other hand, have
significantly lower residual moisture content.
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Figure 5. Spatial distribution of antecedent (a) and residual (b) soil moisture levels over the basin
(excluding Lake Tana), produced using OPTRAM from Sentinel-2A images (2016-2024).

3.5. Agricultural drought evaluation

Drought conditions occurred in the region in spring (between 2016 and 2024 of March to May) was
with varied severity (Fig. 6a). In 2016 and 2017, extreme drought prevailed across March, April, and
May, with smaller SMDI values (below -11). In 2018, we identified a severe drought (SMDI value of -
9.14) in April, but it remained extreme in March and May. In 2021, March saw severe drought (SMDI
rating of -7.86), while April and May worsened to extreme drought. In 2023, there was a notable shift,
with April marking the first instance of moderate drought (SMDI score of -4.75), but March and May
remained in severe drought. The most severe drought remains in March and April of 2024, but moderate
drought returns in May (SMDI score of -4.77).
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Figure 6. Agricultural drought evolution from 2016 to 2024 During March-May (a), and September to
November (b).

The drought pattern in the region changed dramatically in autumn (between September and November),
from high and severe drought to moderately wet and no drought scenarios (Fig. 6b). Drought conditions
were severe in 2016, with extreme drought in September and October, but severe drought improved
slightly in November. In 2017 and 2018, drought intensity gradually decreased, with all months
categorized as severe drought and SMDI values slowly rising. This pattern continued into 2019 and
2020, with severe drought reigning supreme, with the exception of November 2019, when extreme
drought briefly returned.

Drought conditions continued to improve by 2021, with mild drought in September and October,
followed by severe drought in November. In 2022, a substantial shift occurred, marking the first
transition to positive SMDI values, with September being classed as moderately rainy, October as
somewhat wet, and November seeing only mild drought. This pattern continued in 2023, with September
and October remaining fairly wet, and November rated as slightly wet. Drought conditions improved
significantly in 2024, with no drought in September, slightly moist October, and a mild drought in
November.

The soil moisture estimates derived from six satellite datasets identifies comparable biases. The results
show AMSR2, GLDAS, and SMOS underestimate soil moisture, while ASCAT and SMAP
overestimate it due to differences in spatial resolution, retrieval method, and sensor sensitivity. Passive
microwave sensors, such as AMSR2 and SMOS, struggle in areas with dense vegetation and varying
soil qualities (Owe et al., 2008; Wang, 2018), whereas active sensors, such as ASCAT, are prone to
overestimation due to their sensitivity to surface roughness and vegetation water content. This is
consistent with previous studies by Albergel et al. (2012) and Wang (2018), which demonstrated SMOS
underestimation in humid regions and semi-arid zones. The Sentinel-2A emerges as the most reliable
dataset for estimating soil moisture due to its high spatial resolution (10 m) and capacity to capture
critical vegetation indices (Vreugdenhil et al., 2024; Shokati et al., 2024). These findings provide new
insights into satellite-based soil moisture retrieval, stressing the importance of sensor-specific
corrections in drought monitoring and agricultural water management.

The long-term trend of soil moisture is strongly influenced by rainfall variability. The findings suggest
that both antecedent and residual soil moisture levels have increased over time, closely aligning with
the observed rise in precipitation. This aligns with the work of Van Hateren et al. (2023),
who observed that increasing rainfall contributes to higher soil moisture levels, as well as Ayehu et al.
(2020) and Astuti et al. (2022), who reported seasonal soil moisture enhancements linked to shifting
rainfall patterns. The results also reveal that residual soil moisture is invariably larger than antecedent
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moisture, due to the accumulation of prior summer (kiremt) rainfall, which persists in the soil and
extends into the autumn season. Besides, offset rainfall (late-season precipitation) surpasses onset
rainfall (early-season precipitation), which enhances soil moisture retention. These findings offer
understanding of the seasonal soil moisture balance and highlight the significance of rainfall
distribution in preserving soil moisture availability.

The occurrence and severity of agricultural droughts are strongly influenced by the soil's ability to retain
moisture. The results indicate that extreme drought conditions were most severe in 2016, 2020, and
2022, primarily due to the 2016 El Nifio and the prolonged Horn of Africa drought (2020-2023). The
2015-2016 El Nifio resulting in serious drought and rainfall shortages in Ethiopia (OCHA, 2016;
UNICEF, 2016). Similarly, the Horn of Africa drought (2020-2023), considered the worst in decades,
resulted in severe drought conditions across Ethiopia and neighboring countries (UNICEF., 2023;
Mulualem et al., 2024; Abdela, 2024). It disrupted rainfall patterns and led to a reduction in soil
moisture, which in turn intensified drought severity (Ning et al., 2024; Deng et al., 2024). The declining
soil moisture levels contribute to extreme droughts, severely affecting agricultural productivity and
water availability.

The seasonal variations in soil moisture significantly influence drought severity. The extreme drought
conditions were highly dominant in spring, while severe droughts were noticed in autumn. These
patterns are primarily driven by inadequate onset rainfall and insufficient antecedent moisture in spring,
as well as insufficient offset rainfall and reduced residual moisture in autumn. It is consistent with the
findings of other studies, such as Ogunrinde et al. (2025), who observed that lower antecedent soil
moisture levels and onset rainfall deficits worsen droughts, and Shukla et al. (2021), who discovered
that droughts are prolonged by late-season precipitation deficits. Soares & Lima (2022) stressed the
importance of residual moisture. This highlights the crucial role of seasonal rainfall and soil moisture
dynamics in influencing drought severity.

4, Conclusions

Sentinel-2A imagery is an effective product for monitoring soil moisture levels and evaluating drought
risk. The rainfall and soil moisture are key factors in drought identification; the use of Sentinel-2A
provides a scalable and accessible alternative, particularly in regions like Ethiopia where ground-based
monitoring is challenging. The findings strengthen the applications of satellite sensors in soil moisture
estimation and drought assessment. Nevertheless, further study is needed on Sentinel-2A's effectiveness
across multiple agroecological zones to improve its usefulness. Such efforts will ensure that the sensor
is resilient, flexible, and effective in a variety of environmental circumstances.
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Abstract

Accurate hydrological modeling supports sustainable water management, while reliable flood
simulation ensures public safety and risk mitigation. However, traditional models often struggle to
capture the dynamic and heterogeneous nature of hydrological processes, leading to inaccuracies in
flood simulation. This research evaluates the performance of an advanced deep learning (DL) model
that integrates Encoder-Decoder Double-Layer Long Short-Term Memory (ED-DLSTM) networks with
one-dimensional Convolutional Neural Networks (CNNs) for flood simulation in the Kulfo Watershed,
Ethiopia. This hybrid approach aims to enhance flood simulation accuracy by combining sequence
modeling and spatial feature extraction. To evaluate its performance, two alternative models are
considered: ED-DLSTM, which utilizes a stacked LSTM with an encoder-decoder architecture, and
MLP, a fully connected neural network that serves as a baseline for comparison. The dataset underwent
rigorous quality assurance to ensure integrity and reliability before being split into training (80%) and
evaluation (20%) sets. Model performance was assessed using various graphical and statistical metrics.
Results demonstrate that DL models hold significant promise for flood simulation, with the CNN-ED-
DLSTM model outperforming others. It achieved a Nash-Sutcliffe Efficiency (NSE) of 0.96, Root Mean
Square Error (RMSE) of 1.41, Mean Absolute Error (MAE) of 2.85, and a Coefficient of Determination
(R?) of 0.97. The study highlights the importance of input data selection and lag times, with precipitation
as the most influential predictor. Scenario 4, prioritizing precipitation, achieved the best performance,
underscoring the need for carefully selected input variables for accurate flood simulation.

1. Introduction

Accurate flood simulation is critical for mitigating risks to public safety and infrastructure, particularly
in flood-prone regions like the Kulfo Watershed, Ethiopia. Extreme hydrological events, such as floods,
pose severe socio-economic and environmental consequences, necessitating robust predictive models
that can aid in early warning systems, water resource management, and policy formulation [1].
Traditional hydrological models, including physically based and conceptual approaches, have been
widely employed to simulate flood dynamics. While these models are foundational for understanding
water distribution and flow processes, they often fail to capture the nonlinear and temporally dynamic
nature of flood generation mechanisms, leading to unreliable predictions under complex climatic and
hydrological conditions[2]. One of the primary challenges with conventional hydrological models lies
in their dependence on predefined equations and assumptions regarding watershed behavior. These
models, such as the Soil and Water Assessment Tool (SWAT) and Hydrologic Engineering Center's
Hydrologic Modeling System (HEC-HMS), rely on parameter calibration, which is often constrained
by data availability and spatial heterogeneity [3][4]. Moreover, traditional models struggle to generalize
effectively in response to climate change-induced shifts in precipitation patterns, land use modifications,
and increasing urbanization, all of which significantly impact flood generation [5]. These limitations
underscore the need for advanced computational frameworks capable of capturing the intricate
interactions between meteorological inputs, land surface properties, and hydrological responses in
flood-prone watersheds.
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In recent years, deep learning (DL) has emerged as a transformative approach for hydrological
modeling, offering superior performance in handling nonlinear relationships and sequential patterns
compared to conventional methods [6]. Among DL architectures, Long Short-Term Memory (LSTM)
networks have gained prominence in hydrology due to their ability to model long-term dependencies in
time-series data. LSTM models have demonstrated remarkable effectiveness in flood event simulations.
They outperform traditional machine learning and empirical statistical methods by leveraging their gated
memory structure to retain crucial hydrological information over extended periods [7]. However,
standalone LSTMs may overlook localized temporal features, which are essential for resolving rapid
hydrological responses during extreme rainfall events.

To address this gap, hybrid models integrating 1D Convolutional Neural Networks (1D CNNs) with
LSTM variants have shown promise in enhancing flood prediction accuracy [8]. The 1D CNN excels at
extracting high-resolution temporal features and local patterns from raw time-series data, such as
rainfall, streamflow, and soil moisture, through its kernel operations [4]. By identifying spatially
localized dependencies within time-series sequences, CNNs can enhance the feature representation of
hydrological inputs, leading to improved flood forecasting performance. When coupled with LSTM-
based architectures, these hybrid models effectively synergize the strengths of feature extraction and
sequence modeling, thus refining the predictive capabilities of hydrological simulations. For instance,
[9] highlighted the efficacy of CNN-LSTM hybrids in capturing multi-scale temporal dependencies and
improving flood prediction accuracy in diverse climatic conditions.

Building on these advancements, this study introduces a novel CNN-Encoder-Decoder Double-Layer
LSTM (CNN-ED-DLSTM) model, designed to enhance flood simulation accuracy in the Kulfo
Watershed. The 1D CNN component processes input data to distill localized temporal features, while
the ED-DLSTM framework, a stacked LSTM structure with an encoder-decoder architecture, captures
long-term dependencies and maps input sequences to output predictions, such as water levels and peak
flows. This dual mechanism enables the model to resolve both short-term fluctuations and prolonged
hydrological dynamics, which are critical for simulating flood hydrographs [5]. Furthermore, the CNN-
ED-DLSTM model will be rigorously compared with the ED-DLSTM and Multi-Layer Perceptron
(MLP) models to evaluate its performance in capturing hydrological complexities and improving flood
forecasting accuracy. This research leverages advanced deep learning techniques to enhance data-driven
hydrological modeling and flood risk management. The findings offer insights into the use of hybrid
DL models in complex watersheds, guiding future real-time flood forecasting developments for regions
prone to extreme hydrological events.

2. Materials and Methods
2.1. Study area description

The study was carried out within the Kulfo River Watershed, situated in the Abaya-Chamo sub-basin of
the Southern Ethiopian Rift Valley. This watershed drains into Lake Chamo and spans latitudes 5°55'N
to 6°15'N and longitudes 37°18'E to 37°36'E (Figure 1). The region's elevation varies from 1,208 meters
above sea level (masl) to 3,547 masl, encompassing a total area of roughly 384.56 km2. Annual
precipitation in the catchment ranges between 620 mm and 1,250 mm, with mean yearly temperatures
fluctuating from 14°C to 23°C.
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Figure 1 | Description of the study area: (a) Basins of Ethiopia, (b) Rift valley basin, and (c) Kulfo
watershed.

2.2.Data collection and preprocessing

DEM data (30-meter resolution) for the Kulfo watershed was sourced from the USGS, while daily
precipitation and temperature records were obtained from Ethiopia's EMI. Data quality and
completeness are critical for ensuring reliable analysis outcomes [10]. This study comparatively applied
machine learning (ML) and multiple imputation methods to address missing data, leveraging their
capacity to model intricate patterns. Rainfall consistency was assessed via double mass curve analysis,
while homogeneity was verified using non-dimensional parametrization. Long-term daily flow data
(1991-2013) for Kulfo station was acquired from Ethiopia’s Ministry of Water and Energy (MoWE).
Rain gauges, limited by point-based sampling, struggle to represent spatial rainfall distribution.
Hydrological analyses thus require estimating sub-watershed average rainfall depths to better assess
patterns and impacts [11]. This study used ArcGIS 10.3 and the Thiessen polygon method to map rainfall
distribution. Selecting input variables (e.g., rainfall, evaporation, temperature) for streamflow models
remains challenging due to data availability and research scope (Apaydin et al., 2020). Van et al. (2020)
noted that including temperature and evapotranspiration risks model overfitting. Optimal input
combinations for DL models were tested using daily/monthly rainfall and discharge data with varied lag
times. Pearson’s correlation [6] revealed strong rainfall-discharge links (Figure 4), while autocorrelation
highlighted lag-time variations (Figure 3). DL models were thus comparatively designed with diverse
input scenarios to balance complexity and accuracy. Data normalization is critical to reduce
discrepancies from differing scales/units [14]. This involves scaling variables to a common range (e.g.,
0-1) using methods like min-max scaling. This study applied min-max scaling (Equation 1) for
normalization.

x—min (x) 1
" max(x)—min (x)
Where; x is the scaled value, and x is the original value.
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The datasets underwent quality control, including pre-processing (standardization) and post-processing
(evaluation metrics and visualizations) using Python. Models were developed and executed in Python
[14]. The data was split into 80% training and 20% testing sets, with the training set used for model
training and hyperparameter tuning, while the testing set evaluated final performance (Figure 2). Figures
4 and 5 show ACF and PACF plots, revealing a gradual decline in autocorrelation with increasing lag.
DL model integration requires selecting optimal input variables and hidden nodes, but no universal rule
exists. A trial-and-error approach is used to address this. This study selects inputs based on correlation
and lag analysis, using four and three scenarios to train models and assess input sensitivity (Table 2).

80 4 —— Tain dataset
Test dataset

Daily Flow (m™3/s)
& &
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[=]
i
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i

1992 1996 2000 2004 2008 2012
Tirne {Day)

Figure 2 | Split dataset for training and testing purposes for the daily and Monthly simulation
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Figure 3| Pearson correlation plot for input variables for the Kulfo watershed.
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Table 1| Descriptive statistics of time series data

Data type Pearson correlation with skewness  Mean Min  Max SD*  CV*
streamflow

Streamflow 1.00 1.69 10.75 0.00 50.73 5.43 0.61

RF 0.68 1.90 11.25 0.00 56.87 6.34 0.67

PET -0.14 -0.34 4.3 184 1114 0.76 0.18

* CV stands for co-efficient of variation; * SD stands for standard deviation

- 7 3
H T g & = 1.0
g o x & >

PET 0.8

RF(t) 0.6
RF(t-1

(t-1) 04
Q(t-1)

0.2
Q(t)

0.0

Figure 4| Pearson correlation plot for dependent and independent variables.

Table 2| Model input combinations for the Kulfo watershed

Input combination Output | Scenario | Model name

Qt1, Qrs, Qrs Qt 1 CNN-ED-DLSTM3, ED-DLSTM: MPL,
Qt1, Qr-3, Qts, Qro, Qr11, Q15 Q: 2 CNN-ED-DLSTM,, ED-DLSTM, MPL,
Re1, Ry, Q1 Q: 3 CNN-ED-DLSTMs3;, ED-DLSTM; MPL;
Rt, Rt1, Re2, Qt1, Q2 Q: 4 CNN-ED-DLSTM4, ED-DLSTM4 MPL4
2.3. Methods

2.3.1. Model Development

Two benchmark models are considered to evaluate the Novel CNN-ED-DLSTM model's performance:
Encoder-Decoder Double-Layer LSTM (ED-DLSTM), a stacked LSTM model with an encoder-decoder
architecture for capturing long-term dependencies in hydrological time series, and Multi-Layer
Perceptron (MLP), a fully connected neural network used for baseline comparison.

2.3.1.1. Fully Connected Multi-Layer Perceptron (MLP)

A Fully Connected Multi-Layer Perceptron (MLP) is an artificial neural network with multiple layers
of neurons, each fully connected to the next. It includes an input layer, one or more hidden layers, and
an output layer [15]. The input layer receives data, hidden layers apply weighted sums and activation
functions (e.g., ReLU, Sigmoid) for non-linear transformations, and the output layer produces
predictions (e.g., Softmax for classification, linear for regression). MLPs are trained via
backpropagation using optimization algorithms like SGD or Adam. For time series prediction, MLPs
use a sliding window to transform sequential data into input-output pairs, treating time steps as
independent features [16]. While MLPs lack inherent temporal modeling (unlike RNNs or LSTMs),
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they can capture patterns with feature engineering (e.g., time-based features) and are efficient for short-
term forecasting when long-term dependencies are not critical [17].

Input Hidden Hidden Hidden Output
Layer Layer 1 Layer 2 Layer 3 Layer

S ;

L 1> >

B

(s

3600 Units 7200 Units 3600 Units 1800 Units 300 Units

Figure 5| Architecture of a Fully Connected Multi-Layer Perceptron
2.3.2. Encoder-Decoder Double-Layer LSTM (ED-DLSTM)

The Encoder-Decoder Double-Layer LSTM (ED-DLSTM) is a deep learning model for sequential data,
ideal for time series forecasting and sequence-to-sequence tasks. It features an encoder and a decoder,
each with two stacked LSTM layers, enabling it to capture long-term dependencies and complex
temporal patterns [18]. The encoder processes input data into a context vector, summarizing sequence
dynamics, which the decoder uses to generate predictions step by step. A fully connected layer produces
the final output, often for multi-step forecasting. ED-DLSTM excels in long-range forecasting for
domains like hydrology, energy, and finance, thanks to its hierarchical feature extraction and ability to
handle variable-length or irregular data [19]. However, it is computationally intensive, prone to
overfitting, and requires careful tuning of input sequence length and hyperparameters [20]. Despite these
challenges, ED-DLSTM is a powerful tool for non-stationary and complex time series, offering robust
predictions when properly configured.

. - SN N PN
Fixed Length Encoding of g<1> g<2> ' §<Ty>
Hidden State the Input Sequence \ 'y \ \ =
Dimension — 64 \ t " — ’
S " Linear || Linear l Linear |
™ Dropout(0.5)  |Dropout(0.5) Dropout(0.5)
¢ t \ t | L t
P - | E N o — “ -, “ “ —
gt .| 15TM | — [ 15TM |-l STV ||, { LST™M ] o tsTM - Y sTm |
. f . . A P
Dropout(0.5) Dropout(0.5) Dropout(0.5) |
¢ 3 t

alt® - LSTM ISTM > ---—+ LSIM
Hidden State t t ?r
Dimension — 64 <= x > ke

il ? ‘l ’\

|
Encoder Decoder
Number of Input Timesteps = T, Number of Input Timesteps = T,
x™ = [ pollution<t-1>, dew point, temperature, pressure, wind direction, wind speed, snow, rain]

Figure 5| Architecture of the Encoder-Decoder LSTM Layer
2.3.3. The CNN-ED-DLSTM Novel Model Description and Architecture Design

The CNN-ED-DLSTM model is a hybrid deep learning architecture designed for flood forecasting,
combining the strengths of 1D Convolutional Neural Networks (1D CNNs) and an Encoder-Decoder
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Double-Layer LSTM (ED-DLSTM). This model is tailored to address the complexities of hydrological
time-series data, leveraging localized feature extraction and long-term temporal dependency modeling
to improve prediction accuracy. The 1D CNN processes raw hydrological inputs such as rainfall,
streamflow, and soil moisture, applying convolutional filters to detect localized patterns and short-term
fluctuations. By condensing raw time-series data into a more informative feature representation, the
CNN reduces noise and enhances the quality of input features, improving the overall predictive
capability of the model. The extracted features are then passed to the Encoder-Decoder Double-Layer
LSTM, where the encoder, consisting of two stacked LSTM layers, processes the features into a fixed-
length context vector that encapsulates the hydrological state of the watershed. The decoder, also a
double-layer LSTM, reconstructs the sequence from this context vector and generates predictions for
target variables such as peak discharge and water levels. This structure enables the model to capture
both short-term flood dynamics and long-term hydrological trends effectively. Fully connected layers
refine the outputs, with hidden layers using ReLU activation for non-linearity and the final output layer
employing a linear activation function for continuous-valued flood predictions. The model is trained
using backpropagation with the Adam optimizer, minimizing the Mean Squared Error (MSE) loss
function to enhance prediction accuracy. Techniques like early stopping and hyperparameters tuning are
employed to prevent overfitting and optimize parameters such as the number of LSTM units, CNN
kernel sizes, and learning rates. Key hyperparameters include the number of hidden units, which
determines the model's capacity to capture intricate patterns; activation functions like Sigmoid, Tanh,
and Softmax for specific tasks (Equation 2,3,4,); and the learning rate, which balances fast convergence
and stable training. The number of epochs, dropout rate, batch size, and optimization algorithm also
play critical roles in model performance. Proper selection of input sequence length and feature
engineering is essential to capture meaningful patterns without introducing noise.

1

fO) == 2
() = tanh(x) = f() = 1o — 3
Softmax (Z); = Z;’—e 4

Where z is the vector of raw outputs from the neural network
The value of e = 2.718
2.3.4. Model training and testing

In the context of deep learning, training and testing are critical phases for developing and evaluating
models. Training involves using a labeled dataset to teach the model to recognize patterns and make
predictions, while testing assesses the model's performance on unseen data to determine its accuracy
and suitability for real-world applications. In this study, the DL models were trained on monthly
streamflow data from 1991 to 2008 and tested on subsequent data. Performance measures, such as
comparing predicted streamflow to observed data using specific metrics (RMSE, MAE, NSE and R? ),
were used to evaluate the accuracy and reliability of the models. These measures help determine how
well the models generalize to new data and their effectiveness in streamflow prediction tasks.

3. Results and Discussion
3.1.Results

This study applied three DL models (MPL, ED-DLSTM, and CNN-ED-DLSTM) in Python to simulate
floods in the Kulfo watershed. MSE was used as the cost function to optimize performance. The best
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hyperparameters, determined through multiple iterations, are in Table 3. Monthly predicted and
observed flow hydrographs are shown in Figures 7 and 8.

Table 3| Ranges of model parameters used in optimization.

Parameter Range Applicable Models

ConvlD Layer 16-128 CNN-ED-DLSTM

Learning Rate [0.1,0.01, 0.001, 0.0001] All models (CNN-ED-DLSTM, ED-DLSTM, MLP)
Number of LSTM Units 16-256 CNN-ED-DLSTM, ED-DLSTM

Number of MLP Layers 1-4 MLP
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Figure 6 | Training and test loss function of the optimized models.
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Figure 7| Comparison of observed and predicted flow hydrograph for daily simulation
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Observed vs Simulated for ED-DLSTM
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Figure 8] Comparison of observed and predicted flow hydrograph for monthly simulation
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Simulated vs Observed Flow for CNN-ED-DLSTM
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Figure 9 | Scatter plot for employed DL models
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Table 4| Performance of DL Model for Kulfo watershed.

Testing Period

Model name MAE RMSE NSE R?
MPL, 5.13 3.01 0.87 0.89
MPL, 4.64 2.94 0.88 0.91
MPL; 412 2.87 0.90 0.93
MPL4 4.05 2.52 0.92 0.94
ED-DLSTM; 5.91 411 0.84 0.86
ED-DLSTM; 5.95 412 0.83 0.86
ED-DLSTM3 5.53 3.81 0.85 0.87
ED-DLSTM,4 4,74 3.12 0.87 0.88
CNN-ED-DLSTM1 3.34 2.32 0.93 0.95
CNN-ED-DLSTM, 3.13 2.11 0.94 0.95
CNN-ED-DLSTM; 3.04 1.62 0.94 0.96
CNN-ED-DLSTM;4 2.85 1.41 0.96 0.97

This study gathered daily discharge data from Kulfo station and daily rainfall data from five gauging
stations, covering 22 flood events from 1991 to 2013.

Table 5| Collected flood events with their predicted values for Kulfo Watershed.

Event Time Observed MPL (predicted) ED-DLSTM CNN-ED-DLSTM
No. (m3?) (Predicted) model (predicted)
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1 1997/11/26  70.32 67.76 65.88 68.89
2 2001/8/9 81.95 77.78 74.56 79.34
3 2001/8/11 78.32 76.21 74.54 77.06
4 2001/8/13 77.42 75.74 74.38 76.03
19 2002/9/24 81.04 77.09 86.90 79.97
20 2002/9/25 79.67 77.34 76.88 78.82
21 2002/9/27 77.42 73.76 75.12 76.32
22 2002/10/3 87.29 85.67 80.36 86.45

3.2.Discussion

This study highlights the significant potential of deep learning models, particularly CNN-ED-DLSTM,
in flood simulation and prediction. By leveraging 1D CNNs for spatial feature extraction and LSTMs
for long-term temporal dependencies, CNN-ED-DLSTM effectively captures key flood dynamics,
including variations in flow patterns, peak discharge, and recession trends, enhancing the accuracy of
flood simulation. Numerical metrics, loss curves, and scatter plots confirm its superior predictive
performance, demonstrating a high degree of agreement with observed flood discharge data. Compared
to alternative models, CNN-ED-DLSTM outperforms both MLP and ED-DLSTM, showcasing its
ability to model complex hydrological patterns. However, while MLP is a simpler model, it often
generalizes well and achieves competitive accuracy, making it a viable alternative in certain cases. ED-
DLSTM, despite its advanced architecture, sometimes underperforms due to overfitting, computational
demands, or sensitivity to hyperparameter tuning [15]. The study also emphasizes the importance of
input data selection and lag times, with precipitation emerging as the most influential predictor. Scenario
4, which prioritizes precipitation, achieved the best performance, highlighting the necessity of carefully
chosen input variables for accurate flood simulation. The findings underscore the need for further
research to refine these models, optimize hyperparameters, and evaluate performance across different
temporal scales and climatic regions. Incorporating high-resolution spatial and temporal data could
further enhance predictive accuracy. In conclusion, CNN-ED-DLSTM’s hybrid architecture provides a
robust framework for flood simulation, offering a powerful tool for hydrological modeling and flood
risk management. Future studies should focus on improving model generalizability and adapting these
techniques to real-time forecasting applications in flood-prone regions.

4. Conclusion

The study highlights the strong potential of deep learning models, particularly CNN-ED-DLSTM, for
accurate flood simulation. By integrating 1D CNNs for feature extraction and LSTMs for capturing
long-term temporal dependencies, CNN-ED-DLSTM effectively models complex flood dynamics,
including base flow, rising limbs, peak discharge, and recession limbs. Its hybrid architecture enables
robust processing of precipitation and runoff data, leading to superior predictive performance compared
to ED-DLSTM and MLP. While MLP demonstrates good generalization in some cases, CNN-ED-
DLSTM’s ability to combine spatial and temporal features makes it a more powerful tool for flood
forecasting. The study underscores the importance of input selection, with precipitation emerging as a
key factor in improving simulation accuracy. Additionally, it highlights that model performance can
vary depending on complexity, with simpler models sometimes offering better generalization. Future
research should focus on refining these models across diverse temporal scales and climatic regions,
integrating high-resolution data to enhance their applicability in flood risk management and early
warning systems.
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Abstract

Tomato production in Lake Abaya western shore, Ethiopia, was constrained by saline-sodic soil
conditions, yet appropriate mitigation strategies are rarely implemented. The study aims to evaluate the
effects of mulching and gypsum as sodic-saline soil amendments on tomato productivity and to assess
the performance of Random Forest (RF) machine learning techniques in predicting tomato yield though
evaluating coefficients of determination (R?), Nash—Sutcliffe coefficient of efficiency (NSE), root mean
square error (RMSE) and treatments were control (T1), mulching (T2), gypsum (T3), and combination
of mulching and half level gypsum (T4). Soil samples were collected to 60cm for physicochemical
analysis, while irrigation and soil moisture were measured in-field. Percentage of exchangeable sodium
was decreased by 42.3% (T2), 38.1% (T3), and 43.8% (T4) and soil pH also reduced by 15.1% (T2),
1.1% (T3), and 14% (T4) compared with T1. Soil electrical conductivity was decreased by 0.31 ds/m
(T2), 0.10 ds/m (T3), and 0.24 ds/m (T4). Land productivity was improved by 8.7% (T2), 0.7% (T3),
and 24.8% (T4), compared to T1 and where water productivity also increased by 30.9% (T2) and 41.8%
(T4). RF identified irrigation as most influential (T1: 50%, T2: 40%, T3: 45%, T4: 35%), followed by
temperature (25-32%). The mean R2, NSE and RMSE of the RF model were 0.87, 0.87 & 1.08ton/ha
(T1), 0.88, 0.89 & 1.18ton/ha (T2), 0.90, 0.91 & 0.94ton/ha (T3), and 0.92, 0.94 & 1.12ton/ha (T4),
respectively. Gypsum and mulching enhance agricultural resilience in salinity-affected areas, while the
Random Forest model accurately predicts tomato yield.

1. Introduction

Tomato (Solanum lycopersicum) is a widely cultivated and economically significant vegetable crop
grown worldwide, including Ethiopia (Leogrande et al., 2012). Nevertheless, tomato production is
affected by several factors such as soil salinity, and sodicity (Lioubimtseva, 2010). Tomato under saline
conditions endure osmotic pressure-induced water stress, salt-induced mineral toxicity stress (Tanveer
et al.,, 2019), and mineral equilibrium imbalances (Ram et al., 2017). Implementing effective soil
amendments like straw mulching (Abd El-Mageed et al., 2016) and gypsum application (Hanson &
May, 2011) are important to improve tomato yield in saline sodic soil. Gypsum provides essential
nutrients calcium and sulfur, improving sodic soils by replacing sodium with calcium and enhancing
soil structure, water infiltration, and root development (Watts & Dick, 2014). Application of organic
such as straw also be beneficial in increasing fertility (Abid et al., 2020) and organic matter content
(Walche et al., 2023).

Machine learning algorithms such as Random Forest (RF), has demonstrated remarkable success in
predicting agricultural parameters such as crop biomass, and yield under the response of straw mulching
and gypsum application (Paithane, 2023). Random Forest (RF) is an ensemble learning method that
builds multiple regression decision trees during training and outputs the average prediction for
regression problems (Mohammadi et al., 2024). These algorithms is particularly effective due to their
ability to handle large, non-linear, and heterogeneous datasets (Inoue, 2020).
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The pumped irrigation scheme in western shore of Lake Abaya faces saline-sodic soil issues, (Setegn et
al., 2022) and that may limiting tomato production in the area. Irrigation waters sources of pumped
irrigation scheme from Lake Abaya was too alkaline with an average pH of 8.66 and electric
conductivity of 1.25ds/m (Oba, 2017). To mitigate this saline sodic problem of irrigation scheme, proper
saline sodic amendments were not evaluated to increase tomato production in the area. The small hold
farmer in the area also have not an idea about saline sodic amendments strategies. Potential of random
forest model to forecast tomato yields under response of mulching and gypsum saline-sodic soil
amendment not properly evaluated. Addressing these gaps is important for improving soil management
and ensuring sustainable tomato cultivation. Therefore, this research was conducted to evaluates effects
of straw mulching, gypsum, and their combination on tomato productivity in saline-sodic soils and to
assess the performance of Random Forest machine learning algorithms to predict yield under these
treatments. The significance of this finding lies in improving tomato productivity in sodic-saline soils
using mulching and gypsum while demonstrating Random Forest's accuracy in predicting yield.

2. Material and Methods
2.1.Study area description

The study area was located between 6°09'0"N to 6°11'0"N latitude and 37°41'0"E to 37°42'0"E
longitude, at an elevation of around 1203 meters above sea level. The area was irrigated using water
from Lake Abaya, with tomatoes being the most widely cultivated crop, followed by onions, peppers,
and cabbage. Average monthly temperature of 24.4°C and annual rainfall of 934.9 mm. The soil at the
site was classified as silty clay with an average bulk density of 1.28 g/cm?3. Field capacity and permanent
wilting point were 38.5% and 26.8%, respectively and the basic infiltration rate of study area was
0.06mm/min.
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Figure 2: Study area location map
2.2.Experimental plot design

Experiments were conducted at on the western shore of Lake Abaya, using straw mulch and gypsum
treatments. The experiment followed a randomized complete block design with three replications and
four treatments: control (T1), mulching (T2), gypsum (T3), and mulching with half gypsum (T4). The
application rate of straw mulch and gypsum were 15tons/ha and 14.5ton/ha, respectively and both
gypsum and mulch were applied at time of tomato transplanting date. Tomatoes were the experimental
crop, irrigated via furrow irrigation with full water application. Plot size was 3.75mz, with 0.75m furrow
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spacing and 5m furrow length (Figure 2). The total experimental area was 156.25m2. The experiment
conducted from January 7 to April 10, 2023, and December 25, 2023, to April 5, 2024. The source of
irrigation water was Lake Abaya, and it was diverted to the farm using a pump system.
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Figure 3: Alignment of the experimental plot
2.3. Soil physiochemical properties

Soil samples were collected using a composite method at 60cm depth with 20cm intervals from
experimental plots and dried at 105°C for 24 hours. Soil texture was analyzed using a hydrometer test,
while permanent wilting point 6,w, and field capacity (6c) were evaluated using pressure plate apparatus.
Soil electrical conductivity and pH of experimental site were measured using EC and pH meters at1:2.5
soil-to-water ratio. Exchangeable potassium and sodium were measured using a flame photometer after
extracting using ammonium acetate where calcium and magnesium via EDTA titration method. Soil
moisture at time of irrigation (6;) was monitor using calibrating Time Domain Reflectometry. Amount
of gypsum requirement, exchangeable sodium perecentage (ESP) and irrigation required were estimated
by Eq 1, Eq 2, and Eq 3, respectively.

G i t ton) 1724 CEC « rin — ESHy 1
ypsum requiremen (h_a =1.72 % oo 1)
ESP (% ExchNa + 100 -
=——x%
0 ="Crc
n
. . . gc - gt
Irrigation requierd (mm) = ( 100 ) * d; 3)

i=1
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Where: CEC is sum of exchangeable cations (Ca?*, Mg?, Na*, and K*), ESPi, is the initial ESP (%) of
the soil to be amended, ESPsis the final ESP (%) after treatment, and di is soil depth in i layer of soil.

2.4. Productivity and economic analysis

Land and water productivity are important elements in longer-term and strategic water resources
planning (Ahmed et al., 2017). Water and land productivity of the experiments were evaluated through
Eq 4 &5. The net return can be calculated by deducting total cost from gross return after (Fan et al.,
2023) in using Eq 6. The gross return was calculated by multiplying the market price at the time of
harvesting by the marketable tomato yield and benefit-cost ratio also calculated by using Eq 7.

o Yield (kg)
Water productivity = Water supply (%) 4)
PP Yield (ton)
Land Productivity = Trrigated land (ha) (5)
Net return (@) = Gross return (@) — total cost (@) (6)
ha ha ha
Gross return (Ehﬁ)
Benefit cost ratio = < (7

ETB
Total cost (—)
ha

Random forest machine learning

Features like irrigation, temperature, humidity, wind speed, gypsum, and straw mulching were used to
predict tomato yield across treatments. Biomass data from two years were collected for training (Year
1) and testing (Year 2) the model. The training dataset was used to build and optimize the models, while
the testing set allowed for an evaluation of the model performance. Number of trees during train process
were fixed according to (Belgiu & Dra, 2016) using griding search techniques and the search range
for number of tree (Ntree) was from 10 to 200 and random sample was 42 that was commonly used in
worldwide. Based on (Prasad et al., 2006), bootstrap sample sets, denoted as Xi (where i represents the
bootstrap iteration, constrained to the range [1, ntree], were randomly drawn with replacement from the
original training dataset. Data points not included in X; for a given bootstrap sample are referred to as
out-of-bag (OOB) data as show in Figure 3 and the green subset was prediction and the remaining subset
were out of bag data.

Y =2 ¥T he(x) (8)

Where: y is predicted value, T is number of decision trees, ht(x) is prediction value from the t™ decision
tree, X is input feature.
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Figure 4:Schematic structure of random forest model for this study

Model performance indicators such as root means square error (RMSE)and Nash—Sutcliffe coefficient
of efficiency (NSE) were estimated based on (Soomro et al., 2019).

n
1
RMSE = ;Z(SS — M2 ©)
i=1

T (Ss—M )2
NsE = 1 — 2=t 89T Mo)2 (10)
i=1(M0 - Moav)

Where Ss, Mo, and Mo Were predicting value, measured values and mean of measured values,
respectively, and n is the number of observations.

3. Result and Discussion
3.1. Effects of treatment on irrigation water

The total seasonal crop water requirement of tomatoes was 378mm under non-mulching and 333.02mm
under soil mulching practices. Compared to previous findings, this value is lower than the 395.5mm
reported by (Maingi et al., 2020), for non-mulched tomatoes but higher than the 343.23mm reported by
(Affessa, 2022) for the Arba Minch area. Differences in water requirements are influenced by climate,
soil type, crop variety, and agricultural practices (Ewaid et al., 2019). Straw mulching was saved about
13.2% of soil water by reducing surface evaporation. Surface-applied straw mulch increased soil water
by 4.4%, while buried straw increased it by only 0.9% (X. Song et al., 2020), showing that surface mulch
is more effective. Mulching supports sustainable agriculture in water-limited areas by improving soil
moisture retention and reducing irrigation needs (El-Beltagi et al., 2022).

3.2. Effects of treatment on exchangeable cation

Under T1, exchangeable sodium (Na*), magnesium (Mg?"), and calcium (Ca*") were increased (Figure
4). The alkaline content Lake Abaya water 44.28meq/L Na*, 2.8 meq/L Mg?", and 2.2 meq/L Ca**
(Setegn, 2022) that may was cause of increasing cation of soil in the current study. Conversely,
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potassium decreased in T1 and T3 due to plant uptake and the lower K content in silt clay soils compared
to clay soils (Ghiri & Hashemi, 2015). Straw mulching in T2 and T4 increased exchangeable potassium
through nutrient release from decomposing straw, enhancing K levels by 6.64-18.54% (Li et al., 2014).
Decomposition also promotes chelation that increasing leaching process of Mg?" and Ca?" (Xu et al.,
2016), and accelerates saline-sodic leaching by 7.3% (M. Li et al., 2023). The competitive adsorption
of K*, Ca?*, and Mg?* further influenced their availability (Ranjbar & Jalali, 2017). At harvest, Na*
decreased by 48.2% (T2), 40.4% (T3), and 48.9% (T4), aided by straw mulching and gypsum, which
reduce soil Na* by up to 66.7% while increasing Ca*" and Mg?* (Saeed & Ahmad, 2009). Straw mulch
also increases humic acid carbon by 26.5% % (X. Chen et al., 2020) and promotes Na* replacement
with H* (Paramisparam et al., 2021), forming sodium sulfate and improving soil structure (Choudhary
& Kharche, 2018).These research shown the aids of straw mulching and gypsum in managing soil cation
balance and fertility.
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Figure 5:Exchangeable cation for each treatment
Notes: SGS and EGS were stand for starting of growing season, and end of growing season, respectively.

The total cation exchange capacity and exchangeable sodium percentage of the soil were 56.7 meg/100g
and 24.8%, respectively. These values were higher than those reported in the Central Rift Valley, where
average values were 41.4meqg/100g and 39.4%, respectively (Kiflu, 2021), indicating site-specific
variability due to differences in alkalinity sources. As noted by Daba and Qureshi (2021), soils with
exchangeable sodium percentages above 15% are considered sodic, confirming high sodicity in the
study area. By the end of the season, exchangeable sodium percentage decreased by 42.3% (T2), 38.1%
(T3), and 43.8% (T4) compared to T1, with the highest reduction under T4 (Figure 5). This aligns with
(X. Song et al., 2020), who reported a 33% reduction using straw mulching. Surface straw mulching
reduced the sodium absorption ratio by 21.5%, more effectively than straw burial (7.4%). Similarly, (Y.
Zhang et al., 2020), found that applying 100% gypsum reduced sodium levels by 70.5%.
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3.3.Soil pH, electric conductivity, and organic matter and carbon

At the experimental site, soil pH levels exhibited reductions in treatments T2 (15.1%), T3 (1.1%), and
T4 (14%) compared to T1 (Figure 6). Organic mulches tend to slightly acidify soil during decomposition
(Mbukwa et al., 2023), leading to decreased pH in treatments 2 and 4. Gypsum application, being a
neutral salt (Dubrovina et al., 2021), showed less significant impact on soil pH in T3 compared to T1.
However, it facilitated leaching of alkaline salts, contributing to a slight pH reduction in T3 (Tavakkoli
& Mcdonald, 2021). Comparatively, pH values at the end of the growing season did not significantly
differ between T1 and T3, indicating gradual changes with prolonged alkaline irrigation. Lake Abaya
water pH was reported as 8.7 (Oba, 2017), and 8.5 (Setegn, 2022). Higher gypsum application rates
resulted in greater soil pH reductions, with values dropping from 8.48 to 8.3 at 2.5 tons/ha and further
to 8.26 at 5 tons/ha (Tavakkoli & Mcdonald, 2021). Application of 100% gypsum can lower pH from
8.29 t0 7.98 (Bekele et al., 2020), similar to the pH decrease observed in T3 from 8.6 to 8.5 in the current
study.

Straw mulching reduced soil bulk density (Z. Zhang et al., 2022), and promoted soil salt leaching
through increased pore space (Kun et al., 2023). Electrical conductivity decreased by 59.6% (T2), 19.2%
(T3), and 46.2% (T4) by the end of the tomato growing period (Figure 6). Application of 100% gypsum
reduced soil electrical conductivity from 2.9 to 2.6ds/m (Zhao et al., 2019), while in T3, it was decreased
from 0.52 to 0.42ds/m. Mulching aids in reducing soil electrical conductivity in saline soils by
conserving water, leaching salts, and regulating soil temperature (Abd El-Mageed et al., 2016). The
greatest reduction in electrical conductivity was observed in T4, compared to T2, due to these effects.
Available soil organic matter increased by 8.6% (T1) and 11.1% (T4), and decreased by 4.9% (T1) and
3.7% (T3) (Figure 6), showing a similar trend for soil organic carbon. Straw mulch application increased
soil organic matter by 3% in agricultural land (Qin et al., 2022), contrasting with a higher increase of
21.69% reported in other studies by (Maomao et al., 2014). Variations in organic matter effects from
straw mulching are influenced by geographical, environmental, and soil factors (Changliang Du, 2022).
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Figure 7: Soil electric conductivity (EC), pH value, organic matter (OM) and organic carbon (OC) for
each treatment

3.4.Crop productivity, and benefit-cost ratio

Land productivity was improved by 8.7% (T2), 0.7% (T3), and 24.8% (T4) compared to T1 and where
water productivity also increased by 30.9% (T2) and 41.8% (T4) (Figure 7). The highest land and water
productivity was observed under T4, indicating the positive effect of combined straw mulching and
regulated irrigation. These results align with studies such as (Zhou et al., 2009), who reported a 31%
increase in water productivity due to mulching, and Mendonca et al. (2021), who recorded 41 tons/ha
land productivity under full irrigation with mulching. Although the current productivity values are lower
than the optimal benchmarks of 45-60tons/ha (Doorenbos and Kassam, 1986), the observed increases
highlight the role of improved water management and mulching practices. Variations in productivity
are likely influenced by location-specific factors such as soil type, salinity, climate, and farming
practices, as supported by (Abd EI-Mageed et al., 2016). The economic analysis revealed that T4 had
the highest net return and benefit-cost ratio (B:C), with improvements of 81.8% in net return and 43.7%
in B:C ratio compared to T1 (Figure 7). T2 also showed strong performance, with a 47.8% increase in
net return and a 10.5% increase in B:C ratio compared to T1. T3 had moderate improvements, with a
10.0% increase in net return and a 6.9% increase in B:C ratio compared to T1. Based on (Kifle, 2019),
tomato net returns under full irrigation in southern Ethiopia were higher compared with value of current
study.
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Figure 8: Total cost, gross return, net return and benefit cost ratio.
3.5. Feature importance and model performance

The Random Forest model recognized irrigation as the most influential factor for predicting tomato
biomass across all treatments, contributing over 50% in T1 and remaining dominant in T2—T4 (Figure
8). Temperature was consistently the second key variable, followed by straw mulch in T2 (20%) and
gypsum in T3 (18%). Wind speed and humidity had minimal and equal influence in all cases. These
results highlight the primary role of water management and temperature in biomass prediction, with soil
amendments offering additional benefits under specific treatments.

—

Bl Irrigation
ETZ. P Temperature
OEJ B Wind Speed
5 B Humidity
§T3 B Straw Mulch
N Gypsum
T4

00 100 200 300 40.0 50.0
Feature Importance (%)

Figure 9: Random Forest perecentage of feature importance for predicting tomato biomass

For T1 (control), the random forest model achieved an R? of 0.88 (train) and 0.86 (test), an RMSE of
1.01 ton/ha (train) and 1.15 ton/ha (test), and an NSE of 0.87 (train) (Figure 9a) and 0.86 (test) (Figure
9b), indicating strong agreement between observed and predicted biomass values. Similarly, for T2
(straw mulching), the R? improved to 0.89 (train) (Figure 9c) and 0.87 (test) (Figure 9d), while the
RMSE increased slightly to 1.15 ton/ha (train) and 1.20 ton/ha (test), and the NSE rose to 0.90 (train)
and 0.88 (test). The best performance was observed for T4 (half level gypsum + straw mulching), where
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the RF model achieved the highest R? of 0.92 (train) (Figure 9g) and 0.91 (test) (Figure 9h), an RMSE
of 1.11 ton/ha (train) and 1.12 ton/ha (test), and an NSE of 0.95 (train) and 0.93 (test). For T3 (Gypsum),
the RF model also performed well, with an R2 of 0.91 (train) (Figure 9¢) and 0.89 (test) (Figure 9f),
RMSE of 0.93 ton/ha (train) and 0.95 ton/ha (test), and NSE of 0.92 (train) and 0.90 (test). Random
forest models have demonstrated strong predictive performance in similar studies. RF model achieved
an R2 of 0.88, RMSE of 2.7 ton/ha, and NSE of 0.85 for tomato biomass prediction (Dey et al., 2024),
and an Rz of 0.85, RMSE of 3.2 ton/ha, and NSE of 0.83 (Y. Chen et al., 2021). These results are
consistent with the current study, except for slight differences in RMSE values. Based on (Mancer et
al., 2024), the R? for the random forest model predicting tomato biomass without mulching was 0.89,
higher value of current study (T1). According to (J. Song, 2021), the RF model performed better
during training than testing, as it learns from known patterns. This aligns with the current study, where
accuracy decreased when tested on unseen data.
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4, Conclusion

The study conducted on the Western shore of Lake Abaya has provided substantial evidence that soil
salinity and sodicity, a major impediment to agricultural productivity, can be effectively managed
through the application of gypsum and the adoption of soil mulching. The significant reduction in
exchangeable sodium percentage and soil pH, as well as the decrease in soil electric conductivity in
treatments involving gypsum, mulching, and their combination, clearly indicates that these interventions
have a positive impact on soil quality. Remarkably, the combination of mulching and half level of
gypsum (T4) yielded the most favorable results, with a marked increase in tomato land and water
productivity compared to the control group (T1). The Random Forest model showed improved
performance in predicting tomato biomass under mulching and gypsum treatments, with the highest
accuracy observed under the combined treatment (T4). These findings highlight the value of using
mulching and half-level gypsum to restore soil health and call for supportive policies to promote
sustainable productivity in saline-affected agricultural areas.
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Abstract

Precise soil moisture estimation is critical for irrigation scheduling, crop yield forecasting, and water
resource management, especially in semi-arid regions like the Kulfo watershed, Ethiopia, where water
availability is highly climate-dependent. However, temporal uncertainty in soil moisture predictions
remains a significant challenge when relying on satellite data. To address this, a deep learning
framework was developed using satellite data from the Soil Moisture Active Passive (SMAP) mission,
with time-series data processed in Google Earth Engine (GEE) and converted into 3D arrays using the
Geospatial Data Abstraction Library (GDAL). Ten models were evaluated: a baseline long short-term
memory (LSTM) model (non-uncertainty-aware) and nine uncertainty-aware models (five deep
ensemble models, Monte Carlo Dropout (MC Dropout), and Quantile Regression models), all developed
using Keras/TensorFlow. Using baseline LSTM model as a reference, the Deep Ensemble Model
achieved a 94.51% reduction in temporal uncertainty, followed by the MC Dropout model with a 41.79%
reduction. Among the Quantile Regression models, the 5th percentile model reduced uncertainty by
40.58%, while the 50th and 95th percentile models achieved reductions of 24.02% and 19.15%,
respectively. The Deep Ensemble and MC Dropout models demonstrated excellent performance, with
RMSE values of 0.131 and 0.345, respectively, and R? values of 0.993 and 0.949, indicating strong
predictive accuracy. This study demonstrates that coupling an LSTM-based model with the deep
ensemble method effectively reduces temporal uncertainty in SMAP-derived soil moisture predictions,
offering a promising approach for improving soil moisture forecasting in data-limited regions.

1. Introduction

Soil moisture is a fundamental variable in hydrological processes, influencing water availability,
agricultural productivity, and climate interactions (Vereecken et al., 2015). The Soil Moisture Active
Passive (SMAP) mission provides valuable global soil moisture estimates, yet these data are subject to
inherent uncertainties arising from sensor limitations and retrieval algorithms (Entekhabi et al., 2010).
These uncertainties can propagate through hydrological models, affecting the precision of studies such
as drought monitoring and yield forecasting (Dorigo et al., 2017; Famiglietti et al., 2011). The challenge
is particularly acute in regions like Ethiopia's Kulfo watershed, where complex topography and climatic
variability amplify prediction errors, undermining water management and agricultural planning (Fan et
al., 2019; Engda et al., 2011).

Despite the significance of soil moisture for hydrological and agricultural systems, previous studies in
the watershed have primarily focused on land use and land cover changes (Yirgu et al., 2020), soil
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erosion mapping (Jothimani et al., 2020; Kassie et al., 2020), analyzing the impact of soil and water
conservation on watershed hydrology (Mekonnen et al., 2016), hydrological extreme characteristics
(Yisehak et al., 2020), climate variability, and their impacts on hydrological processes (Gudeta et al.,
2018).

Additionally, a research done have mapped soil erosion-prone sub-watersheds using drainage
morphometric and weighted sum approaches (Jothimani et al., 2022), assessed soil loss via remote
sensing and GIS, and applied Soil and Water Assessment Tool (SWAT) based DEM analysis for soil and
water conservation (Ayana et al., 2022). While these studies contribute to a broader understanding of
environmental processes in the watershed, there is a noticeable gap in research specifically addressing
temporal uncertainty in remotely sensed soil moisture data.

Soil moisture prediction is challenged by temporal variability in environmental factors, which
complicates retrieval processes and introduces uncertainties (Zhou et al., 2024; Mohseni et al., 2023;
Peng et al., 2023). In the Kulfo watershed, seasonal rainfall patterns, diverse land cover, and varied
terrain create a dynamic soil moisture regime. Traditional (Conventional) models fail to capture these
temporal dynamics, leading to discrepancies between SMAP predictions and actual soil moisture
conditions (Dorigo et al., 2017). Land cover change and topographic factors further contribute to
inconsistencies in SMAP predictions, making it difficult for agricultural communities to plan irrigation
and predict crop yields (Tilahun et al., 2024; Lee et al., 2024; Sharma et al., 2024). Recent advances in
deep learning, particularly Long Short-Term Memory (LSTM) networks, have demonstrated potential
in modeling temporal dependencies in hydrological data, mainly in refining remotely sensed data by
capturing temporal dependencies (Choi et al., 2022; Reichstein et al., 2019). However, despite the
proven effectiveness of LSTM in time-series analysis (Arwansyah et al., 2024), their application in
quantifying and mitigating SMAP's temporal uncertainty in the watershed is remarkably underexplored;
indeed, no research has directly addressed this issue.

The hypothesis of this study is that; uncertainty-aware deep learning models, such as LSTM-based
architectures, can reduce temporal uncertainty in SMAP-derived soil moisture. To test this hypothesis,
a deep learning framework was developed and implemented in Python using TensorFlow. A baseline
LSTM model was implemented to predict temporal soil moisture without uncertainty reduction
techniques, while keeping the available SMAP uncertainty as it is. To reduce temporal uncertainty, nine
uncertainty-aware variants of the LSTM model were developed by integrating it with Monte Carlo
Dropout (MC Dropout), five Deep Ensemble approaches, and three Quantile Regression techniques.
Their capacity to reduce uncertainty was quantified relative to the Baseline LSTM model, which lacks
uncertainty estimation.

These models leveraged SMAP data spanning from 2017 to 2021 and auxiliary variables (rainfall,
temperature, SMAP uncertainty) to improve predictions (EARTH20BSERVE, 2017). Hence, this
research quantifies the reduction in uncertainty, which contributes to enhanced hydrological modeling,
water resource management, and agricultural decision-making in the Kulfo watershed. Furthermore, this
approach addresses a significant literature gap and provides valuable insights into reducing uncertainty
in satellite-derived soil moisture data, with potential applications for similar regions worldwide.

2. Materials and Methodology
2.1.Study area

This research was conducted in the Kulfo watershed, located within the Rift Valley Lakes Basin of
Southern Ethiopia. The watershed extends from 37°20'0"E to 37°40'0"E longitude and 6°5'0"N to
6°15'0"N latitude, covering total area of 493km?. Its landscape is shaped by variations in elevation,
ranging from 1,171 to 3,565 meters amsl.

The landscape shifts from flat plains in the southern and southeastern regions to gently undulating terrain
(See Figure 11). The central area features rolling hills, which become steeper and more dissected with
ridges and peaks, influencing local hydrology. The highest areas are marked by steep slopes and exposed
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bedrock. The soil composition varies with elevation; the upper regions predominantly feature orthic
acrisols, while the lower areas are characterized by dystric nitisols. These soil types impact soil erosion
processes, with the steep slopes in the upper regions experiencing higher erosion rates due to the
erodibility of orthic acrisols (Yirgu et al., 2020; Kassie et al., 2020).
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Figure 11: Location of the Study Area: Elevation, and Terrain Overview

2.2.Data collection and preprocessing

The dataset for this study was obtained using custom JavaScript code executed within Google Earth
Engine (GEE) for the study area. It spans from 2017 to 2021 and includes precipitation, temperature,
soil moisture, and uncertainty (Table 2). Precipitation data were sourced from CHIRPS at a 0.05° (~5
km) spatial resolution, temperature data from ERAS at 0.25° (~25 km), and soil moisture and uncertainty
from SMAP at 25 km resolution, which was then reprojected to 1 km. All datasets have a daily temporal

resolution and were clipped to the study area.

To further assess the reliability of the data, NASA's Goddard Space Flight Center (GSFC) provides
uncertainty estimates as part of the SMAP soil moisture product. This uncertainty is visualized in Figure
12 as a 3D plot, which shows the spatial distribution of the soil moisture and its associated uncertainty
across the study area. The plot serves to illustrate how the uncertainty varies there. This is a key issue

addressed in the study, as reducing uncertainty is essential for improving the reliability of soil moisture

predictions.

Table 2: Data (Variable) Sources and Resolutions

6°15'0"N

6°9'30"N

6°4'0"N

Data Type Source Spatial Resolution
HIRP li H Infi
Precipitation C ' 'S ‘ (C 1rpate . azards Group Infrared 0.05° (~5 km)
Precipitation with Station data)
Temperature ERAS (ECMWEF Reanalysis 5th Generation) 0.25° (~25 km)

Soil Moisture
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Uncertainty SMAP (Soil Moisture Active Passive) 25 km (reprojected to 1 km)

With this understanding of the data and its uncertainty, preprocessing steps were applied to prepare the
dataset for modeling. To generate watershed-scale daily representations from the gridded satellite data,
spatial averaging was performed. Each grid cell in the satellite dataset corresponds to a defined portion
of the watershed and contains daily values for the selected variables. For each variable, all grid cells

located within the watershed boundary were identified, and their values were averaged to compute a
single mean value for each day.

This procedure transformed the distributed, high-resolution gridded data into a single daily value
representing the overall condition of the watershed. The averaging process ensured consistency in spatial
coverage and reduced potential biases introduced by local anomalies. The resulting daily averages were
then stored and exported as GeoTIFF files. This step organized and converted the raw satellite

observations into a structured time series format suitable for input into the deep learning model used in
this study.

To ensure comparability across precipitation, maximum and minimum temperatures, soil moisture, and
its uncertainty, the data were normalized to a 0—1 range using Min-Max scaling. This step helped
improve the model's performance by enhancing training efficiency.

The data were then structured into a 3D array using the GDAL library, where each band represented a
specific variable: precipitation (Bandl), maximum temperature (Band2), minimum temperature
(Band3), SMAP soil moisture (Band4), and SMAP uncertainty (Band5) (Figure 12). Each variable was
subsequently flattened into 1D arrays, forming a feature matrix (X) for model inputs and a target vector
(y) for soil moisture prediction. This preprocessing set the stage for the next step in model development.
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Figure 12: Band-wise Representation of Precipitation, Temperature, Soil Moisture, and Uncertainty,
with 3D Visualization of SMAP Uncertainty for Temporal Uncertainty Reduction.
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2.3.Deep learning model development

This study employs ten deep learning models (Baseline LSTM, five Deep Ensemble, MC Dropout, and
three Quantile Regression models) to predict SMAP soil moisture, focusing on reducing uncertainty in
the predictions. As shown in Figure 13, input parameters precipitation, min/max temperature, and SMAP
soil moisture uncertainty are processed through these models.

The Baseline LSTM model captures temporal dependencies without uncertainty estimation, keeping
available uncertainty. The Deep Ensemble model, consisting of five independently trained LSTM
models, averages their predictions to reduce uncertainty. The MC Dropout model applies dropout during
training and inference to introduce uncertainty. The Quantile Regression models predict the 5th, 50th,
and 95th percentiles, providing uncertainty bounds. Each model operates independently, and their
outputs are compared to evaluate uncertainty reduction.
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Figure 13: Overview of Deep Learning Models for Soil Moisture Prediction: Architectures and
Algorithms for Baseline LSTM (a), Deep Ensemble (b), MC Dropout (¢), and Quantile Regression (d)
in this Study

2.3.1. Baseline LSTM model development

The Baseline LSTM model consists of two LSTM layers and a dense output layer. The first LSTM layer,
with 64 units, is designed to capture long-term temporal dependencies in the input data. The second
LSTM layer, with 32 units, refines the features learned by the first layer, focusing on higher-level
temporal relationships. A dense output layer, consisting of a single unit, provides the predicted soil
moisture value.

The model's performance is optimized using the Adam optimizer with a learning rate of 0.001, and Mean
Squared Error (MSE) is used as the loss function during training. For a detailed breakdown of the model
architecture and parameters (Table 3). The model is trained using the Adam optimizer (Yang, 2024;
Dereich et al., 2025), with the learning rate and parameter tuning enhancing convergence during
training.
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Table 3: Detailed architecture and parameter summary of deep models (Arrows («<») denote shared
parameters between paired models; Slashes (/) indicate unique parameters)

Baseline LSTM model Quantile Regression Model Param 4
Layer (type) Output Shape Layer (type) Output Shape (Shared/Unique)
Lstm 1 (LSTM) (None, 64) Lstm 1 (LSTM) (None, 64) 17,664 «
Dropout (Dropout) (None, 64) Dropout (Drop) (None, 64) 0«

Lstm 2 (LSTM) (None, 32) Dense 1 (Dense) (None, 32) 2,080 <«

Dense (Dense) (None, 1) Dense 2 (Dense) (None, 1) 33 o

Deep Ensembled Model MC dropout Model Param "
Layer (type) Output Shape Layer (type) Output Shape (Shared/Unique)
Lstm 1 (LSTM) (None, 64) Lstm 1 (LSTM) (None, 1, 64) 17,664 <
Dropout (Dropout) (None, 64) Dropout (Dropout) (None, 1, 64) 0«

LSTM_2 (LSTM) (None, 32) Lstm_2(LSTM) (None, 32) 16,768 / 12,416
Dense (Dense) (None, 32) Dropout (Drop) (None, 32) 2,080/0
Dense 1 (Dense) (None, 1) Dense 1 (Dense) (None, 1) 33
Parameter Summary

Model Total Params Trainable Non-Trainable  Optimizer
Baseline LSTM 59,333 19,777 0 39,556

Quantile Regression 59,333 19,777 0 39,556

Deep Ensembled 59,333 19,777 0 39,556

MC Dropout 90,341 30,113 0 60,228

The optimizer adapts the learning rate based on the first and second moments of the gradients,

combining the advantages of AdaGrad and RMSProp, which is particularly useful for regression tasks

involving noisy data and sparse gradients (Zaznov et al., 2024). The learning rate, beta values, and
epsilon were fine-tuned for improved convergence during training, as demonstrated in previous studies
(Biswas et al., 2025; Gour et al., 2024). The model contains a total of 59,333 parameters, with 19,777
being trainable and 39,556 dedicated to optimizer settings.

2.3.2. Deep ensemble model development

The Deep Ensemble model consists of two LSTM layers, two Dropout layers, a Dense layer, and a final

output layer. Five models, each with the same architecture, are used to improve prediction accuracy and
reduce uncertainty (Eteifa et al., 2025; Wang et al., 2024). For architecture details, see Table 3. The first
LSTM layer, consisting of 64 units, captures temporal dependencies using the ReLU activation function.
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A Dropout layer with a rate of 0.2 is applied after each LSTM layer to prevent overfitting, while the
second LSTM layer, with 32 units, refines the features learned by the first layer. The Dense layer, with
32 units, integrates the features, and the final Dense unit outputs the predicted soil moisture value.

The model is optimized using the Adam optimizer with a learning rate of 0.001, and Mean Squared
Error (MSE) is used as the loss function during training. The Adam optimizer adjusts the learning rate
based on the first and second moments of the gradients, making it effective for regression tasks with
noisy data and sparse gradients (Yang, 2024; Dereich et al., 2025; Zaznov et al., 2024; Biswas et al.,
2025; Gour et al., 2024). Each model contains 59,333 parameters, and the total number of parameters
for the ensemble is 296,665. Predictions from the ensemble models are aggregated by averaging,
enhancing stability by combining the strengths of multiple models, which results in more accurate and
reliable predictions (Bourdais & Owhadi, 2024).

2.3.3. MC dropout model development

The MC Dropout model consists of two LSTM layers, two Dropout layers, and a final Dense output
layer. The detailed architecture and parameter summary of the model are presented in Table 3. The first
LSTM layer, with 64 units, captures temporal dependencies in the input data, extracting relevant patterns
for soil moisture prediction (Liu et al., 2024). A 20% Dropout layer follows, mitigating overfitting by
deactivating a proportion of neurons during training, enhancing generalization (Li et al., 2024).

The second LSTM layer, with 32 units, refines the learned representations, followed by another 20%
Dropout layer to introduce additional regularization and prevent overfitting (Bérchez-Moreno et al.,
2024; Raghuvanshi, 2024; Hu, 2024). The final Dense output layer with a single unit generates the soil
moisture prediction with uncertainty estimation. The model is optimized using the Adam optimizer with
a learning rate of 0.001, and the Mean Squared Error (MSE) is used as the loss function during training.
The model has a total of 90,341 parameters, of which 30,113 are trainable, while the remaining 60,228
parameters belong to the optimizer. The model does not include any non-trainable parameters.

2.4.Quantile regression models (5th, 50th, 95th percentiles) development

The quantile regression models were designed to predict soil moisture values at specific percentiles (5th,
50th, and 95th), offering an effective approach for estimating uncertainty in the predictions (Cheung et
al., 2024). Each model follows the same architecture with two LSTM layers, one Dropout layer, one
Dense layer, and a final Dense output layer.

The first LSTM layer, consisting of 64 units, captures temporal dependencies in the input data. A 20%
Dropout layer is applied after the first LSTM layer to mitigate overfitting by randomly deactivating
neurons during training, improving generalization (Li et al., 2024). The second LSTM layer, with 32
units, refines the features extracted by the first LSTM layer. A Dense layer with 32 units combines these
features and prepares them for the final prediction.

The output layer, consisting of a single unit, generates the predicted soil moisture values at the 5th, 50th,
and 95th percentiles, providing a measure of uncertainty in the predictions. The model is optimized
using the Adam optimizer, with a learning rate set to 0.001, and the Mean Squared Error (MSE) loss
function is used during training to ensure effective convergence and accurate predictions. The model
architecture contains a total of 59,333 parameters, with 19,777 trainable parameters, and 39,556
parameters dedicated to the optimizer (refer Table 3 for detail).

2.5.Model training and data splitting

The dataset was split into three subsets: 70% for training, 15% for validation, and 15% for testing. This
division allows the model to be trained on a substantial portion of the data while ensuring that validation
and testing occur on unseen data, providing insights into the model's generalization ability and
performance. For each model, the training process was carried out over different numbers of epochs.
The Baseline LSTM, Deep Ensemble models, and Quantile Regression models were each trained for 50
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epochs. The MC Dropout model was trained for 100 epochs. The training set was used to fit the models,
while the validation set was employed to tune hyperparameters and prevent overfitting, with
performance evaluated on the test set. Monitoring validation metrics during training allowed
adjustments to be made iteratively to avoid overfitting (Sivakumar et al., 2024; Gangu et al., 2024). By
this approach, the models are well-trained, preventing overfitting and improving generalization for real-
world applications.

2.6.Uncertainty quantifications, predictions and model evaluation

Following the model architectures outlined in the deep learning development section, uncertainty in soil
moisture predictions was quantified using nine different approaches: Five Deep Ensemble Models, MC
Dropout, and Three Quantile Regressions. For the Deep Ensemble model, five independently initialized
LSTM models were trained. The final prediction was computed by averaging the outputs of these
models, and the uncertainty was quantified as the standard deviation of the individual model predictions,
capturing epistemic uncertainty. This approach follows established ensemble learning techniques
(Lakshminarayanan et al., 2017).

MC Dropout was applied by keeping dropout active during the inference phase. The model was run for
100 stochastic forward passes per input sample. The final prediction was taken as the mean of these 100
passes, with uncertainty quantified as the standard deviation of the predictions. This method aligns with
the approach proposed by Gal and Ghahramani (2016) for capturing uncertainty during model inference.

In Quantile Regression, separate models were trained to predict the 5th, 50th, and 95th percentiles of
soil moisture. The model outputs at these percentiles represented the lower, median, and upper bounds
of uncertainty, respectively. This technique enabled the generation of prediction intervals, with
uncertainty represented by the range between the 5th and 95th percentiles. This method has been widely
used for uncertainty estimation in regression tasks (Koenker & Hallock, 2001).

The baseline model, which does not incorporate any uncertainty reduction techniques, was used as a
reference for uncertainty quantification. To assess the effectiveness of uncertainty reduction, the
percentage reduction in uncertainty compared to the baseline model was calculated by:

Std. Dev.(Baseline)—Std. Dev.(Model Predictions)
Std. Dev.(Baseline)

Uncertainty Reduction = X 100% (1)

Where:
o Std. Dev. (Baseline): represents the standard deviation of predictions from the baseline.

e Std. Dev. (Model Predictions): represents the standard deviation of predictions from the
uncertainty-aware models.

The performance of the deep learning models is evaluated by comparing their soil moisture predictions
with SMAP-derived soil moisture values, which are used as reference for assessment.

Model performance was evaluated using Root Mean Squared Error (RMSE) to quantify prediction error
and R? to assess how well the model explained the variance in the soil moisture observations. Predictions
were visualized using line plots, where true soil moisture values were compared to model predictions.
Shaded regions around the predicted values represented the quantified uncertainty, illustrating the
confidence bounds for each model.

2.7.Feature importance and model interpretability

Feature importance analysis was conducted using permutation and gradient-based methods for methods
for selected models with uncertainty quantification or complex architectures.

Table 4: Summary of Feature Importance Methods Applied to Models for Permutation and Gradient-
Based Importance Analysis (( X) indicates not applied, (v') indicates applied)
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Model f;?:::tt::;n Gradient-Based Importance
Baseline LSTM X X
Deep Ensemble v v
MC Dropout X v
Quantile Regression X X

For the Deep Ensemble, permutation importance was calculated by shuffling features in the validation
set and measuring performance degradation. Gradient-based importance was computed by averaging
gradients of predictions with respect to input features across the ensemble models. For MC Dropout,
gradient-based importance was computed using TensorFlow's GradientTape with dropout enabled
during inference, averaging absolute gradients over multiple samples. Permutation importance was not
applied to MC Dropout due to computational cost (Table 4)

2.8.Software and Tools

This study utilizes Keras with TensorFlow to develop the LSTM model to predict soil moisture, with a
primary focus on reducing temporal uncertainty in the predictions. Keras with TensorFlow is employed
for building and training the LSTM model, while Dropout is applied to estimate and quantify
uncertainty. Environmental data is processed using GDAL, and data manipulation is handled by NumPy.
For data preprocessing and splitting, Scikit-learn is used, and the model's performance and uncertainty
are visualized through Matplotlib (Table 5).

Table 5: Software and Tools used in this study

Software/Tool Purpose

Keras with TensorFlow Building and training the Long Short-Term Memory model.

GDAL (Geospatial Data

Abstraction Library) uncertainty)

NumP .
umty and preprocessing data.

Scikit-learn . . .
into training, validation, and test sets.

Matplotlib performance.

Reading and processing GeoTIFF files containing environmental
data (precipitation, temperature, SMAP soil moisture and its

Data manipulation and array handling, especially when combining

Preprocessing (MinMaxScaler for normalization) and splitting data

Visualizing predictions and uncertainty to analyze the model's

3. Results and Discussion
3.1.Model Performance Evaluation

Table 6 summarizes the performance of deep learning models in predicting soil moisture across training,
validation, and test datasets using RMSE (lower is better) and R? (higher is better). The Baseline
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LSTM achieved strong performance across all datasets. Its test RMSE was 0.137, with an R? of 0.992
meaning it explains over 99.2% of soil moisture variation. Training (RMSE = 0.153) and validation
(RMSE = 0.155) results were equally consistent, confirming its ability to model temporal dependencies
in soil moisture data, aligning with studies that highlight LSTMs' efficacy in sequential environmental
forecasting (Hu, 2024; Zhou, 2025; Pu et al., 2025).

The Deep Ensemble improved slightly on the Baseline LSTM's test performance, achieving the lowest
RMSE (0.131) and highest R? (0.993). While its training (RMSE = 0.154) and validation (RMSE =
0.155) errors were marginally higher than the LSTM's, its stronger test result suggests better
generalization. This aligns with recent findings showing that combining multiple models (ensembles)
often enhances predictive performance in environmental forecasting (Soni et al., 2024; Tang et al., 2024;
Mahaveerakannan, 2024).

In contrast, the MC Dropout model struggled. Its test RMSE (0.345) was over twice as high as the
Baseline LSTMs, and its training (RMSE = 0.448) and validation (RMSE = 0.4840) errors showed large
gaps. While its test R? (0.949) improved compared to training, the overall variability indicates challenges
in balancing randomness (for robustness) with accuracy a known issue in soil moisture modeling (Fu et
al., 2024; Zeevi et al., 2024).

The Quantile Regression approach lagged significantly, with the 5th and 50th percentiles yielding
negative R? values (—0.5194 and —0.0703) and high RMSE (1.871 and 1.570). Even its best-performing
95th percentile (RMSE = 0.979, R? = 0.584) fell short of deep learning benchmarks, reflecting inherent
limitations in capturing nonlinear soil moisture dynamics. These results reflect limitations of traditional
methods in capturing soil moisture's complex, time-dependent behavior (Cheung et al., 2024; Xu, 2023;
Park et al., 2021).

Table 6: Performance and Uncertainty Evaluation of Deep Learning Models for Soil Moisture Prediction
(RMSE, R?, and Uncertainty Across Training, Validation, and Test Datasets.

Model Dataset RMSE R? Uncertainty
Training 0.153 0.989 1.488
Baseline LSTM Validation 0.155 0.990 1.568
Test 0.137 0.992 1.507
Training 0.154 0.989 0.050
Deep Ensemble Validation 0.155 0.990 0.049
Test 0.131 0.993 0.049
Training 0.448 0.910 0.889
MC Dropout Validation 0.484 0.906 0.885
Test 0.345 0.949 0.898
Quantile Regressions Dataset RMSE R? Uncertainty
Sth Percentile All datasets 1.871 -0.519 0.931
50th Percentile All datasets 1.570 -0.070 1.157
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95th Percentile All datasets 0.979 0.584 1.216

3.2.Predictive Accuracy and Uncertainty Reduction

Figure 14 illustrates the trade-offs between predictive accuracy (RMSE), correlation coefficient (CC),
and uncertainty across models using a Taylor Diagram. The Baseline LSTM achieved the highest
correlation with a reference data (CC = 0.996), confirming its strong ability to replicate soil moisture
trends. However, it exhibited high uncertainty (1.488—1.568), a limitation also noted in LSTM-based
soil moisture studies (Sankalp et al., 2025).

The Deep Ensemble balanced accuracy and uncertainty reduction more effectively. While its correlation
coefficient (CC = 0.995) was slightly lower than the Baseline LSTM's, it achieved the lowest test RMSE
(0.131) and drastically reduced uncertainty (0.049-0.050). This aligns with findings that ensemble
methods improve reliability in environmental modeling by aggregating diverse predictions (Han et al.,
2024).

MC Dropout demonstrated a distinct strength in uncertainty quantification, with values ranging from
0.889 to 0.898 significantly lower than the Baseline LSTM but higher than the Deep Ensemble. Its
predictive accuracy (RMSE = 0.345, CC = 0.982), though weaker than the top models, reflects a
deliberate trade-off common in stochastic regularization methods (Zeevi et al., 2024, 2025). Prior
studies suggest this balance can be optimized for applications prioritizing uncertainty awareness over
peak accuracy (Fu et al., 2024).

Quantile Regression underperformed in all metrics. With RMSE = 1.570 and uncertainty = 1.157 for the
50th percentile, it struggled to match even the weakest deep learning model. These results reinforce
critiques of traditional quantile methods in dynamic systems like soil moisture, where nonlinearity and
temporal dependencies dominate (Xu, 2023; Cheung et al., 2024).
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Figure 14: The relationship between the correlation coefficient and prediction accuracy.
3.3.Uncertainty Assessment in Soil Moisture Prediction Models

The uncertainty assessment across all models reveals significant differences in predictive confidence,
critical for evaluating reliability in real-world applications as tabulated in Table 6.
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The Baseline LSTM had high uncertainty across all datasets (1.48—1.57), suggesting variability in its
predictions despite strong accuracy metrics. This aligns with critiques of standalone LSTMs lacking
integrated uncertainty quantification, where complex temporal patterns can inflate prediction variance
(Hoang, 2024). Deep Ensemble, in contrast, achieved near-identical low uncertainty (0.049—-0.050),
reflecting exceptional stability. By aggregating predictions from diverse subnetworks, it reduces errors
and stabilizes predictions; a strategy proven effective in environmental science (Zhu et al., 2024).

MC Dropout demonstrated moderate uncertainty reduction (0.88—0.90), balancing stochastic
regularization with partial error mitigation. While its uncertainty values exceeded the Deep Ensemble's,
they underscore MC Dropout's utility as a lightweight uncertainty-aware tool, particularly where
computational efficiency is prioritized (Zeevi et al., 2025; Fu et al., 2024).

Quantile Regression showed percentile-dependent uncertainty, with the 5th percentile performing best
(0.931) and values rising sharply for the 50th (1.157) and 95th (1.216). This pattern highlights its
struggle to model extreme soil moisture values; a known limitation in nonparametric methods applied
to volatile environmental systems (Zeevi et al., 2024).

3.4.Impact of Uncertainty Reduction on Prediction Accuracy

Figure 15 illustrates uncertainty impacts in the validation dataset. The Deep Ensemble method
consistently provided the most precise predictions, closely matching SMAP values and showing
minimal uncertainty.
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[0 Deep Ensemble Uncertainty
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Figure 15: Impact of Uncertainty Reduction on Soil Moisture Prediction Accuracy (Validation
Dataset).

This supports the effectiveness of ensemble methods in reducing uncertainty, as noted by Abulawi et al.
(2024) and Jin et al. (2024). In contrast, the MC Dropout method, while also reliable, exhibited slightly
higher uncertainty due to the randomness introduced by dropout layers, as highlighted by Matyushin et
al. (2024).

Despite this, MC Dropout remains effective in uncertainty quantification, although it does not achieve
the same stability as the Deep Ensemble. Quantile regression models, especially at the 95th and 50th
percentiles, show more variability, leading to larger uncertainty ranges.

Previous studies suggest that quantile regression is more unstable, particularly when predicting extreme
values (Xu, 2023; Mai, 2024). Higher percentiles often produce less accurate predictions due to noise
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and outliers, while the 5th percentile model showed the most uncertainty, reinforcing that lower
percentile result in more uncertain predictions (Mai, 2024).
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Figure 16: Impact of Uncertainty Reduction on Soil Moisture Prediction Accuracy (Test Dataset)

A similar trend is seen in Figure 16, which presents the test dataset. The Deep Ensemble method
consistently outperforms other models in terms of accuracy and uncertainty management. It effectively
captures SMAP values with minimal uncertainty, showcasing its robustness. In contrast, while MC
Dropout performs well, it exhibits slightly higher uncertainty levels.

The Quantile Regression models, especially at the 95th and 50th percentiles, demonstrate broader
uncertainty regions, indicating greater variability and reduced reliability. The 5th Percentile model
shows the highest uncertainty and largest deviation from true values, marking it as the least accurate.
Although the Deep Ensemble method excels in both accuracy and uncertainty quantification, MC
Dropout and Quantile Regression can still provide valuable insights, especially in situations where
managing uncertainty is crucial (Karimzadeh & Lima, 2024; Papacharalampous et al., 2024; Bafio-
Medina, 2023; Yang & Yee, 2023).

3.5.Uncertainty Quantification in Soil Moisture Prediction Models

As shown in Figure 17, Deep Ensemble model significantly reduced uncertainty, outperforming both
the Baseline LSTM and MC Dropout models. The Baseline LSTM exhibited an uncertainty width of
1.50, while the Deep Ensemble reduced this value to 0.049, a 94.51% improvement. This underscores
the effectiveness of ensemble methods in enhancing predictive reliability, aligning with previous studies
that highlight their role in improving soil moisture predictions (Sankalp et al., 2025; Cheemakurthi,
2024).
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Figure 17: Uncertainty Reduction in the Deep Ensemble Model for Validation and Test Datasets

In comparison, Figure 18, reveals that the MC Dropout method also reduced uncertainty but to a lesser
extent. Its uncertainty width decreased by 41.79% (from 1.50 to 0.88).

Although MC Dropout provides a practical approach for uncertainty estimation, its residual variability
suggests that ensemble techniques offer superior precision. This aligns with prior observations that MC
Dropout, despite its utility, lacks the stability of ensemble-based strategies (Sankalp et al., 2025).
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Figure 18: Uncertainty Reduction in the MC Dropout Model for Validation and Test Datasets

Notably, while Quantile Regression models also reduced uncertainty with the 5th, 50th, and 95th
Percentile models achieving reductions of 40.58%, 24.02%, and 19.15%, respectively their uncertainty
ranges remained broader than those of both models. This highlights a key limitation of Quantile
Regression compared to more advanced techniques.

The Deep Ensemble model’s improved uncertainty quantification is valuable for applications like
drought forecasting, where precise predictions aid timely decision-making. Its integration into
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environmental monitoring can further benefit agriculture and water resource management (Du et al.,
2024; Han et al., 2024; Rau et al., 2024).

3.6.Feature Importance and Model Interpretability

Feature importance for four climatic variables such as precipitation, maximum temperature, minimum
temperature, and uncertainty was assessed for Deep Ensemble and MC Dropout models. The results of
permutation and gradient-based analyses are summarized in Table 7.

Permutation importance analysis for Deep Ensemble model revealed that uncertainty had the greatest
influence on model performance, with a score of 2.0778, emphasizing the model's reliance on
uncertainty quantification for reducing prediction uncertainty. Maximum temperature and minimum
temperature were also significantly impactful, with scores of 0.3983 and 0.3770, respectively.
Precipitation had the least impact, scoring 0.0033.

Table 7: Comparison of Feature Importance Using Permutation and Gradient-Based Methods for Deep
Ensemble and MC Dropout Models

Deep Ensemble MC Dropout
Features .
Permutation Gradient-Based  Gradient-Based
Importance Importance Importance
Feature 0: Precipitation 0.0033 0.0674 0.0611
Feature 1: Max Temp 0.3983 0.2291 0.1511
Feature 2: Min Temp 0.3771 0.3456 0.2001
Feature 3: Uncertainty 2.0778 0.0842 0.1091

In the gradient-based analysis, minimum temperature emerged as the most influential feature, scoring
0.3456. Maximum temperature followed with a score of 0.2291, while uncertainty had a lower gradient-
based importance of 0.0842, suggesting that uncertainty's role is more integrated in reducing prediction
uncertainty rather than directly influencing the gradient-based decision process. Precipitation remained
minimally important.

For the MC Dropout model, the gradient-based importance analysis revealed that minimum temperature
had the greatest impact, scoring 0.2001, followed by uncertainty with a score of 0.1091. Maximum
temperature and precipitation had lower scores, reflecting their limited impact on uncertainty reduction.
These findings are consistent with previous research that highlighted the significant role of temperature-
related features and uncertainty in soil moisture prediction. For instance, Taneja et al. (2021) and Yamag
et al. (2020) show that temperature variables, especially minimum temperature, are among the most
important for predicting soil moisture.

Additionally, uncertainty has been identified as a critical factor in improving prediction reliability, as
noted by Yang et al. (2023) and Zeevi et al. (2025). Previous work on MC Dropout by Sun et al. (2023)
aligns with the current findings, showing that uncertainty plays a moderate role in prediction but is less
influential compared to temperature features. The results for precipitation being the least important are
consistent with earlier studies by Taneja et al. (2021), which found that while precipitation influences
soil moisture, its role in prediction is secondary compared to temperature and uncertainty.

In both the Deep Ensemble and MC Dropout models, minimum temperature was the most influential
feature. Uncertainty played a critical role in reducing prediction uncertainty for Deep Ensemble, with a
higher permutation importance score. However, its gradient-based importance was lower, indicating its
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primary role in uncertainty reduction. Precipitation was the least impactful feature in both analyses.
These results align with and extend previous research, confirming the key roles of temperature and
uncertainty in enhancing soil moisture prediction.

4. Conclusion

This study investigated temporal uncertainty reduction in SMAP-derived soil moisture predictions
within the Kulfo watershed, Ethiopia, using ten custom-coded deep learning models. The Baseline
LSTM model, designed to predict soil moisture and capture the uncertainty inherent in SMAP data,
served as the reference point. This model does not incorporate additional uncertainty quantification
techniques, reflecting the uncertainty already present in SMAP data. Nine uncertainty-aware models
were developed to improve this: five Deep Ensemble models, the MC Dropout model, and three
Quantile Regression models. These models were specifically designed to reduce uncertainty in the
predictions by incorporating advanced uncertainty quantification techniques.

The uncertainty assessment showed that the Deep Ensemble models significantly reduced uncertainty,
with values around 0.05 across training, validation, and testing, achieving a reduction of 94.51% relative
to the Baseline LSTM. The best-performing Deep Ensemble model demonstrated high predictive
accuracy (R?=0.99, RMSE = 0.131, and CC= 0.995) in the test dataset. In contrast, the MC Dropout
model achieved moderate uncertainty reduction, with values ranging from 0.89 to 0.90, reducing
uncertainty by 41.79% compared to the Baseline LSTM, and a correlation coefficient of 0.9823.

The Quantile Regression models showed increasing uncertainty at higher percentiles, with values
ranging from 0.93 at the 5th percentile to 1.22 at the 95th percentile, reducing uncertainty by 40.58%,
24.02%, and 19.15%, respectively. However, they exhibited weaker performance with lower R?, higher
RMSE, and exhibits a weaker correlation coefficient compared to the other models. Feature importance
analysis revealed that minimum temperature was the most influential variable in predicting soil moisture
and reducing uncertainty, particularly in the Deep Ensemble and MC Dropout models. In contrast,
precipitation had a minimal impact.

The study proves that the LSTM-based model coupled with the Deep Ensemble method, which
integrates the forecasts from five independent models, effectively reduces temporal uncertainty in
SMAP-derived soil moisture predictions. Furthermore, the MC Dropout and Quantile Regression
Models were helpful for uncertainty quantification, while the efficiency of the models was lower than
that of the ensemble model. This makes it the most effective strategy for improving soil moisture
predictions in data-limited regions.

This study effectively reduced temporal uncertainty in SMAP soil moisture predictions using deep
learning models. Future research should integrate ground-based observations with satellite data to
enhance the reliability of uncertainty-aware models. Investigating hybrid deep learning approaches may
improve prediction accuracy and reduce uncertainty. Besides, refining the Deep Ensemble model and
incorporating more environmental variables could optimize performance, particularly in data-limited
regions.
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Evaluation of Irrigation Water Application Practices Using DSSAT-CROPGRO Model Under
Varying Water Level for Peanut Crop at Arba Minch, Ethiopia
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Abstract

Inadequate water management and resources significantly impact peanut crop productivity.
Implementing water-saving irrigation strategies and cultivating water-stress-resistant varieties can
address these challenges. This study, conducted at Arba Minch University demonstration farmland,
aimed to evaluate the effect of deficit irrigation on Werer-962 and local peanut varieties under four
irrigation levels: 100% (V1T1, V2T5), 80% (V1T2, V2T6), 60% (V1T3, V2T7), and 40% (V1T4,
V2T8) of Soil Moisture Depletion (SMD) and assessed the performance of the DSSAT-CROPGRO
model in predicting peanut yield components, using coefficients of determination (R?) and root mean
square error (RMSE) for two seasons (December—April 2022 and November—March 2023). Data for
climate, soil, crop management, and others were collected from field, laboratory, FAO references, and
publications for model calibration and validation. Werer-962 yields were 41.6 q ha™ (V1T1), 38.3 q
ha™ (VIT2),30.2 qha (V1T3),22.3 g ha™' (V1T4), and local peanut variety were 39.5 q ha™ (V2T5),
35.9 q ha' (V2T6), 27.8 q ha™ (V2T7), 20.7 q ha™' (V2T8). Higher yields were obtained under full
irrigation, and decreasing at lower water levels for both varieties. Werer-962 better than the local variety,
with water productivity ranged from 0.65 kg m= (V1T1)—0. 74 kg m= (V1T3) and 0.62 kg m = (V2T1)
—0.68 kg m™= (V2T7) for the local variety. The DSSAT-CROPGRO model demonstrated strong
predictive accuracy (+RMSE: 0.04; Rz 0.96). The study concludes that this model is effective tool for
determining irrigation depth and schedules and implementing deficit irrigation strategies could save up
to 36.3% of water while maintaining satisfactory peanut yields.

Keywords: Crop yield; Deficit irrigation; Soil moisture depletion; Water management; Irrigation

1. Introduction

Water is the main input resource for peanut agricultural production during a period of inadequate rainfall
(Xia et al., 2020). To balance the scarcity of water and the required food necessity, effective water use,
and proper water management are very crucial (Reta et al., 2024). Proper water management techniques
help to enhance crop yields and water use efficiency in the area of water scarcity (Setu et al., 2023). Use
an effective irrigation water management approach to improve irrigation efficiency and water
productivity (Ulsido & Alemu, 2014). Using irrigation water rather than waiting for rainfall is important
to increasing peanut crop yields and ensuring food security for farmers to maintain a stable and reducing
the risk of crop failures due to drought (Tebebal & Ayana, 2015).

Deficit irrigation (DI) is the application of irrigation below crop evapotranspiration (ETc) and
conserving irrigation water while maintaining a reasonable yield level (Yohannes et al., 2017).
Implementing deficit irrigation techniques helps to enhance peanut crop yields and water use efficiency
in water stress areas (Yemane Gebreselassie, Mekonen Ayana, 2015). Estimating appropriate irrigation
scheduling is crucial to applying the right amount of water at the right time to promote plant growth and
achieve high-quality yields (Gebeyhu et al., 2024). Measure the soil moisture status is essential for both
planning irrigation schedules and accurately refilling soil moisture to required levels (Hassen et al.,
2019). The soil moisture contents determined based on the percentage depletion of available soil water
in the root zone and it is important for water savings and increasing crop productivity (Naab et al., 2015).
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Peanut is an important legume cash crop for farmers typically grown in semi-arid regions and the
recommended soil water depletion factor of this crop is 0.5 (Allen et al., 1998). It requires good aeration
and drainage for optimal growth and it is successful in warm climates with sufficient sunlight, simply
this crop is a heat-loving crop(Wedajo, 2017). Spacing for the plant to plant is 10 cm and row spacing
for the center to center is 60 cm, the total growing period is 140 - 160 days (Halder et al., 2017).

Water productivity would be affected by different levels of water application to the crop in the field
(Bekchanov, 2024). Improving water use and effectively managing water implies high water use
efficiency without significant yield effects (Greaves & Wang, 2017).The water productivity of peanut
crops done by (Hassen et al., 2019) and (Metin et al., 2022) ranged from 0.23 to 0.45 kg/m?® and 0.39
to 0.61 kg/m? respectively. The recommended water productivity values suggested by (Doorenbos J.,
1979) ranged from 0.6 to 0.8 kg/m?.

In Ethiopian agriculture, the Aqua Crop model stands out as the most suitable crop simulation model
(Yemane Gebreselassie, Mekonen Ayana, 2015). However, the Decision-support systems for agro
technology transfer (DSSAT) model is the potential tool for designing water-efficient strategies and
testing for accurate prediction of water deficit effects on crop production (Alderman., 2020). It can
accurately simulate biomass, yield, and water distribution in the root zone of a crop in a uniform area of
land (Malik et al., 2016).

Furthermore, some experiments were conducted on common crops in the study area such as field
experimentation based simulation of yield response of maize crop to deficit irrigation using the Aqua
Crop model by (Yemane Gebreselassie, Mekonen Ayana, 2015), Assessment of soil mulching field
management, and deficit irrigation effect on productivity of watermelon varieties, and aqua crop model
validation by (Gebeyhu & Markos, 2023) and evaluation of water productivity under furrow irrigation
for onion Crop by (Asres et al., 2022). This study proposes a novel approach to address the challenges
of inadequate water management and limited irrigation water resources in peanut production by
integrating deficit irrigation practices with the DSSAT-CROPGRO model. By combining experimental
results with advanced crop modeling, the research establishes a framework for improving peanut yields
in water-scarce areas. The study also provides practical recommendations for enhancing productivity
and water use efficiency, contributing to sustainable agricultural practices in Ethiopia.

2. Materials and Methods
2.1. Location of the experimental site

The experimental site was located about 455 km from the capital city, Addis Abeba, in southern Ethiopia.
Its coordinates were found at 6°4'2.44" N latitude and 37°34'0.77" E longitude. More precisely, the
experiment was carried out on Arba Minch University's demonstration farmland, which is situated in
the Arba Minch Zuria woreda district as shown in Figure 1 below. In the study area, the crops that were
mainly grown were mangoes, bananas, maize, onions, tomatoes, watermelons, papaya, and peanuts.
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Figure 19: Map of the study area
2.2. Physical properties of soil

Soil texture is the leading physical property of soil in fixing irrigation water applications(Islam & Singh,
2022). It was determined by the hydrometer method (Abera et al., 2019). 5 g Sodium
Hexametaphosphate a dry powder dispersion agent was added to the sample and mixed by an electronic
shaker to identify the percentage of clay, silt, and sand. At the 40-second hydrometer reading, the
temperature was reading and the percentage of (clay + silt) was recorded. After 2 hours, the temperature
was again reading; the percentage of clay was noted, and silt was estimated, finally, subtracting the sum
of clay and silt from 100% yielded the percentage of sand.

To determine the bulk density, undisturbed soil samples were collected and oven-dried for 24 hours at
105°C to get the dry weight of the soil the procedure was suggested by (Panagos et al., 2024). The bulk
density of the soil was computed using Equation (2.1)

M
P = 32 2.1)

Where: p;, = soil bulk density (g/cm?), Ms= mass of solid and V; = Volume of a soil sample (cm?).

Field capacity (FC) and permanent wilting point (PWP) are vital for the determination of the soil water
holding capacity (Li et al., 2019). Using a pressure plate apparatus, FC and PWP were measured in the
laboratory at 1/3 and 15 atmospheric pressure, respectively.

Infiltration test was conducted using the double-ring Infiltrometer which is a simple device for
determining the rate of water penetration into the soil which was suggested by (Zhou et al., 2019).

2.3. Treatments, Experimental Design, and Field Layout

The experiment was conducted in two consecutive years (2022 and 2023) with 4 treatments within three
replications as shown in Table 1 below. The treatments consisted of four water levels (100%, 80%,
60%, and 40%) of available soil water which was regulated through the stage.

Table 8:Treatment for different water levels
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Varieties Treat Water Level at different stage Deficit levels
ment
I D M L
VT, 100 100 100 100 No deficit (Control)
ViT, | 100 80 80 80 20% deficit at D, M&L
Werer-962
peanut ViT; | 100 60 60 60 40% deficit D,M&L
ViT4 | 100 40 40 40 60% deficit D,M&L
V,Ts 100 100 100 100 No deficit (Control)
V.Ts | 100 80 80 80 20% deficit at D, M&L
Local peanut
V,T; | 100 60 60 60 40% deficit D,M&L
V,Ts | 100 40 40 40 60% deficit D, M&L

*Description 1= initial stage, D= development stage, M= middle stage, L = late-stage, and
T=treatments

2.3.Irrigation water management and application

The amount of irrigation water application was decided based on the current soil moisture status in the
crop root zone (Gebeyhu et al., 2024). The crop root zone water depletion from the field capacity was
determined for each treatment. According to (Zhang et al., 2023) described that irrigation was applied
when root zone water depletion nearly reached to manage the allowable depletion of the available water
in the root zone.

Irrigation water was measured using a partial flume The Parshall flume is a flow measurement device
that gauges a depth (head) at a precise point on the upstream side (Patra et al., 2022), irrigators can
easily calculate the flow by gauging the depth at this location. Before the water was diverted through
the field furrow, the flume was installed. The amount of water required for given treatment plots was
determined based on equation (2.2) in that the volume is equal to the depth of water required at the
particular time multiplied by the area of the plot for a particular treatment. Similar procedures have been
followed to supply the required amount of water in each plot and irrigation treatments throughout the
crop season. The time of irrigation was recorded with a stopwatch to control the amount of water to be
applied for each treatment. After estimating the amount of water delivered to a particular plot, the time

of application was calculated by Equation (2.2)
14

Ti= (2.2)

Where; Ti = time of irrigation(s), V = volume of irrigation water (liter), and Q = discharge or critical
flow rate (I/s).

The critical flow rate should be non-scouring or non-silting at time of irrigation in the furrow (Shonka
& Guchie, 2023). The maximum non-scouring or non-silting flow rate was estimated by equation (2.3)

Qmax = - (2.3)

Where; Q4 = Maximum non-erosive stream or non-silting flow rate (L/sec); S, = Slope of the
furrow in direction of flow (m/m); C = Empirical coefficient for the particular soil type and furrow
shape. The range of values for the empirical coefficient (C) can vary widely based on the specific
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characteristics of the soil and furrow shape. For example, different soil types, such as sandy loam, clay
loam, or silt loam, may have different coefficients due to their varying levels of permeability and
susceptibility to erosion.

2.4. Soil moisture content analysis

. Soil moisture depletion (SMD) is the difference between the field capacity and the actual moisture
present in the crop root zone at any time before irrigation (Elsheikh et al., 2012)and (Berhe et al., 2022).
The soil moisture depletion near management allowable depletion is the amount of water needed to
bring the soil in the root zone up to field capacity (Nayak et al., 2016). Management allowable depletion
of the available soil water is the percentage of the available soil water that can be depleted between
irrigations without serious plant moisture stress (Gebeyhu & Markos, 2023). The amount of moisture in
the plant root zone was estimated by soil moisture sensors or a time dominates reflectometer (TDR). It
is easy to use and monitor soil moisture content, however, it needs calibration to be accurate (Mekonnen
et al., 2022). Therefore, calibration is needed by using the gravimetric method. For the determination of
gravimetric water content, soil samples were taken through the root depths with a standard sampler
placed in an oven-dry machine at 105°C, and kept it 24 hours in the laboratory. The sample was
determined by weight and the procedure was described by (TokovaLucia et al., 2019). It was calculated
by equation (2.4)

My
By = 7, % 100 (2.4)

The relation between volumetric water content and gravimetric water content was estimated by the
equation (2.5).

Oy
Oy = —Xpp (2.5)

w

Where: 6, = Gravimetric water content (%), M, = mass of water in a soil sample (g), Mg = mass of
dry soil (g), Ov = volumetric moisture content (%), p, = soil bulk density (g/cm?®), and p,, is water
density (1 g/cm®). Figure 4 shows the calibration of the TDR instrument using the gravimetric
(laboratory) method.

2.5. Estimation of irrigation scheduling

Determination of irrigation scheduling is important for both water savings and improved crop yields.
Soil moisture depletion (SMD) is the difference between field capacity and the actual moisture in the
soil root zone at any given time before irrigation and it is the amount of water required to bring the soil
in the root zone to field capacity (Mateos & Luck, 2017). It can be calculated by the equation (2.6).

(Bc— 0;))XR
: 1olo) ‘ (2.6)

Where:- 8.= Volumetric moisture content at field capacity (%), 8; = volumetric moisture content before

Soil Moisture depleation (mm) =

irrigation (%), Rq= Root depth at different growth stages (mm).

The root depth was measured before the irrigation of the crop at the tagged plant to determine the depth
of water applied. The effective root zone depth was determined by (Kumar, 2018). It was calculated by
equation (2.7) as a function of time.

RD = RD,,[0.5 + 0.5sin(3.03t, — 1.47)] 2.7)

Where; RD= Rooting depth(cm) at the time, RDm = Maximum expected rooting depth (cm), 100 cm
for peanut, tr = Relative time (t/tm), and tm = Time to attain physiological maturity (Days after sowing),

2.6. Crop productivity (CP)

It is a measure of the yield of crops that can be obtained from a given area of land and soil quality,
climate, water availability, and the use of agricultural inputs such as fertilizers and pesticides influence
it (Wedajo, 2017). High crop productivity means that a piece of land can produce a large quantity of
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yields while using relatively few resources. It is expressed by kg ha'!, q ha!, or t ha'!, and the yields of
crops from specific land can be estimated by the equation (2.8).

cp — Grain yield (kg)
B Area(ha)

2.7. Water productivity (WP)

(2.8)

Water productivity is expressed as the ratio of crop yield and water used during the crop season, and it
is expressed as units of kg m = (Kumari et al., 2017) It was calculated by equation (2.9)

WP = — (2.9)

ETa
Where: WP = water productivity (Kg m ), ETa = Actual Evapotranspiration (mm)
2.8. Crop yield and water use relationship

The yield response factor was done using the crop water production function suggested by (Holzapfel
& Godoy-faundez, 2020). The relationship was expressed by equation (2.10).

ET,
ETm)

Ya
1—E=Ky(1— (2.10)
Where; ETa is the actual evapotranspiration that was effectively utilized by each deficit treatment (mm),
ETm is the maximum evapotranspiration that was effectively utilized by control treatment(mm), Ky is
the yield response factor, Ya is the actual harvested yield obtained from each deficit treatment (kg ha™'),
and Ym is the maximum harvested yield obtained from the control treatment (kg ha™').

2.9.DSSAT- CROPGRO model description

DSSAT Model is a Decision Support System for Agro technology Transfer tool (Jones et al., 2003).
Using daily weather, soil characteristics, crop management, and cultivar/species factors, the DSSAT-
CROPGRO model simulates the soil nitrogen (N) balance, water balance, yield, Biomass, and leaf area
index of peanuts with great precision(Subramanian et al., 2021). The soil water balance equation was
used to calculate the DSSAT- CROPGRO model to evaluate the yield reduction caused by water deficits
(Hoogenboom et al., 1992). The model evaluates the soil water balance using the equation (2.11)

S=P+I—-ET—R —D (2.11)

Where: S = the amount of resultant soil water (storage); P = precipitation; I = irrigation; ET =
evapotranspiration from soil and plants; R = runoff; and D = drainage from the profile. The values of
drained upper limit (field capacity) and drained lower limit (wilting point)

2.9.1. Model input parameters

According to (Alderman., 2020) the minimum required data is needed to run the DSSAT simulation
model, crop management data include planting date and type, row and plant spacing, number of rows
per plot, number of plants per row, plot dimension, harvesting date, and methods. Meteorological data
include daily maximum and minimum temperature, solar radiation, rainfall, wind speed, and relative
humidity (%). Soil profile data include soil color, slope, permeability, soil texture, bulk density, organic
carbon, nitrogen, phosphorus, field capacity, and permeant wilting point of the soil layer. The
experimental data file consists of the experimental code and name, treatment combinations, tillage
operations and land preparation, irrigation and water management amount, fertilizer and pesticide
application, and environmental modifications. The experiment code is the agreement of the file
identification system to provide information on the institute, site, planting year, experiment number, and

crop type.
2.9.2. Model calibration and validations

The model was calibrated using the experimental data on grain yield, dry matter, and maximum leaf
area index. The first crop season of 2022 was used for model calibration. The model was validated for
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four treatments of irrigated crops, i.e., 100%, 80%, 60%, and 40% of the water applied. For validation,
the model was run independently for each treatment of the second crop period in 2023. According to
(Metin et al., 2022) the performance of the model during calibration and validation was done by equation
(2.12).

RMSE = /LI("T“P‘)Z 2.12)

_ i, (0i-0av)=(Pi—Pav)
\/Z?=1(Oi—oaV)2*\/Z{Ll(Pi—Pav)Z

R? (2.13)

Where; RMSE = Root-mean-square error, R?= coefficient of determination, o; = Measured values, Oay
= Average measured value, P; = simulated value, P., = average simulated value and N = numbers of
sample

3. Results and Discussion
3.1.Soil physiochemical properties

According to the USDA triangular soil classification system, the dominant soil type in the study area
was clay (table 2). The average bulk density in the experimental area was 1.36 g/cm* According to
(Panagos et al., 2024) the result of bulk density was found within the reasonable range. The organic
matter of the current study area was recorded from 2.64% - 4.02% with average values of 3.4%.
According to the previous researchers (Islam & Singh, 2022) and (Chaudhari et al., 2013), the organic
matter content of the experimental area shows a good result, indicating a high level of fertility, and the
soil is well-suited for cultivation; it is grouped under agricultural soil. The topsoil had lower pH levels
and more organic matter. The pH levels in topsoil are lower since topsoil is rich in organic matter, and
the decomposition of organic matter will result in the generation of more organic acid, reducing the pH
of topsoil.

.The saturated hydraulic conductivity of the corresponding soil type was determined by the SPAW model
by using organic matter and particle size distribution as an input and its average value of 3.4mm/hr. The
field capacity and permanent wilting point at different depths were measured and summarized in Table
2 which shows the value of parameters found within the reasonable range as mentioned by (Li et al.,
2019)

Table 2: Soil physiochemical properties

Soil % % % Texture  pb OM ECe pH FC PWP
depth(cm) sand  silt  clay (gfem’) (%) (dsm') () (%Vol)  (%Vol)
0-30 32 275 405 Clay 1.34 402 016 72  39.1 18.8
30-60 246 342 412 Clay 1.35 335 014 7.6 393 19.2
60-90 234 341 425 Clay 1.39 264 012 812 415 20.2
Average 267 27.5 40.5 Clay 1.36 34 014 76 40 19.4

3.2.Irrigation depth and scheduling

In the current study, a total of 11 irrigations were applied during the first growing season and 8 irrigations
were applied during the second growing season as shown in Figure 2.

According to (Doorenbos ., 1979) and (Zhe et al., 2020) peanut crops typically require a total water
depth of 500-700mm, with an average irrigation interval ranging from 6 to 14 days. In this research, the
total depth of water used by crops during the first season was 620 mm at the control level and 340mm
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at the lower deficit level. Similarly, during the second season of experiment, the total depth of water
used by crops was 625 mm at the control level and 350 mm at the lower deficit level. The average soil
moisture depletion in this study reached to the management allowable limit within 6-12 days. This
finding found within this recommended range.
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Figure 2: Irrigation scheduling

3.3. Effects of deficit irrigation on crop productivity
3.3.1. Average dry biomass under different water level

During the growing season, the Werer 962 variety exhibited a predominantly vertical growth habit,
which is advantageous for efficient light interception and could potentially enhance photosynthetic
activity. In contrast, the local varieties have a horizontal growth pattern, which is potentially beneficial
for ground cover and soil moisture conservation. These growth behaviors significantly influenced
biomass accumulation. Werer 962 provided biomass yield ranging from 126.65 q ha™' under control
treatment to 73.8 q ha™! under the lower water level (table 3). The local varieties recorded lower biomass
yields, ranging from 118 q ha''to 63.4 q ha! across the same water levels.

This difference suggests that Werer 962 possesses drought resilience and resource-use efficiency,
enabling it to maintain higher productivity even under water stress. The study conducted by Fikre et al.,
(2012) investigated that, an average biomass ranging from 62.2 q ha™! to 85.04 q ha''. Comparing these
findings with the current study, higher values were observed under full water levels.

Table 3: Average dry biomass under varying water level

Variety Treatments Average DBM (q ha™)
VITI1 126.65
Peanut VIT2 113.75
Werer 962
VI1T3 83.8
V1T4 73.75
V2T5 118
Peanut V2T6 104.2
Local
V2T7 74.3
V3T8 63.4
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3.3.2. Average grain yield of peanut crop under different water level

Under full irrigation conditions (control treatments), the Werer 962 variety outperformed the local
variety, achieving an average yield of 41.6 q ha™' compared to 39.5 q ha™ for the local variety (figure3).
This indicates the Werer 962 better adaptation that enhances water use efficiency and productivity.

As the level of deficit irrigation increased, both varieties exhibited a marked decline in yield, though the
degree of reduction varied slightly between them. At the lowest water application level (V1T4 for Werer
962 and V2T8 for the local variety), the yields declined to 22.3 q ha™ and 20.7 q ha™', respectively
(figure 3). This translates to a yield reduction of 46.3% for Werer 962 and 47.6% for the local variety,
relative to their control treatments.

At moderate deficit levels, a slightly lower yield reduction was observed in the Werer 962 variety. For
instance, at V1T2, Werer 962 experienced a 7.8% reduction, which is slightly better than the 9.1%
reduction seen in the local variety at V2T6. Similarly, at more severe deficit levels (V1T3 and V2T7),
the yield reductions were 27.4% and 29.8%, respectively. in general, the results indicated that Werer
962 demonstrated a superior yield compared to the local variety across all treatments and the
consumptive use of water decreases, the percentage of yield reduction increases. According to (Fereres
& Soriano, 2007). as the consumptive use of water decreases, and the percentage of yield reduction
increases (Fereres & Soriano, 2007). According to other previous researcher (Metin et al., 2022) got a
grain yield of 53 quintal/ha at the control level and 27 q ha™! at the low deficit level. A similar study
was conducted in Southern Ethiopia by (Wedajo, 2017). According to (Doorenbos ., 1979) under
irrigation and high level of management, the expected grain yields was ranged 35 q ha'!' - 45 q ha'’.
Based on the above scholars our results were found within a reasonable and acceptable range

4o *v1 1s were 962 and v2 is local varieties

il

VIT1 VIT2 VI1T3 V1T4 V2T5 V2T6 V2T7 V2T8
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36

27

18

Gram Yield (Qt/ha)

Figure 3: Observed average grain yield
3.4. Effect of deficit irrigation on water productivity of peanut crop

The average water productivity for Werer-962, ranged from 0.65 kg m™ under treatment VITI to a
maximum of 0.74 kg m™ under treatment V1T3 and the local variety exhibited water productivity values
ranging from 0.62 kg m~ under V2T5 to 0.68 kg m under V2T7 (figure 4).

Interestingly, treatment V1T4 for Werer-962 showed a decline in water productivity compared to the
control (V1T1). The average for V1T4 was 0.65 kg m?, slightly lower than the control value of 0.67 kg
m™. Similarly, the local variety under treatment V2T8 recorded an average of 0.62 kg m~, lower than
the control treatment V2T5, which yielded 0.64 kg m~.

This trend suggests that treatments V1T4 and V2T8 did not improve water productivity. A reasonable
explanation for this decline is that the crops under these treatments exposed to water stress, which
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limited their growth and yield potential, thereby reducing their water productivity. The lower values
reflect the sensitivity of both Werer-962 and the local variety to water availability.

The water productivity of peanut crops values compared to previous peanut research conducted
by(Hassen et al., 2019) ranged from 0.23 to 0.45 kg m™ and (Metin et al., 2022) ranged from 0.39 to
0.61 kg m™ while our results yielded higher average values (ranging from 0.65 to 0.74 kg/m?).
Furthermore, we compared the current results to the recommended water productivity values provided
by (Doorenbos J, 1979) ranging from 0.6 to 0.8 kg m~. The results indicated Werer 962 and local peanut
crop varieties provided higher compared to previous studies and meeting the recommended values.
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Figure 4: Water productivity at Various water levels
3.5. Analysis of yield response factor

The yield response factor for the Werer 962 variety to water stress to the Arba Minch climatic condition
ranges from 1.02—1.06. Similarly, the determined value of the yield response factor for the local variety
to water stress to similar climatic conditions ranges from 1.06—1.08. This result indicated that both
peanut varieties are sensitive to water stress at lower water levels, with highly reduced yield and the
yield response factors of the two peanut varieties were different; that is, the K, of local was greater than
the Ky of Werer 962. The message of this result was that the local peanut crop variety was more sensitive
to water stress than the Werer 962 peanut variety.

The average yield reduction factor (Ky) value for Treatment (V1 T1, V1T2, and V1T3) and (V2TS5,
V2T6, V2T7) was less than 1 while the maximum average Ky value for treatment (V1T4) and V2T8
was 1.04 and 1.07 which is greater than 1 (table 4). The results of previous research work (Thiyagarajan
et al., 2016) the value of Ky ranged from 0.45 — 1.72.. Our results indicated that the treatments of lowest
water level the crop was under moisture stress at treatment).

Table 4: Crop yield response factor at different water levels.

Yield response factor (Ky)
Treatment Season -1 Season -2
VITI 0.00 0.00
VIT2 0.58 0.62
VIT3 0.80 0.82
VIT4 1.02 1.06
V2T5 0.00 0.00
V2T6 0.68 0.71

107 |Page



23" International Symposium on Sustainable Water Resources Development: May 23-24/2025

V2T7 0.85 0.91
V2T8 1.06 1.08

3.6. DSSAT model performance Evaluation

The model validation was conducted across four irrigation treatments: V1T1 (100% soil moisture
depletion, SMD), V1T2 (80% SMD), VIT3 (60% SMD), and V1T4 (40% SMD) (Figure 5).

The simulated grain yields under these treatments closely aligned with the observed yields,
demonstrating the model's reliability in capturing the crop response to varying irrigation levels.
However, some discrepancies were noted between the two growing seasons. In season 1, the observed
grain yields slightly exceeded the simulated values, whereas in season 2, the model overestimated the
yields compared to field observations.

. In season 1, the coefficient of determination (R?) was 0.97, with a root mean square error (RMSE) of
0.05, indicating an excellent fit. In season 2, the model maintained strong performance with an R? of
0.95 and an RMSE of 0.03. The previous study by Subramanian et al. (2023) reported that the
CROPGRO model performance metrics R? were 0.77 during calibration and 0.729 during validation for
peanut crops. The high R? values and low RMSE indicate a strong agreement between simulated and
observed yields. The high R? values and low RMSE indicate a strong agreement between simulated and
observed yields.

45
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*1 and 2 represent the Year 2022 and 2023 respectively
Figure 5: Measured and simulated grain yield
3.6.1. Comparison of measured and simulated dry biomass of peanut crop

The highest dry biomass yield was observed during the first experimental season, reaching 129.2
quintals per hectare. In contrast, the second experimental season recorded the 124.1 quintals per hectare.
This variation occurs due to the significant impact of water levels on biomass production. In the first
season (2022), the coefficient of determination (R?) was 0.88 and the root mean square error (RMSE)
was 0.06. Similarly, during the second season (2023), the R* was 0.86 and the RMSE was 0.052,
indicating a good level of accuracy in the model's predictions and the results indicated a good agreement
between the observed and simulated values. The performance metrics of the CROGRO model reported
by (Metin et al., 2022) has been reviewed. Their findings reveal an RMSE of 0.025 and an R? of 0.9,
further confirming the credibility and strength of the model's performance in simulating biomass
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dynamics. Overall, we observed a strong agreement between the simulated and measured values of
peanut crop biomass. Figure 6 below shows the dry biomass for both crop seasons.
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*1 and 2 represent the Year 2022 and 2023 respectively
Figure 6: measured and simulated dry biomass
4. Conclusion

Effectively managing irrigation water enhances peanut crop productivity, increases water savings, and
reduces water wastage. Implementation of deficit irrigation practices with less crop water stress in water-
scarce regions can achieve up to 38.5 % of water savings and enhance water productivity without
significant peanut crop yield reduction. However, a 40% irrigation water level (V1T4 and V2TS) saves
more than 50 % of water with a highly significant yield reduction of up to 47% for variety V1 and V2.
Due to this reason, this water level is not recommended for the study area and similar agro-ecological
zones due to resulting crop water stress. The grain yield and water productivity of Werer 962 peanut
variety is a high-yield provider compared to the local crop variety across all irrigation treatments due to
its resistance to water stress. The study recommended the widespread adoption of Werer-962 peanut
variety rather than local peanut to Arba Minch farmers and the region having similar climatic conditions
to increase crop yields, improve water productivity. The DSSAT-CROPGRO model performance
indicator showed that a good agreement was found between measured and simulated grain yield and
biomass. Researchers and policymakers would be better for using this model for effective water
management, to predict the water deficit effect on peanut crop productivity, and to integrate it with
agricultural practices for decision-making. This study contributes to implementing deficit irrigation
strategies for peanut crop production in water-shortage areas, adapt Werer- 962 peanut crop variety to
the Arba Minch climate, and utilizing the DSSAT-CROPGRO model techniques under different
irrigation water levels to predict yield.
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Abstract

Agriculture is the backbone of human survival and economic stability, especially in developing
countries like Ethiopia, where it plays a vital role in providing livelihoods, ensuring food security, and
contributing to the national economy. However, Ethiopia’s agriculture is largely dependent on rainfall,
making it highly vulnerable to the unpredictable effects of climate change. Irrigation has emerged as a
crucial strategy for addressing this challenge and enhancing agricultural productivity, especially for
important crops like wheat. This study utilizes advanced technologies such as Geographic Information
Systems (GIS), remote sensing, and the Analytical Hierarchy Process (AHP) to pinpoint the best
locations for irrigated winter wheat farming in the East Shewa Zone of Oromia, Ethiopia. It examines
nine critical factors that influence wheat production: temperature, land use/cover, slope, elevation, soil
type, texture, pH, drainage, and proximity to water sources. By using GIS-based AHP to analyze these
factors and assign weights to each criterion, the study creates a map illustrating the area's suitability for
wheat production. The results categorize the study area into five suitability levels: highly suitable
(10.22%), moderately suitable (25.81%), marginally suitable (24.96%), unsuitable (3.39%), and
permanently not suitable (35.63%). The model’s accuracy was validated using the Receiver Operating
Characteristics (ROC) method, achieving an impressive Area under the Curve (AUC) value of 0.896,
or 89.6% accuracy. The findings indicate a significant opportunity to expand irrigation, particularly for
wheat production in the East Shewa Zone, especially in regions deemed highly and moderately suitable.
However, a considerable amount of land is classified as marginally suitable or unsuitable, highlighting
the necessity for targeted interventions such as soil enhancement, improved drainage systems, and
effective water management practices. This study offers a clearer understanding and a practical, data-
driven framework for land use planning, providing valuable insights for policymakers and agricultural
professionals. By identifying the best areas for wheat cultivation and addressing existing challenges,
this research seeks to improve food security, boost agricultural productivity, and encourage sustainable
farming practices in Ethiopia.

Keywords: Jrrgation, suitability. Receiver operating.Characteristics, \Weight overdlay, Wheat. .

1. Introduction

Around the world, farming is basic to keeping up human presence and implies of subsistence. For
numerous individuals, it remains a noteworthy source of salary and nourishment security, having been
one of the to begin with implies of subsistence. Among the most broadly developed crops are grain
crops, such as corn, rice, and wheat, with wheat being the most broadly developed cereal in the world.
Over 220 million hectares of wheat are developed each year over extend of climates (Shiferaw et al.,
2013). Around the world, horticulture is fundamental to keeping up human life and providing implies
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of subsistence. For numerous individuals, it proceeds to be a major source of pay and nourishment
security, as it was one of the to begin with ways to make a living. Grain crops counting corn, rice, and
wheat are among the most broadly developed crops; in truth, wheat is the most broadly developed cereal
in the world. In a assortment of climates, more than 220 million hectares of wheat are developed every
year (Shiferaw et al., 2013). In any case, a major deterrent to rural yield is the uneven precipitation that
happens in numerous ranges. Water system frameworks have been put in put to increment efficiency
and diminish reliance on rain-fed cultivating by empowering edit developing amid dry spells. In spite
of making up as it were 17% of all agrarian regions, watered agribusiness accounts for around 40% of
worldwide nourishment and agrarian generation, (FAO, 2003). This emphasizes how vital water system
is to improving nourishment security and supporting agrarian economies.

In Africa, agriculture is the most important economic activity, providing livelihoods for the majority of
the working population, contributing significantly to GDP, and generating income through exports.
Despite its importance, agricultural practices in Africa are largely rain-fed, making them vulnerable to
climate variability and change. Of the estimated 143.3 million hectares of cultivated land in Africa, only
about 12.2 million hectares rely on irrigation (Firehiywet Girma et al., 2019). This low adoption of
irrigation limits the potential for year-round crop production and exacerbates food insecurity in many
regions. However, Africa has the potential to greatly boost agricultural output and attain food security
with the right land suitability study and irrigation infrastructure investment.

Ethiopia, like many African nations, is heavily dependent on agriculture as a predominant source of
employment, income, and food security. The agriculture sector contributes 34.1% to the GDP, employs
79% of the population, and generates 79% of foreign income (Benyam Tadesse et al., 2021). Ethiopia’s
diverse agroecological zones are favorable for cultivating a variety of crops, including wheat, which is
essential for feeding its growing population. However, agricultural practices in Ethiopia are
predominantly traditional, subsistence-based, and rain-fed, making them highly vulnerable to the spatial
and temporal variability of rainfall (Azemeraw Wubalem, 2021). This variability often leads to declining
crop productivity, food insecurity, and reduced foreign currency earnings, forcing the population to rely
on foreign aid.

Irrigation is one of the key solutions to address food shortages in rain-fed agricultural systems. It can
alleviate poverty, enhance food security, and increase farmers' incomes by enabling crop production
during non-rainy seasons. In Ethiopia, traditional irrigation practices date back centuries, but modern
irrigation systems were introduced in the early 1950s, primarily for sugarcane cultivation (Awulachew,
S. B., etal. (2007). Recently, Ethiopia has recognized the potential for irrigated wheat production, with
the government initiating an irrigated wheat program a few years ago under the leadership of Prime
Minister Abiy Ahmed. This program aims to boost wheat productivity through irrigation farming,
particularly during the dry season. However, current land use practices in Ethiopia, as in many
developing countries, often lack proper suitability analysis. This highlights the urgent need for rational
and efficient land use planning to maximize agricultural productivity and sustainability.

Land suitability analysis is a critical tool for identifying suitable areas for specific crops or land uses. It
evaluates factors such as soil properties, topography, proximity to water sources, and land use/land cover
to determine the most appropriate areas for irrigation and crop production (Abdel et al., 2016). For
winter wheat, this analysis is often conducted using Geographic Information System (GIS)-based
methods like the Analytical Hierarchy Process (AHP), which considers multiple criteria to determine
suitability. By identifying optimal areas for irrigation, land suitability analysis can contribute to
Ethiopia’s food security and economic development. This research focuses on conducting a land
suitability analysis for winter wheat production using GIS-based methods, aiming to identify optimal
areas for irrigation and contribute to Ethiopia’s food security and economic development.
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2. Material and Methods
2.1. Description of study area

East Shewa (in Afaan Oromoo known as Shawaa Bahaa) is one of a zone in Oromia Regional State of
Ethiopia. The zone is located at center of Oromia. This zone is bordered on the south by the West Arsi
Zone, on the southwest by the Southern Nations, Nationalities and Peoples Region, on the west by
Southwest Shewa Zone and Shegger city, on the northwest by North Shewa, on the north by the Amhara
Region, on the northeast by the Afar Region, and on the southeast by Arsi; its westernmost reach is
defined by the course of the Bilate River. The elevation is from 859m to 3000m above mean sea level.
There are rivers and lakes in the study area. Awash and mojo rivers are among major rivers and Batu,
koka, Bishoftu lakes and beseka lakes are also find in the study area. The capital city of east shoa zone
is Adama city; serving as administration center of the zone.
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Figure 1. Location Map of East Shewa Zone, Oromia Regional State
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2.2. Methods of data collection and sources

The datasets listed here provide a wealth of geospatial and environmental information, making them
invaluable for detailed land use and land cover (LULC) studies. Landsat 8/9 imagery, available through
the USGS Earth Explorer at a 30-meter resolution, is a key resource for mapping and analysing LULC
patterns. Soil data, sourced from the ISRIC Soil Data Hub, offers insights into soil type, texture, pH,
drainage, moisture, and depth, which is crucial for understanding land suitability and health. Elevation
and slope data, derived from Digital Elevation Models (DEMs) also available on the USGS Earth
Explorer, help in terrain analysis. Additionally, water body data from SSGI provides Euclidean distance
measurements, useful for hydrological studies, while annual temperature data from the National
Metrology adds a climatic dimension to the analysis.

The primary data was gathered via field observation and reconnaissance survey to identify key land
cover and existing irrigated area. Also, by using GPS tool, 100 ground truth points are collected.
Additionally, the x and y coordinates collected by local administrative are collected from each district
found in the study area. Together, these datasets form a robust foundation for applications in agriculture,
environmental monitoring, urban planning, and climate research, enabling informed decision making
and sustainable resource management (Table 1).

Table 1. Data used and source

No | Data sets Sources Spatial Data variable
resolution
1 Landsat 8/9 https://earthexplorer.usgs.gov 30m LULC
https://www.isric.org/explore/isric-soil- Soil  Type, Soil
data- texture, Soil PH,
3 Soil data's - Soil drainage, Soil
hub moisture,Soil Depth
4 DEM https://earthexplorer.usgs.gov 30m Elevation, Slope
5 Water Body SSGI - Euclidean Distance
6 Temperature National Metrology - Annual temperature
7 GTP Field survey and Local admirations XandY Validation
coordinates
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Figure 2: the methodology flow chart
2.3.Method of land suitability Evaluation

The suitability site map of winter wheat analysis is based on FAO (1976) land suitability classification
Sultan D (2013). According to FAO, generally land suitability map is classified in to two classes i.e.
Suitable (S) and not suitable (N). These suitable and unsuitable classes are further classified based on
their benefits and limitations; suitable classified into three as highly suitable, moderately suitable, and
marginally suitable whereas unsuitable class into two as currently not suitable and permanently not
suitable

2.4. Analytical hierarchy process method (AHP)

GIS-based AHP is popular because of its capacity to integrate a large amount of heterogeneous data and
the ease in obtaining the weights of a large number of criteria, and therefore, it has been applied in
tackling a wide variety of decision-making problems (Y. Chen, 2010).

2.5.Land suitability parameters for surface irrigation particularly for wheat production.
2.5.1. Soil parameter

Based on its availability soil type, soil drainage, soil texture and soil PH are included in the study as a
soil parameter. Soil type is one parameter that affects the growth and productivity of wheat production.
Soil type in the study area includes Nitosols, Luvisols, Leptosols, Andosols, Cambisols, Vertisols,
Solonchaks, Fluvisols, Regosols, Xerosols, Phaeozems. Soil type of the study area is classified and
scaled into four land suitability classes that of highly suitable (Nitosols, Luvisols, Phaeozems),
moderately suitable (Fluvisols, Vertisols, Cambisols), marginally suitable (Andosols, Xerosols,
Regosols,) and unsuitable classes (Solonchaks, Leptosols) (Fig 6A). Luvisols are highly fertile soils,
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making them well-suited for a wide range of agricultural activities. Studies by Worglul et al. (2015) and
Balew et al. (2021) classify them as highly suitable for crop production. Similarly, Nitisols have been
recognized for their excellent agricultural potential (Girma et al., 2019), and Phaeozems are also
considered highly suitable for farming (IUSS Working Group WRB, 2015). Moderately suitable soils
include Cambisols, Vertisols, and Fluvisols, as identified by Worglul et al. (2015) and Balew et al.
(2021). While these soils can support crop growth, they may have limitations such as drainage issues or
structural constraints that require proper management.

On the other hand, marginally suitable soils—such as Andosols (IUSS Working Group WRB, 2015),
Regosols (Worglul et al., 2015; Balew et al., 2021), and Xerosols (FAO, 1990) present more significant
challenges for agriculture. These soils may have issues related to texture, nutrient availability, or
moisture retention, making large-scale farming difficult without substantial soil amendments. Finally,
some soils are considered unsuitable for crop production. These include Leptosols (Worglul et al., 2015;
Balew et al., 2021; IUSS Working Group WRB, 2015), which are often shallow and rocky, and
Solonchaks which are affected by high salinity, making them largely unproductive for most crops.

Soil drainage significantly affects water availability, root health, and aeration, making it a crucial factor
in agricultural suitability. Well-drained to moderately well-drained soils are classified as highly suitable,
as they ensure adequate moisture while preventing waterlogging (Fig 4B). Imperfectly drained soils are
considered moderately suitable, though they may require drainage improvements to prevent excess
moisture stress USDIBR, 2021. Poorly drained or excessively drained soils are marginally suitable, as
water stagnation or rapid percolation can hinder crop growth. Very poorly drained soils, which are prone
to flooding, and excessively drained soils, which cause drought stress, are generally unsuitable for
agriculture.

Soil texture is a key determinant of agricultural suitability, influencing water retention, drainage,
aeration, and root penetration. Highly suitable soils typically include loam, sandy loam, or silt loam
textures, as they provide a balanced combination of water-holding capacity and drainage (Fig 5B).
Moderately suitable soils, such as clay loam and sandy clay loam, may require management practices
to enhance aeration or moisture retention (FAO, 2006). Marginally suitable soils, including sandy or
clayey soils, pose challenges due to excessive drainage or compaction, respectively. Soils with
extremely sandy or heavy clay textures are generally unsuitable, as they can lead to drought stress or
waterlogging, impairing plant growth (Hagos, Y. G., Mengie, M. A., Andualem, T. G., et al. (2022).

Soil pH is a critical factor in determining agricultural suitability, as it influences nutrient availability,
microbial activity, and overall soil health (McFarland et al., 2015). The highly suitable pH range for
most crops is 6.0—7.5 where nutrients are readily available. Moderately suitable soils fall within 5.5-6.0
and 7.5-8.5 though slight acidity or alkalinity may require amendments. Marginally suitable soils have
pH levels of 5.0-5.5 or 8.5-9.0 (FAO, 2006), where toxicity or nutrient deficiencies can hinder plant
growth. Soils with pH below 5.0 or above 9.0 are generally unsuitable due to extreme acidity or
alkalinity, leading to severe nutrient imbalances and poor soil structure (Worku, D et.al (2024).
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2.5.2. Temperature parameter

The optimum temperature for wheat grain development ranges from 15 to 25 °C (Asseng, S., Ewert, F.,
Martre, P., et al. (2015). Wheat is best grown in winter under irrigation with optimum day temperatures
of between 15 — 20 °C. Based on this standard, temperature of the study area is classified and scaled
into four land suitability classes that of highly suitable (15°C — 20°C), moderately suitable (14°C — 15°C
and 20°C — 25°C), marginally suitable (13°C — 14°C), and unsuitable classes.

2.5.3. Land parameter

In land suitability site analysis land use land cover is a vital parameter employed in crop production
produced via irrigation. This parameter is useful to indicate which kinds of land use/cover in the area
relevant for crop production. Cropland was grouped as highly suitable (Azemeraw Wubalem, 2021);
Grassland is assessed as moderately suitable. Woodland/Shrub/bush is classified as marginally suitable,
because it required initial investment for land preparation. Forest/Barren land/Water body/Settlements
are classified as not suitable.

Land use land cover of the study area is classified and scaled into four land a suitability class that is
classified based on FAO principle as highly suitable (cropland), moderately suitable (there is no land
cover), marginally suitable (shrub land), and unsuitable classes (Water body, urban, plantation, forest,
bare land). Even though, it is classified in to four suitability class, there is no moderately suitable land
use land cover in the study area for wheat production.

2.5.4. Water Parameter

Evaluation and determination of the distance of land to the water source is vital component in land
suitability analyses for wheat crop in winter season. According to Azemeraw Wubalem, 2021 the
suitability classes’ distances of land in km to water body classified as Okm — 5km optimum, 5 — 10km
moderate, and 10km — 20km marginal and greater than 20km low. According to the above scientific
standard, the suitability classes of land distance to water body classified as into Okm to 2km highly
suitable, 2km to 4km moderately suitable, 4km to 6km marginally suitable, and greater than 6km
unsuitable for winter season crop production via irrigation.

2.5.5. Topographic parameter

Slope is one factor in land suitability analysis for crop production via irrigation. Wheat production
prefers slopes less than 8% for the highest productivity (Endalkachew Fekadu and Ajanaw Negese,
2020). It affects land preparation, irrigation operation, production costs, soil depth, and erosion
(Azemeraw Wubalem, 2021 cited USDIBR, 2003. Suitability classes of slope (in percent) classified as
0% — 2% optimum, 2% — 5% moderate, 5% — 8% marginal and greater than 8% low. (Azemeraw
Woubalem, 2021 cited Mandal et al, 2017,). Based on the above scientific, slope (generated from DEM)
parameter is classified and rescaled into 4 land suitability classes as highly suitable (0% — 2%),
moderately suitable (2% — 5%), marginally suitable (5% — 8 %) and unsuitable (> 8%) using the GIS
tool.

Studies have shown that wheat performs best at elevations between 1,800 and 2,500 masl Ortiz, R., et
al. (2008). Accordingly, the elevation of the study area is classified and scaled into four land suitability
classes that of highly suitable (2000m — 2500m), moderately suitable (1500m — 2000m, 2500m —
2998m), marginally suitable (1400m — 1500m), and unsuitable classes (859m — 1400m) (fig 4A).
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2.6. Validation method

After developing the irrigation suitability map for the East Shewa zone, it was crucial to assess the accuracy
of the result in this study. To do this, we compared the suitability map generated using the AHP model with
a reference map. For validation, we used the Receiver Operating Characteristics (ROC) method, which
helps evaluate how well a model differentiates between suitable and unsuitable areas.

The Area under the Curve (AUC) score, which goes from 0 to 1, is the foundation of the ROC analysis. A
perfect model has a score of 1, whereas a random model receives a score of approximately 0.5. A higher
AUC denotes a more dependable model. We examine the ROC curve, a graph that compares the True
Positive Rate (TPR) against the False Positive Rate (FPR) at various thresholds, to acquire a better
understanding of this. TPR, sometimes referred to as recall, indicates how successfully the model detects
appropriate irrigation zones. It is computed by dividing the total number of actual appropriate areas (True
Positives + False Negatives) by the number of accurately anticipated suitable areas (True Positives). On the
other hand, FPR measures how often the model mistakenly classifies unsuitable areas as suitable. It is
calculated by dividing the number of incorrect positive predictions (False Positives) by the total actual
unsuitable areas (False Positives + True Negatives).

By contrasting expected suitability probability with actual suitability data, ROC analysis is a popular
method for evaluating model reliability. In a typical ROC curve, the top-left corner represents an ideal
model (TPR =1, FPR = 0), with TPR on the Y-axis and FPR on the X-axis. Although it is uncommon to
obtain a perfect score, the model performs better at differentiating between irrigation regions that are
appropriate and those that are not, the closer the AUC value is to 1 (Ayele et al. (2024).

3. Results and Discussions
3.1.Results
3.1.1. Establishing the criterion/factors weight value

In this study, a GIS-based AHP as a multicriteria evaluation approach was used to identify suitable irrigation
land for wheat. Nine irrigation determinant factors i.e. slope degree, elevation, distance to water, soil type,
soil texture, soil PH, soil drainage, temperature and LULC were employed for suitability analysis. As shown
in Table 6, the relationship between factors and land suitability for surface irrigation was determined using
9 x 9 pairwise comparison matrix (Table 7). For this study, nine governing factors such as soil factors (soil
texture, soil drainage, soil type, and soil PH), land use and land cover, topographic factors (slope and
elevation), and Water factor (distance to water body) were considered. The weight of every factor was
calculated from the normalized table by the average sum of the row of the matrix (Table 7). The relative
significance of every factor is summarized in Table 7. Distance from a water source (31%), slope (27.5%),
soil type (11.9%), LULC (7.7%), soil PH (6.9%), and soil drainage (4.6%), soil texture (4.5%) has scored
high weight criteria and they are the foremost important factors in determining suitable lands for surface
irrigation followed by temperature and (2.9%), and elevation (2.8%).

The Analytic Hierarchy Process (AHP) commonly relies on expert evaluations for its rating system, making
it highly effective for assessing complex challenges such as irrigation suitability. However, variations in
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individual expert opinions can introduce cognitive biases, uncertainty, and subjectivity. Therefore,
analysing the spatial relationships between irrigation suitability factors and optimal irrigation locations is
essential. In this study, spatial analysis of each parameter, along with field observations, was integrated into
the expert judgment process. As presented in Table 5, the pairwise comparison matrix for the factors and
sub-factors, along with their relative weights, was determined using the Saaty (2001) methodology. The
consistency ratio (CR) was calculated for all factors and remained 7.4% which is below 10% indicating that
the assigned weights were appropriate and reliable.

Table 5 Criteria prioritization with weights and rankings.

Criteria Priority rank
Distance to water 31.0% 1
Slope 27.5% P
Soil type 11.9% 3
LULC 7.7% il
Soil PH 6.9% 5
Soil drainage 1.6% 6
Soil texture 1.5% 7
Temperature 2.9% 8
Elevation .8% <

Table 6 The pairwise comparison matrix.
Criteria Distance [Slope LULC [Soil [Soil Soil  [Soil Temperature [Elevation

to water type [drainage [PH [exture

Distanceto [1 2.00 7.00 }4.00 [7.00 5.00 £.00 .00 5.00
water
Slope 0.50 il 7.00 B.00 [7.00 5.00 [7.00 [r.00 7.00
LULC 0.14 0.14 1 0.33 B.00 1.00 4.00 RB.00 3.00
Soil type 0.25 0.33 033 [1 3.00 3.00 B.00 j3.00 3.00
Soil 0.14 0.14 033 033 [L 1.00 1.00 [1.00 1.00
drainage
Soil PH 0.20 0.20 1.00 (0.33 [L.00 1 3.00 ]2.00 5.00
Soil texture 0.20 0.14 0.25 0.33 [1.00 0.33 |1 3.00 3.00
Temperature 0.20 0.14 0.33 0.33 [0.33 050 033 1 1.00
Elevation 0.20 0.14 0.33 0.33 .50 0.20 0.33 [1.00 1

3.1.2. Analysis of criterion used for potential irrigation site

Land suitability analysis is a fundamental system to identify the natural resource potentials and limitations
of a given area that could help to provide decisions on the farming. In this project, the major criterion used
for winter wheat site analysis are like water body, soil type, soil drainage, soil texture, soil PH land use land
cover, temperature and topography (slope, elevation).

Table 7 Land suitability parameters class area summary.
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Parameter Land suitability =~ [Parameter class Area (ha) Area%
Euclidean Distance S1 Okm — 2km 227018.25 23.20
S2 Pkm — 4km 180038.07 18.40
S3 ikm — 6km 151221.24 15.45
N >6km 120222.78 12.94
Slope S1 0%—2% 157223.58 16.70
S2 P%—5% 167047.56 17.06
S3 5%—8% 109837.8 11.22
N >8% 244810.62 25.00
Elevation S1 P200m — 2500m 124,721.50 12.74
S2 150m — 2000m, 602,989.23 61.62
250m — 2998m
S3 140m — 1500m 34,184.79 3.49
N 859m — 1400m 216,658.30 02.14
Soil Drainage S1 \Well 155749.11 50.28
S2 Moderate 242557.65 26.76
S3 Imperfect 117026.91 12.91
S4 poor 00978.39 10.04
Temperature S1 15°C — 20°C 673,140.6 68.822
S2 14°C — 15°C&20°C — 303,841.63 31.065
25°
N No data 1,102.14 0.113
Soil Texture S1 Loam, Silt loam, Clay 109440.45 12.07
loam
S2 Sandy loam, Silty clay 797028.75 37.9
loam
S3 Sandy, Silty, Clay 29.88 0.003
Soil Type S1 Nitosols, Luvisols and 227539.17 24.16
Phaeozems
52 Fluvisols, Vertisols and 171871.71 50.11
Cambisols
S3 Andosols, Xerosols and 152012.7 16.14
Regosols
N1 Solonchaks and 60794.73 6.46
Leptosols
N2 No data 29428.65 3.12
Soil PH S2 6.5-7.5 677,813.31 69.28
S2 7.5-85and 5.5-6.4 236,466.99 P4.17
N 10 or less than 5.5 64,049.22 6.54
LULC S1 Cropland 613,909.1 62.75
S2 Grassland 123,292.4 12.602
N Forest/Barren 241,139.60
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land/Water
ody/Settlements 4.648

3.1.2.1. Euclidean distance to the water.

Land distance to water source generated for the study area using Euclidean distance tool of ArcMap
software. Highly and moderately suitable class of land distance from water resource is covered about
23.20% and 18.40 of land respectively. Whereas, marginally suitable and unsuitable class of land distance
from water resource is covered about 15.45% and 42.94% of land respectively (Table 7).

3.1.2.2. Slope.

Highly and moderately suitable class of slope is covered about 46.70% and 17.06% of land respectively.
Marginally suitable and unsuitable class of slope land is covered about 11.22% and 25.00% of land
respectively (Table 7).
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Figure 3 Factor A is distance to water body and B is slope
3.1.2.3. Elevation. The highly and moderately suitable class of elevation is covered about

124,721.5 and 602,989.23 hectare of land respectively. Furthermore, marginally suitable and unsuitable
class of elevation is covered about 34,184.79 and 216,658.3 hectare of land respectively (Table 7).

3.1.2.4. Soil Drainage.

In the study area, highly suitable drainage conditions cover 50.28% of the total land, offering favorable
conditions for most crops. Moderately suitable soils account for 26.76%b, where drainage management may
be needed. Marginally suitable soils drainage makes up 12.91%, and unsuitable soils cover 10.04% of the
region. (Table 7).
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3.1.2.5. Temperature.

The highly suitable, moderately suitable and unsuitable class of temperature in the study area is covered

about 673,140.6, 303,841.63 and 1,102.14 hectare of land respectively (Table 7).

3.1.2.6. Soil Texture.

In the study area, highly suitable soil textures cover approximately 12.07% of the total land, providing
optimal conditions for most crops. Moderately suitable soils account for 87.92%, where minor
interventions may enhance productivity. Marginally suitable is very small present coverage which is less

than 0.005% (Table 7).and there is no unsuitable soil texture in the region.
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3.1.2.7. Soil Type.

In the study area, highly suitable soils cover approximately 24.16% of the total land area, while
moderately suitable soils account for 50.11%. Marginally suitable soils make up 16.14%, and unsuitable
soils cover 6.46% of the region. Additionally, soil data is unavailable for 3.12% of the study area (Table
7).

3.1.2.8. Soil PH.

In the study area, highly suitable soil pH covers approximately 69.28% of the total land, indicating
optimal conditions for most crops (Fig 6B). Moderately suitable soil pH accounts for 24.17%, where
minor adjustments may be needed to improve fertility. The remaining 6.54% of the area falls under the
unsuitable category, where extreme acidity or alkalinity could severely limit agricultural productivity
(Table 7).
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Figure 6 Factor A soil Type and Factor B is soil PH
3.1.2.9. Land use land cover.

In land suitability site analysis land use land cover is a vital parameter employed in crop production
produced via irrigation. This parameter is useful to indicate which kinds of land use/cover in the area
relevant for crop production. According to FAO, some of land cover suitable for agricultures is.
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The highly suitable class of land use land cover is covered about 62.75% of the area. Furthermore,
marginally suitable class of land use land cover is covered about 12.60% of the region and while,
unsuitable class of land use land is covered about 24.65% (Table 7).

3.1.3. Land suitability map for surface irrigation

In order to locate the suitability of the study area for irrigated wheat cultivation, thematic maps of each
reclassified factors are overlaid together. GIS permits the user to derive knowledge from different sources
of spatial parameters in order to assess land suitability site (Safwan Mohammed, et.al 2020. Finally, after
evaluated the consistency condition (has to accepted) of the weighted criteria, the land suitability class is
generated using —weight overlayl methods in ArcGIS by applying the following equation

5w IE; Wi« Xi] Tcj

(Safwan Mohammed, et.al 2020)

3)

Where: S: Suitability index, wi: Weight of criterion i, xi: Rank of criterion i, cj: Boolean value of limited
or restricted criterion, n is number of criteria or parameter.

The East Shewa Zone, located in the Oromia regional state, exhibits significant potential for irrigated wheat
production through the utilization of irrigation methods and the abundant water resources available, such
as lakes and perennial rivers. The area boasts a substantial extent of highly suitable land, encompassing
approximately 10.22% (100056.06 hectares) of the total land area (fig 8). This favorable land presents an
ideal opportunity for maximizing winter wheat yields (Tolera, A.M., et al 2023). This highly suitable land
offers favorable conditions for cultivating winter wheat, indicating its potential for supporting productive
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agricultural activities. The presence of water resources such as lakes and perennial rivers in the area enables
the implementation of irrigation mechanisms, further enhancing the suitability for winter wheat cultivation.

Moreover, the region also comprises a considerable portion of moderately suitable land; accounting for
approximately 25.81% (252767.88 hectares) (table 8). While not as optimal as the highly suitable land, this
category still offers suitable conditions for cultivating winter wheat, albeit with potential limitations or
restrictions that need to be addressed. The FAO's Land Suitability Classification defines the 'Moderately
Suitable' (S2) class as land with limitations that reduce productivity or require increased inputs compared
to 'Highly Suitable.

However, it is important to note that a significant portion of the East Shewa Zone's land is classified as
marginally suitable, covering about 24.96% (244468.8 hectares) of the area (table 8). The Food and
Agriculture Organization (FAQO) defines "Marginally Suitable" (Class S3) land as having limitations that
are severe enough to significantly reduce productivity or benefits, or to increase the inputs required for
sustained use, making the expenditure only marginally justified. In the context of winter wheat cultivation,
utilizing marginally suitable land may lead to reduced yields and higher production costs due to factors
such as suboptimal soil conditions, inadequate drainage, or unfavorable climate. Therefore, while
cultivation is possible, it may not be economically viable without significant investments in land
improvement and management practices.

On the other hand, a substantial proportion of the land, approximately 3.39% (33169.32 hectares), is
classified as unsuitable or temporarily not suitable for winter wheat cultivation (table 15). According to
FAO 1976 temporarily not suitable (N1) can be improved for agriculture with interventions. The remaining
35.63% (348946.91 hectare) of the region is permanently not suitable (N2) (table 8). Severe limitations
(e.g., rocky terrain, lakes, poor soil) make it unfit for cultivation.

Considering the favorable and moderately suitable land, as well as potential improvements in management
practices, the East Shewa Zone in Oromia presents a promising opportunity for expanding winter wheat
production. By harnessing the available water resources and implementing appropriate strategies, such as
efficient irrigation mechanisms, this region can contribute significantly to meeting the demand for winter
wheat and bolstering food security in the area. However, careful consideration must be given to the
limitations associated with marginally suitable and unsuitable land to ensure sustainable and effective
agricultural practices in the region.
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Table 8 Suitability level

Suitability level Area (Ha) )
Permanently Not suitable 348946.91 35.63
Not Suitable 33169.32 3.39
Marginally Suitable 244468.8 24.96
Moderately Suitable 252767.88 25.81
Highly Suitable 100056.06 10.22
Total 079408.97 100.00

3.1.4. Validation of land suitability

To validate the precision rate of weight overlay model in east shewa zone, using the AUC method, the total
irrigation suitability observed were 100 points used for validation of models. Therefore, 100 points were
collected using the Global Position System GPS device during field visits and compared with five levels of
susceptibility map. The ROC curve was created by plotting the cumulative percentage of suitability level
in descending order on the X-axis against the cumulative percentage of irrigational suitablity on the Y-axis.
Area under curve (AUC) value of accuracy curve was calculated and its value is 0.896. The analysis
indicated that the global success rate of the suitability level map is 89.6% (Fig. 10).

AHP was solicited to derive priority scales of different suitability causative factors and sub-factors, through
pairwise comparisons based on the expert judgments. From the spatial effectiveness of the generated
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suitability map checked by AUC (89.6% of accuracy), it is seen that the used model yielded a good result
for suitability mapping in east shewa zone zone (Ayele et al. (2024). Despite these encouraging results and
the flexibility of the model, the main issue is that of causality related to landslides in our study area.

3.2.Discussion

The study on land suitability evaluation for surface irrigation in the Rift Valley Lakes Basin, Ethiopia, using
GIS and the Analytic Hierarchy Process (AHP), provides a comprehensive framework for identifying
suitable areas for irrigated wheat production. By integrating spatial analysis, expert judgment, and field
observations, the research presents a robust methodology that can be applied to other regions with similar
agro-ecological conditions.

This study highlights the effectiveness of combining GIS and AHP for land suitability evaluation. GIS
enables the visualization and analysis of spatial relationships between various factors, while AHP provides
a structured approach to weighting these factors based on expert judgment. This combination is widely
recognized as a reliable method in land suitability assessment (FAO, 2021).

The reliability of the weighting process is confirmed by a consistency ratio (CR) of 7.4%, which falls below
the acceptable 10% threshold (Saaty, 2008). However, the reliance on expert judgment introduces a degree
of subjectivity. Differences in expert opinions can lead to cognitive biases, which may affect the accuracy
of results. To address this, the study incorporates spatial analysis and field observations, an approach
recommended by recent research (Zhang et al., 2023). By doing so, the study enhances objectivity and
ensures the results are grounded in empirical data.

The study identifies nine key factors influencing land suitability for irrigation: slope, elevation, and distance
to water, soil type, soil texture, soil pH, soil drainage, temperature, and land use/land cover (LULC). These
factors align with global and regional studies on irrigation suitability (FAO, 2021; Azemeraw Wubalem,
2021).

Distance to Water is a crucial determinant, with land within 0-2 km classified as highly suitable, consistent
with findings from (Worku, D et.al (2024). However, 42.94% of the study area is unsuitable due to its
distance from water sources, underscoring the need for investment in irrigation infrastructure.

Slope plays a significant role, with 46.70% of the land having slopes between 0-2%, making it highly
suitable for irrigation. This aligns with global recommendations that slopes below 8% are ideal for wheat
cultivation. Steeper slopes require terracing or soil conservation measures, increasing production costs.

Soil Properties such as type, texture, pH, and drainage are also critical. The study finds Nitosols, Luvisols,
and Phaeozems to be the most suitable, consistent with previous studies (Worglul et al., 2015; Balew et al.,
2021). However, 6.46% of the area is unsuitable due to poor soil conditions, such as Leptosols and
Solonchaks. Soil amendments and management practices could improve marginally suitable soils.

Temperature in the study area falls within the optimal range (15-20°C) for wheat cultivation, covering
68.82% of the land. This finding is consistent with the optimal wheat-growing conditions reported by
Porter, J. R., & Gawith, M. (1999).
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Land Use/Land Cover analysis reveals that cropland makes up 62.75% of the highly suitable land, while
24.65% of the area is unsuitable due to forests, settlements, and water bodies. This highlights the need for
careful land use planning to balance agricultural expansion with environmental conservation.

The study categorizes land suitability into five classes: highly suitable (10.22%), moderately suitable
(25.81%), marginally suitable (24.96%), unsuitable (3.39%), and permanently not suitable (35.63%). The
relatively small proportion of highly suitable land (10.22%) suggests that while the region has potential for
irrigated wheat production, significant challenges remain. Expanding irrigation infrastructure, improving
soil conditions, and adopting better land management practices could enhance the suitability of marginally
suitable areas.

These findings align with similar studies. For example, Gebre and Melesse (2022) reported that only 12%
of the Rift Valley Lakes Basin is highly suitable for surface irrigation. Studies in East Africa also highlight
the limited availability of highly suitable land due to factors such as water scarcity, poor soil quality, and
steep slopes (FAO, 2021; Azemeraw Wubalem, 2021).

To ensure the accuracy of the land suitability model, the study uses the Area under Curve (AUC) method,
achieving an accuracy of 89.6%. This high level of precision demonstrates the effectiveness of the GIS-
based AHP model in predicting land suitability. The AUC method is widely used in land suitability studies
due to its ability to quantify predictive performance. The strong validation results suggest that this model
could be effectively applied to other regions with similar conditions.

5 Conclusion

This study set out to identify the best areas for irrigated winter wheat production in the East Shewa Zone
of Oromia, Ethiopia, using Geographic Information Systems (GIS), remote sensing, and the Analytical
Hierarchy Process (AHP). By analyzing nine key factors including slope, elevation, proximity to water
sources, soil properties, temperature, and land use the research provides a detailed assessment of land
suitability. The results show that about 10.22% of the area is highly suitable for irrigated wheat farming,
while 25.81% is moderately suitable. These regions have favorable conditions for wheat cultivation,
especially with proper irrigation. However, a large portion of the land 24.96% marginally suitable and
35.63% unsuitable faces challenges such as poor drainage, unsuitable soil conditions, and extreme climate
factors. Addressing these issues through targeted interventions could help unlock more agricultural
potential in the region.

Beyond mapping land suitability, this study highlights how important it is to use data-driven approaches to
improve agricultural productivity and food security. By pinpointing the most promising areas for wheat
cultivation, the findings offer valuable guidance for policymakers, agricultural planners, and farmers. The
combination of GIS, remote sensing, and AHP provides a powerful tool for making informed decisions
about land use and resource management. However, the study also recognizes its limitations, such as
potential data gaps, the subjectivity of expert input in the AHP process, and the absence of socio-economic
factors. Future research should aim to address these gaps by considering climate change, soil degradation,
and economic constraints. Expanding the scope to include other crops and regions could also enhance the
relevance of this approach. Ultimately, this study underscores the East Shewa Zone’s potential to boost
Ethiopia’s agricultural productivity through irrigated wheat farming. With strategic water management and
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sustainable land use practices, the region can overcome existing challenges and contribute to national food
security and economic growth.

Limitations

While this study provides valuable insights into land suitability for irrigated wheat farming, it is important
to acknowledge certain limitations. The accuracy of the analysis depends on data quality, which may
sometimes be outdated or incomplete, particularly regarding soil properties, temperature, and land use/land
cover. Additionally, the Analytical Hierarchy Process (AHP) introduces some level of subjectivity, as
expert judgment is used to assign weights to different factors. Efforts were made to minimize bias, but
inherent subjectivity may still influence final classifications. The study also simplifies complex agricultural
systems by focusing on a limited set of factors, leaving out socio-economic conditions, access to irrigation,
and farmer practices key elements for real-world implementation. Furthermore, the analysis offers only a
static shapshot based on current conditions, without accounting for evolving factors like climate change,
soil degradation, or shifting land use patterns.

Beyond these methodological constraints, the study does not factor in economic and social realities, such
as the cost of irrigation infrastructure or land tenure challenges, both of which can significantly influence
the success of irrigated wheat farming. Additionally, potential environmental impacts such as water
resource depletion, soil salinity, and biodiversity loss are not deeply explored, though they are essential for
sustainable agricultural planning. Despite these limitations, this research lays a strong foundation for
identifying suitable areas for irrigated wheat production. Addressing these constraints in future studies will
help refine the approach, making it more accurate, practical, and sustainable for long-term agricultural
development.

Feature constraints

Future research will consider additional criteria, such as socio-economic factors and localized climate
models, to enhance the comprehensiveness of land suitability assessments for agricultural practices.
Continued exploration into sustainable agricultural practices and innovative irrigation techniques is
necessary for addressing challenges posed by climate change, aiming for long-term productivity and food
security.
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Abstract

Groundwater contamination occurs when pollutants migrate vertically or horizontally due to geogenic and
anthropogenic factors. Solid waste disposal is a major source of groundwater pollution, with landfill
leachate forming as rainwater infiltrates dumpsites and percolates through soil layers. Conducting non-
invasive, cost-effective investigations using Electrical Resistivity Tomography helps map leachate plumes
and assess groundwater contamination. This study analyses groundwater quality near a landfill using
Electrical Resistivity Tomography. Electrical resistivity surveys were conducted from November 2023 to
March 2024 in different directions to locate contaminant plumes and understand transport behaviours.
Groundwater samples from nearby boreholes were collected and analysed to determine their chemical
composition. The 2Directional ERT results revealed that leachate had migrated both spatially and vertically,
contaminating the shallow aquifer. Low resistivity values (<10Qm) indicated significant leachate
infiltration. The presence of elevated concentrations of EC, TDS, Cd, Pb, Mn, and Al in groundwater
samples confirmed the Electrical Resistivity Tomography findings. These analyses highlight the impact of
landfill leachate on groundwater contamination. A strong correlation exists between geophysical
investigations and hydro chemical analysis. The findings demonstrate that the landfill significantly affects
the groundwater quality, posing risks to nearby water sources. The study provides insights into the extent
of leachate infiltration and its consequences for groundwater sustainability.

Keywords: Electrical Resistivity Tomography (ERT); Landfill, Leachate; Groundwater Quality; Pseudo-
section model

1. Introduction

Municipal solid waste (MSW) is a growing global challenge that negatively affects the environment, water
guality, economic stability, and social equity. The generation of MSW is projected to reach 2.2 billion
metric tons by 2025, driven by increasing urbanization and economic growth (Mosuro et al., 2017). In many
developing countries, landfilling remains the primary waste disposal method. However, landfills pose
environmental risks, particularly through leachate—a liquid formed when rainwater percolates through
waste, carrying hazardous substances like organic matter, heavy metals, and chlorides (Bashir et al., 2009).
Leachate infiltration into groundwater aquifers is a significant concern, contaminating water resources and
affecting nearby communities (Danthurebandara et al., 2013). Studies show that groundwater
contamination from leachate is most severe within 200 meters of a landfill, with impacts extending up to
1000 meters (Han et al., 2016). Monitoring leachate movement and spatial distribution is critical for
mitigating its effects. Electrical Resistivity Tomography (ERT) has proven to be a cost-effective, non-
invasive tool for mapping subsurface contamination. ERT uses the electrical conductivity of leachate to
create 2D and 3D profiles, identifying areas affected by contamination (Feng et al., 2017).
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Several studies have demonstrated the efficacy of ERT in landfill monitoring. For example, Meads et al.
(2003) and Enikanselu (2008) used ERT to detect leachate-induced conductivity changes near landfills in
Canada and Nigeria. Maurya et al. (2017) and Omolayo and Tope (2014) further confirmed its ability to
identify polluted zones, correlating geophysical data with chemical analysis. Despite its proven
effectiveness, there is a lack of studies integrating ERT with groundwater quality analysis, particularly near
the Saliyar landfill. This study aims to fill this gap by combining ERT with laboratory analysis of
groundwater samples to assess the extent of leachate contamination. It highlights the need for validation
through well data, as ERT results can be influenced by factors like subsurface porosity and groundwater
chemistry (Vega et al., 2003).

2. Materials and Methods
2.1. Description of study area

The study area is situated around the waste disposal site in Saliyar village, Haridwar district,
Uttarakhand Pradesh, India and located between 29°53°N to 29°54°N and 77°51’E to 77°52’E.
Saliyar landfill has been the only single and active open site for MSW disposal in Roorkee City
since 1988. The region features a moderate subtropical to humid climate characterized by three
distinct seasons: summer, followed by the rainy season, and then winter. The temperature typically
increases in March, reaching a high of 29.10°C, and peaks in May at 44°C. The Saliyar landfills
are roughly 7 km from the center of the city and get 3224 MT of solid waste monthly. The city
produces roughly 104 Metric tons (MT) of municipal trash daily. The location of the study area
with ERT profiles orientations is shown in Figure 1. The study area lies in the Himalayan foothills'
Tarai zone near Roorkee, India, featuring Quaternary alluvial deposits of clay, sand, pebbles, and
gravel. The topsoil (3—6 m thick) is sandy loam, underlain by an unconfined aquifer (3—27 m) and
a deeper aquifer (~14 m), separated by a clay-gravel layer. The Solani River flows ~500 m
southeast of the waste site, with groundwater movement following the gentle slope parallel to the
river. This hydrogeological setting influences contaminant transport from the landfill towards the
river (Devi et al., 2017). The lithology map of the study area is described in Figure 2.

2.2. Methods

A geophysical (ERT) method and hydro chemical analysis of water samples from wells and boreholes were
used for the investigation of possible contamination of groundwater because of leachate infiltration from
the landfill.

2.2.1. Electric resistivity tomography (ERT)

ER measures how strongly a material opposes the flow of electric current (Andrade, 2011). The purpose of
electrical surveys is to determine the subsurface resistivity distribution by making measurements on the
ground surface (Loke, 1997).

2.2.2. Data acquisition, processing, and inversion

The ERT analysis began with data collection using a Syscal Junior/R1 Plus Resistivity Meter and Wenner—
Schlumberger configuration (Aydi et al., 2020), with electrode spacings from 2.4m to 10m for enhanced
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sensitivity. RES2DINV software was used for modeling and interpretation (Loke, 2011). Processing
included filtering unreliable data, topographic correction, and applying a smoothness-constrained least
squares inversion (Oyeyemi et al., 2018; Yan et al., 2022). The subsurface was divided into prisms, and a
finite element algorithm minimized differences between observed and calculated resistivity values (Ayolabi
et al., 2015). The ERT lines were strategically laid out to cover the landfill and surrounding areas. The

locations, length, orientation of the profile, spacing and number of electrodes were presented in Table 1.

Table 1. summary of obtained data from the ERT survey of ten profiles

Profiles Start  point | Final point | Number of | Electrode Length | Orientation

coordinates Coordinates Electrode Spacing (m)
(m)

Profile-1 29°54'14"N | 29°53'56" N | 48 7 329 North-West
77°51'54"E | 77°51'13"E

Profile-2 29°53'56"N | 29°53'56" N | 20 5 95 ES-NW
77°51'14"E | 77°51'13"E

Profile-3 29°54'6" N 29°53'45"N | 48 5 235 South-North
77°51'57"E | 77°51'43"E

Profile-4 29°54'4" N 29°54'10"N | 48 5 235 South-North
77°51'49"E | 77°51'55"E

Profile-5 29°54'2" N 29°54'8" N 48 5 235 South-North
77°51'52"E | 77°51'57"E

Profile-6 29°54'8" N 29°54'11"N | 34 3 99 SW-EN
77°51'53"E | 77°51'54" E

Profile-7 29°54'12"N | 29°54'00"N | 24 2.4 55.2 West -East
77°51'54"E | 77°51'16"E

Profile-8 29°54'11"N | 29°54'17" N 24 10 230 North-West
77°51'55"E | 77°52'2"E

Profile-9 29°54'18"N | 29°54'18"N | 24 10 230 SW-EN
77°47'18"E | 77°52'5"E

Profile-10 29°54'10"N | 29°54'11" N 24 10 230 SW-EN
77°52'6" E 77°52'3"E

These results are relevant in imaging the causes of subsoil and groundwater contamination. They are
discussed in terms of the inverse model resistivity concerning the corresponding depths of occurrence. A
total of Ten (10) ERT profiles were taken in different directions of the landfill site as shown in Figure 1.

2.2.3. Physiochemical water quality analysis

Nine groundwater samples (5 samples from handpump wells and 4 samples from boreholes) were collected
for chemical analysis within a 500m radius around the landfill area and proximally located near to the ERT
lines as shown in Figure 3. The major elements like heavy metals, cations and anions including physical
parameters were conducted in Soil and Water Quality laboratory of the Department of Water Resources
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Development and Management (WRDM) and Institute Instrumentation Centre (1IC) of the Indian Institute
of Technology, Roorkee.

2.2.4. Water quality index (WQl)

Suitability of groundwater can be assessed by using water quality index (Batabyal & Chakraborty, 2015;
Li et al., 2010; Ramakrishnaiah et al., 2009; Saeedi et al., 2010). WQI were calculated by using standard
recommended by Bureau of Indian Standard (BIS), 2012 for drinking purpose. To calculate the WQI, the
weights for the physical and chemical parameters were determined with respect to the relative importance
of the overall quality of the water for drinking water purposes (Balamurugan et al., 2020). The following
steps are involved in WQI computing:

1. The maximum and minimum weight assigned is for each parameter from one to four based on the
impact of the parameters on health.

2. The relative weights (Wi) are computed by the following equation:
Wi = wi/2W; (1)
Where, W; = Relative weight, w; = Weight of each parameter, n= number of parameters.
3. Quality rating
q; = (Ci/S;) * 100 (2)

Where, qi=Quality rating for i parameter, Ci= Concentration of iw, parameter in groundwater sample, and
Si =desirable limit set by BIS.

4. Sub-index
SIi = W; * q; 3)
Where Sl =the sub index, W; = Relative weight, and gi=Quality rating
5. Water quality index
WQI = Xh-1 Sk @)

According to WQI, groundwater is classified into five ranks, “Excellent water” to “Extremely poor water”
(Li et al., 2010). The classification standards are listed in Table 2.

Table 2. classification standards of groundwater quality according to WQI

WOQI Rank Water Quality

<50 1 Excellent water quality

50-100 2 Good water quality

100-150 3 Medium or average water quality
150-200 4 Poor water quality
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>200 5 Extremely poor water quality

3. Results and Discussions
3.1.Physiochemical water quality analysis

Water quality parameters are measurable attributes that define the physical and chemical characteristics of
water. These variables encompass physical parameters and chemical parameters, including heavy metals.
The descriptive statistics of physicochemical parameters of the groundwater samples for this study like
range, mean, standard deviation and the acceptable limit of BIS for drinking purpose of the groundwater
quality samples were presented in Table 3.

Table 3: descriptive statistics of physicochemical parameters of the groundwater samples

Water Range Mean | SD WHO BI1S-2012 Samples Samples
Quality (ppm) (2008) (Acceptable | Exceeding Exceeding
Parameters Limit) WHO (2012) | BIS (2012)
pH 6.98-7.365 | 7.14 0.15 6.5-8.5 6.5-8.5 0 0
TDS (ppm) 214.5-552 | 288.33 | 108.49 | 500.00 500.00 1 1
EC (uS/cm) 442.95- 518.59 | 101.70 | 1000.00 | 400-1000 3 3
762.6
FI (ppm) 0.022-0.32 | 0.21 0.09 0.50 1.00 0 0
Cl (ppm) 0.08-38.31 | 6.76 12.11 | 250.00 250.00 0 0
Br (ppm) 0.29-5.02 2.87 1.24 0.01 NA 9 0
Sulphate(ppm) | 0.19-37.39 | 5.92 11.88 | 250.00 200.00 0 0
Nitrate (ppm) | 0-11.58 1.37 3.83 3.00 45.00 0 0
Zn (ppm) 0.01-0.21 0.10 0.08 - 5.00 NA 0
Cd (ppm) 0.03-0.05 0.04 0.01 0.00 0.00 9 9
Ag (ppm) 0-0.1 0.01 0.00 - 0.10 NA 0
Cu (ppm) 0-0.01 0.01 0.00 2.00 0.05 3
Ni (ppm) 0.01-0.06 0.02 0.01 0.07 0.02 0
Fe (ppm) 0.07-0.12 0.08 0.02 - 0.30 NA 0
K (ppm) 2.12-6.09 2.88 1.24 - - NA NA
Mg (ppm) 10.26- 14.14 | 3.62 - 30.00 NA 0
20.64
Al (ppm) 0.05-0.09 0.06 0.01 - 0.03 NA 9

This study employed Electrical Resistivity Tomography (ERT) and hydro-chemical analysis to assess
landfill leachate infiltration and its impact on groundwater quality near the Saliyar landfill, Roorkee, India.
The key findings reveal significant contamination due to leachate migration, with low resistivity zones
(<12Qm) in ERT profiles (3-8) confirming leachate percolation into the aquifer. The plume appears to
migrate toward the Solani River but does not reach the riverbank, as evidenced by higher resistivity values
(13.6-17.4Qm) in near-river profiles (9—10), suggesting dilution by river water.
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Hydro-chemical analysis of groundwater samples indicated elevated levels of EC (>1000 pS/cm), TDS
(>500 mg/L), and toxic metals (Cd, Pb, Mn, Al), exceeding permissible limits. The Water Quality Index
(WQI) classified the groundwater as "average" to "poor," rendering it unsafe for drinking. Furthermore, the
reliance on contaminated groundwater for sugarcane irrigation poses serious health and environmental
risks, demanding immediate regulatory action.

To mitigate further contamination, proactive landfill management strategies, including leachate collection
systems, impermeable liners, and continuous groundwater monitoring, must be implemented. This study
highlights the urgent need for sustainable waste disposal practices and stricter enforcement of
environmental policies to safeguard groundwater resources and public health in the region.

Several wells exceeded safe drinking water limits for heavy metals. Cadmium levels (0.04-0.05 ppm) in
Wells 4,5,7,8,9 surpassed BIS/WHO standards (0.003 ppm). Lead concentrations (0.01-0.035 ppm) in
Wells 1,2,5,7,8,9 exceeded the 0.01 ppm limit. Manganese (0.02—0.34 ppm) in Wells 1,5,8,9 also breached
BIS guidelines (0.01 ppm). Figure 4(c) highlights these violations, indicating significant groundwater
contamination, posing health risks. Urgent remediation is needed to ensure safe drinking water.

3.2.Classification of groundwater by water quality index (WQl)

WQI has been used for the classification of groundwater samples. WQI indicates degradation of water
guality, and it also helps in the managing water resources for their varied usages. Standard for drinking
purposes recommended by Bureau of Indian Standards (BIS) 1S 10500:2012 has been used for calculation
of WQI. Weights have assigned based on the significance of parameters in water quality assessment (Li et
al., 2010). Overall weight has been assigned from 1 to 4 depending upon the impact of the parameter. The
parameter having the higher impact has been assigned as 4 and the least impact assigned as 1. Relative
weight has been calculated by assigning individual weights to the parameters and overall water quality has
been computed for each parameter. On the basis of overall water quality index values of each sample,
groundwater is categorized into five categories. The Assigned and relative weight for WQI computation is
presented below in Table 4.

Out of 9 groundwater samples, 4 samples (44.4%) falling in the medium or average water quality, and 5
samples (55.5%) in poor water quality category. The groundwater samples of Well-5, Well-7, Well-8, and
Well-9 are lies in the premise of landfill site and in the radius of <1 km from the landfill site. The calculated
WQI results of the functional well are presented in Table 5.
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Table 4. assigned and relative weight for WQI computation with BIS standards

Water Quality | BIS (2012) | Weight (wi) | Relative Weight (Wi)
Parameters 1S50500:2012 (Ci)

pH 6.5-8.5 1 0.04
TDS (ppm) 500 1 0.04
EC (uS/cm) 400-1000 2 0.08
Cl (ppm) 250 1 0.04
Sulphate(ppm) 250 1 0.04
Nitrate (ppm) 3 3 0.12
Zn (ppm) 5 1 0.04
Cd (ppm) 0.003 3 0.12
Cu (ppm) 0.05 2 0.08
Ni (ppm) 0.02 3 0.12
Fe (ppm) 0.3 4 0.16
Al (ppm) 0.03 3 0.12

y=25

Table 5. Computed WQI of the functional wells

Wells | Well-1 | Well-2 | Well-3 | Well-4 | Well-5 | Well-6 | Well-7 | Well-8 | Well-9

WQI | 12531 | 119.19 | 11795 | 160.50 | 155.67 | 114.26 | 151.46 | 164.07 | 175.78

3.3.Electrical resistivity tomography results

The 2D ERT imaging of the subsurface which measures lateral and vertical variation with depth gave useful
information on the subsurface related to the mapping the plume. The following ERT profiles represent the
cross-sectional (vertical) surveys conducted around the landfill area. The results and discussions are
organized according to the distance from the waste disposal site.

3.4.Longitudinal profiles

Profile-3 was conducted in the South-North direction of a landfill site, spanning a depth of 53m vertically
from the ground surface and utilizing the Wenner-Schlumberger electrode configuration. The resistivity
values lower than 10Q2m were observed, indicating the presence of leachate flow according to the same
studies conducted by Moretto (2017) and Zaini (2022) in Brazil and Malaysia respectively. This area is
downstream of the old landfill site, making the presence of leachate flow expected, as shown in Figure 5(a).
Additionally, the leachate concentration increased towards the north of the profile. A study conducted by
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Sudha et al. (2010) suggests the presence of saturated sandy loam, medium sand, and clay with pebbles
throughout the traverse according to the lithology data of the area.

The inverse modelling of Profile-5, oriented south-north and extending 50m below the surface, provided
insights into the subsurface near the landfill. Isolated high resistivity zones, likely linked to boulders or
dry/unsaturated areas, were observed (Devi et al., 2017). A low resistivity zone, below 42Qm, was
consistent throughout the traverse, indicating leachate infiltration from the nearby landfill. Subsurface
analysis revealed sandy loam composition, likely contributing to leachate migration into surrounding strata
due to the landfill's proximity. Figure 5(b) presented the analysed pseudo-section model of Profile-5.

Profile-4, surveyed 30m downstream of the landfill, extended 50m below the surface in a south-north
direction. The electrical resistivity values ranged from 1Qm to 170Q2m, with low resistivity areas (less than
10Qm) detected within 1.25m from the surface, indicating potential leachate infiltration threatening
groundwater quality. The southern part of the traverse, close to the landfill, shows susceptibility to
contamination, while the northern segment displays higher resistivity values (115Qm to 170Qm). Low
resistivity zones, 140m to 200m from the site, at 6m depth, further confirm leachate migration through
protective geological layers, supported by studies by Rao (2014) and Adhikary (2015). Figure 5(c)
presented the pseudo-section model of Profile-5.

This inverse model traverse of Profile-1 was carried out to a depth of 70m from the ground surface, and the
recorded resistivity values ranged from 2Qm to 46Qm in the direction from the North-West. The initial
layer, extending from a depth of 1.75m to 14.1m, exhibited low resistivity anomaly values within the
resistivity range of 2Qm to 10Qm horizontally at a total distance of 329m. The low resistivity suggests the
infiltration of leachate near this profile section. The second layer has a resistivity value of 14Qm to 26Q2m
from a depth of 14m-20m. The lithology of the area at a given depth indicates the presence of medium sand
(Sudha et al., 2010) in the vicinity. The groundwater table has been indicated at a depth of 17m with a
resistivity value near 20Qm. The depth to the groundwater level in most of the Roorkee area lies between
3.20m to 19.39m bgl. At certain places, the depth to the water table observed in tube wells rests between
11m and 18m bgl (District, 2022.). The interpreted mode of Profile-1presented in Figure 5(d).

Profile-8's ERT survey (48m depth, South-North orientation) revealed resistivity values of 11-39Qm, with
a distinct low-resistivity zone (11-13Qm) at 5-10m depth, indicating leachate infiltration in sandy loam
soil. A particularly conductive spot (<13Qm) at 103m horizontal distance (2.5m depth) confirms leachate
migration from the landfill (270m away), consistent with findings conducted by Ogilvy (2002) and Zaini
(2022) The pseudo-section shows reduced leachate flow toward the Solani River. Groundwater levels in
Roorkee range 3.20-19.39m bgl, with tube wells at 11-18m bgl (District, 2022) , suggesting potential
aquifer contamination risks. The water table near the riverbank was raised to the surface at horizontal
distance of 200m as shown in Figure 5(e).

3.5.Cross-sectional profiles

The following ERT profiles represent the lateral surveys conducted around the landfill area. The results and
discussions are organized according to the distance from the waste disposal site.

Profile-2, located 10 to 20m southwest of the landfill site, extended 95m in length and reached a depth of
20m. Resistivity values ranged from 13Qm to 39Qm, with low resistivity consistently observed below 3m

144 |Page



23" International Symposium on Sustainable Water Resources Development: May 23-24/2025

depth. A leachate plume, showing resistivity values below 15Qm, was detected at depths of 5m to 7.5m,
and lateral distances of 50m to 80m. This suggests leachate migration within the profile (Chu et al., 2017;
Giang et al., 2013; Moretto et al., 2017). Below the leachate zone, a contaminated groundwater region
extended from 10m to 15m depth, showing a low resistivity anomaly. Figure 6(a) explains the pseudo-
section resistivity model of Profile-2. Because the amount of resistivity values is directly correlated with
the concentration of dissolved substances, zones with higher leachate accumulation also tend to have lower
resistivity values as the higher concentration of ions and organic acids (Helene et al., 2020).

Profile-6, located 200m downstream from the Saliyar landfill, reached a depth of 22.1m. Resistivity values
ranged from 7.4Qm to 51.7Qm, with a distinct pattern observed from 0.75m to 13m depth, across a 96m
profile length. Small leachate plumes were detected between 69m to 96m, at depths of 0.75m to 4m. Low
resistivity values near 8Qm were observed 115m from the landfill. The subsurface lithology, as documented
by Sudha (2010), consisting mainly of sandy loam and clayey soil, facilitates leachate percolation. These
findings align with similar studies, confirming the potential contamination of groundwater by landfill
leachate conducted by Camarero (2019) in Brazil. Figure 6(b) explains the pseudo-section resistivity model
of Profile-6.

Profile-7, located 250m from the landfill, was investigated to a depth of 11.5m over a horizontal span of
55.2m. Resistivity values ranged from 9Qm to 15Qm, with areas showing values under 10Qm, indicating
potential landfill leachate infiltration. Leachate plumes were identified at depths of 0.6m to 1.8m, between
24m to 30m and 32m to 55.2m, and at depths of 4.45m to 9.4m from 10.8m to 18m as studied by Moretto
(2017) and Olasunkanmi (2023). These low resistivity zones point to subsurface contamination from the
landfill (Donohue et al., 2015).. The subsurface lithology, primarily sandy loam and clayey soil, supports
leachate percolation. The interpreted model of Profile-7 presents in Figure 6(c).

Profile-9 was conducted 520m far away from the landfill site on the bank of the Solani River in the direction
of SW to EW. The depth of the investigation reached 48m below the ground surface covering horizontal
distance of 230m This profile has a resistivity of range 20Qm t0140Qm. In the SW, EN and central segment
of the profile, resistivity values ranging from 20Qm to 30Qm were distinguished at depths traversing Sm
to 48m. These findings suggest the influence of saturation of water from the Solani River and the vegetative
cover surrounding the profile area. It is understood in clear from inverse model of Profile-9 the infiltration
of the leachate was ended up before reaching the bank of the river and can be seen from the previous Profile-
8. Due to the distance far away from the landfill site there was no intrusion of leachate from the nearby
landfill. Figure 6(d) describe the analysed pseudo-section model of ERT-9.

Profile-10’s inverse modeling, conducted along a 230m SW-NE traverse in the Solani riverbed (depth:
52.3m), revealed subsurface resistivity ranging from 17.4Qm to 158Qm. Low values (17.4—158Qm)
indicate water-saturated zones, while high readings suggest boulders/unsaturated layers, typical of
Himalayan foothills (Devi, 2017). The study, timed during the dry season for optimal data, aimed to assess
groundwater dynamics and leachate spread near the landfill. Results highlight the riverbed’s geological
heterogeneity, aiding in understanding contaminant pathways and hydrological patterns. This profile is used
as a reference for comparing with others to determine the extent of leachate infiltration into the subsurface,
particularly at a considerable distance from the landfill site as shown in Figure 6(e).

3.6.Validation of ERT model and physiochemical analysis
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To validate and check the resistivity models generated from ERT data, EC values of ground water samples
were compared with the resistivity model for the test. Three groundwater samples namely Well-1, Well-5,
and Well-8 were shown higher EC values among the other wells. Hence the EC values had been compared
with the resistivity values of the pseudo section model of ERT profiles. According to the study conducted
by Khaki et al. (2016) and Ogungbe et al. (2012), the electrical resistivity of contaminated aquifer with
dissolved solids is less 20Q2m. A critical look at the resistivity-depth of pseudo-section model from Profile-
3, Profile-4, Profile-5, Profile-6, Profile-7, and Profile-8 shows possible infiltration of leachate containing
high concentration of dissolved solids to the subsurface environment. Generally, the results reflect high
level of impact of leachate from the decomposed materials from the dumpsite, with resistivity value less
than 10Qm prevalent on the entire traverses of the ERT profiles. The presented values in Table 6 reveal
that the groundwater samples exhibited significant EC values, aligning with the interpreted pseudo-section
models of the ERT profiles.

Table 6. Electrical Conductivity (EC) values of selected groundwater sample around the landfill

Wells Well type | Electrical Conductivity | Electrical Conductivity | Electrical Resistivity
(EC) in pS/cm (EC)in S/m (1/EC) in Qm

Well-1 Handpump | 525.8 0.053 19.02

Well-5 Borewell | 588.65 0.059 16.99

Well-8 Handpump | 762.6 0.076 13.11

Notably, Well-1, Well-5, and Well-8 displayed EC measurements of 0.053 S/m, 0.059 S/m, and 0.076 S/m,
respectively. Resistivity is the reciprocal of conductivity. Hence upon inversing the EC, obtain resistivity
values of 19.02Qm, 16.99Qm, and 13.11Qm, respectively. These notably low resistivity values serve as
clear indicators of contamination and leachate infiltration into the aquifer originating from the landfill
vicinity that validate the results of the ERT values nearby the area.

4. Conclusion

This study showcases the application of Electrical Resistivity Tomography (ERT) and hydro-chemical
analysis to assess the extent of landfill leachate infiltration and its impact on groundwater quality near the
Saliyar landfill, Roorkee, India. ERT profiles from Profiles 3 to 8 revealed low resistivity values (<12Qm),
indicating significant leachate infiltration. The leachate plume appears to flow towards the Solani River due
to slope differences, but ERT-8 results suggest that it stops before reaching the riverbank. Profiles 9 and
10, located near the river, showed higher resistivity values (13.6Qm and 17.4Qm, respectively), signifying
the saturation of subsurface water with river water. Hydro-chemical analysis of water samples from
surrounding wells revealed elevated concentrations of parameters such as Electrical Conductivity (EC:
>1000uS/cm), Total Dissolved Solids (TDS: >500mg/L), Cadmium (Cd: >0.003mg/L), Lead (Pb:
>0.01mg/L), Manganese (Mn: >0.1mg/L), and Aluminum (Al: >0.03mg/L). The Water Quality Index
(WQI) of the wells indicated "average" to "poor" drinking water quality. These results underscore the
contamination of the aquifer by landfill leachate. Additionally, local sugarcane cultivation, which relies on
groundwater for irrigation, is at risk of exposure to contaminated water, posing a significant health threat.
Immediate regulatory measures and proactive management are essential to mitigate the environmental and
health risks associated with landfill leachate.
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Abstract

This study investigates the effect of water hyacinth-derived biochar on maize growth in acidic soils, with
the goal of identifying an optimal application rate for sustainable crop production. A pot experiment was
conducted using varying biochar concentrations (0%, 5%, 10%, and 15%), and growth parameters such as
plant height, leaf humber, and dry biomass were measured alongside soil nutrient content. The results
revealed that 10% biochar application significantly enhanced maize growth and biomass yield, with strong
positive correlations observed between biochar-amended soil nutrients (total nitrogen, phosphorus, and
potassium) and plant performance. However, a reduction in growth at 15% biochar indicates a potential
threshold beyond which nutrient availability or soil structure may become limiting. These findings
demonstrate the potential of transforming invasive water hyacinth into a valuable soil amendment that
improves food production and supports sustainable land management. By promoting resource recycling and
improving soil health, this approach contributes to multiple sustainable development objectives, offering a
cost-effective and eco-friendly solution for regions facing soil degradation and food insecurity.

Keywords: Biochar, Water hyacinth, Maize growth, Soil amendment, Acidic soil, Sustainable agriculture,

1. Introduction

Water hyacinth (Eichhornia crassipes), an invasive aquatic weed, poses environmental challenges due to
its rapid propagation and obstruction of water bodies. However, its high biomass production makes it a
potential feedstock for biochar production(Masto et al., 2013). When applied as a soil amendment, water
hyacinth biochar (WHB) can neutralize soil acidity, enhance cation exchange capacity, and improve soil
organic matter content, thereby creating a more favorable environment for maize growth(Jutakanoke et al.,
2023) and ultimately leading to a reduction of the biodiversity of the environment which it occupies(Ayanda
et al., 2020) the weed does not discharge oxygen into the aquatic ecosystem (Tobias et al., 2019)thus it
results in a decrease in the dissolved oxygen concentration of the water body. water hyacinth mats serving
as breeding ground for vector organisms carrying malaria, bilharzia and river blindness(Gunnarsson &
Petersen, 2007) and its management can assume serious environmental issue due to its high productivity
(Gunnarsson & Petersen, 2007)(Masto et al., 2013).

Soil acidity is a major constraint to crop productivity, particularly in tropical and subtropical regions where
leaching of essential nutrients and aluminum toxicity hinder plant growth(Regasa Gemada, 2021). Maize
(Zea mays), a staple food crop, is highly sensitive to acidic soils, resulting in reduced yield and poor nutrient
uptake(Tandzi et al., 2018). To mitigate soil acidity and enhance crop performance, various soil
amendments, including biochar, have gained attention due to their ability to improve soil properties and
fertility(Jemal et al., 2021).
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This study explores the potential of water hyacinth biochar as an amendment for acidic soils in maize
production. By evaluating its effects on soil properties and plant growth parameters, this research aims to
provide a sustainable and eco-friendly approach to improving agricultural productivity while addressing
water hyacinth invasion.

2. Materials and Methods

2.1.Study area
Arba Minch town is one of the emerging towns of Ethiopia which is located in Southern Nations,
Nationalities and Peoples regional state of Ethiopia. Chencha Wereda is situated near Arba Minch, a
prominent city in southern Ethiopia. The region is characterized by its highland and mountainous terrain,
offering a unique environment compared to the lowland areas surrounding it. The area experiences a
temperate climate due to its elevation, with cooler temperatures and more significant rainfall than the
lowland areas. The Gircha Research Center is situated approximately 6 kilometers northwest of Chencha
Woreda. The primary livelihood of the population is agriculture, with a focus on subsistence farming with
producing enset (false banana),potatoes, barley, wheat, and a variety of fruits and vegetables (Tadesse et
al., 2019)because many other crops are sensitive to acidic conditions (Rao et al., 1993)and may exhibit
stunted growth, poor yields, or complete failure in highly acidic soils.

Location of the Study Area within Ethiopia
ﬁ\\ Study Area (Chencha Zuria Woreda)

A

|

O 100 200 300 400 km
[ S S—]

Figure 20: Location map of the study area
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2.2.Biomass collection & biochar preparation from Water hyacinth

Water hyacinth biomass was collected from a densely infested area of Abaya Lake, specifically in Kola
Shara Kebele. After collection, the biomass was transported manually to Arba Minch, near Sikela
Stadium. The roots were removed, and the stems and leaves were thoroughly washed with tap water to
eliminate unwanted debris, as illustrated in Figure 2. 1.

Figure 21: Removing the root & washing of water hyacinth
Following the cleaning process, the biomass was sun-dried and cut into small pieces (30-50 mm)

following the method described by (Masto et al., 2013)(Zhang et al., 2016). The prepared biomass was
then stored in a dry container for further processing. Biochar was produced from the dried water hyacinth
under limited oxygen conditions using a 55 gallon cylindrical oil drum (85 cm height x 55 cm
diameter)with reference & modification of (Balaguraviah Acharya Ranga et al., 2021). The drum was
modified with 15 holes, each 4 cm in diameter, positioned at the bottom to regulate airflow. This setup
simulated a simple pyrolysis process that could be easily adopted by farmers with minimal investment.

Figure 22: Preparation of biochar
Known quantity of sun dried water hyacinth was taken in the cylindrical oil drum with cover & chimney.

The temperature was adjusted based on visual inspection of the color of the flame to obtain the required
biochar quality.
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2.3.Biochar characterization
Biochar yield
The yield was calculated as the ratio of the mass of biochar obtained (Mb) to the initial mass of dried

biomass (Mi), expressed as a percentage:
V(%) = 22+ 100 1)
Moisture Content (MC)
Approximately 1.5 g of fresh biochar was placed in a pre-weighed crucible (Wc), and the combined
weight was recorded as Wi. The sample was oven-dried at 105 °C for 24 hours, cooled in a desiccator,
and reweighed (Wf). Moisture content was calculated as:

MC(%) ==L 4100 )

i

Volatile Matter (VM)
A 20 g dried sample (Wd) was heated in a muffle furnace at 550 °C for 10 minutes under oxygen-limited

conditions(Lin et al., 2025). After cooling, the residue was weighed (W550) and VM was determined as:
VM%) = 222550, 100 ©)
Ash Content

The same sample was combusted at 750 °C for 6 hours. After cooling, the remaining ash was weighed

(W750) and ash content was calculated as:

ASh(%) — (WSSO_Wresidue * 100 (4)
Wsso

Presence of functional groups

FTIR analysis was performed to identify functional groups in the biochar. The sample was finely ground

and analyzed using an FTS 3000MX FT-IR spectrometer (Varian Instruments, Randolph, MA) over the

4000-600 cm™! range. Each spectrum was averaged from 32 scans with background correction to

minimize atmospheric interference. Characteristic peaks corresponding to hydroxyl (-OH), carbonyl

(C=0), aromatic (C=C), and aliphatic (C-H) groups were identified to assess chemical composition and

carbonization. Spectral data were further processed and visualized using SciDAVis 2.7 software.

Experimental Setup

Twenty pots were filled with equal amounts of acidic soil from Gircha Research Center (Chencha,

Arbaminch) and planted with maize. Four treatments (0%, 5%, 10%, and 15% water hyacinth biochar)

were applied, each in four replicates, following (X. Liu et al., 2020)Biochar was thoroughly mixed into

the soil before planting. All pots received uniform irrigation, pesticide application, and sunlight exposure.

The experiment ran until the maize reached its early reproductive stage.

2.3.1. Morphological analysis of maize plant

Leaf width and length, stack height & diameter, number of leaves on each maize shoot, were measured at
the end of the experiment. The experiment was until the stage of early reproduction.
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Figure 23: morphological analysis after ¥ a month & 3 months of sowing

After morphological measurements, maize plants were carefully uprooted, and roots were washed to
remove adhering soil. The entire biomass was chopped into smaller pieces, air-dried, and stored in
labeled, separate bags for each treatment group, as illustrated in Figure 7.

Figure 24: Chopped & dried biomass
2.3.2. Soil sample collection, preparation and laboratory analysis

Representative soil samples were collected from each experimental pot at a depth of 15-25 cm, following
the method of (Ahmed et al., 2020), to target the root zone of young maize plants and assess the biochar’s
impact on nutrient availability. Samples were properly labeled, air-dried, and transported to the Soil Testing
Laboratory at the Abaya Campus of Arba Minch University for further analysis.

2.3.3.  Soil macro nutrient (NPK) analysis

Total nitrogen (N) was determined using the Kjeldahl method (Bremner, 1960), available phosphorus (P)
by the Bray-1 method (Aura, 1978), and exchangeable potassium (K) via ammonium acetate (NHsOAc)
extraction (Bazargan et al., n.d.,2024).Data were subjected to statistical analysis using ANOVA to assess
significant differences and correlations between soil nutrient levels and maize growth responses. The pH
and electrical conductivity (EC) of the soil before and after planting were determined at a soil (g) to
deionized water (mL) ratio of 1:2.5(Yang et al., 2017). The pH and EC were determined from the
suspension employing a calibrated pH meter and an EC meter.
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3. RESULTS AND DISCUSSION
3.1. Biochar Characterization
3.1.3.  Physicochemical properties

The water hyacinth biochar showed a 35% yield, 6% moisture, and 20% ash, indicating efficient
production and high mineral content. Its 30% volatile matter reflects moderate carbonization at ~300—
400 °C. With a pH of 8.1 and EC of 3.7 dS/m, the biochar is slightly alkaline and nutrient-rich and ideal
for improving acidic soils by enhancing pH, nutrient availability, and overall fertility.

3.1.4. Functional Groups and Their Role in Soil Amendment
The FTIR spectrum (Figure 9) of water hyacinth biochar shows key oxygen-containing functional groups.
Broad peaks at 3200-3600 cm™ indicate hydroxyl (-OH) groups, enhancing moisture retention and CEC.

100

90-

80 { OH- 5§retch /I
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% transmittance

70+
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Figure 25: FTIR Spectrum of the Water Hyacinth Biochar

Peaks at 1600-1700 em™ confirm carboxyl and carbonyl groups, aiding nutrient retention and heavy metal
immobilization. Signals at 1000-1200 cm™ suggest phenolic and ether groups, promoting microbial
activity and long-term stability. Peaks at 500-900 ¢m™ indicate aromatic and aliphatic structures,
contributing to structural stability and potential carbon sequestration.

3.2. Effect of water hyacinth biochar on plant morphological parameters

Biochar application significantly improved maize growth, with optimal results at 10% biochar dose. Plant
height, leaf number, leaf dimensions, and stem circumference all peaked at this level, with height reaching
104.20+3.1 cm and dry mass 57.00£2.7 g, over 3x higher than the control (15.60+0.8 g). These
improvements reflect enhanced soil fertility and structure.
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Table 9: Changes in morphological parameters

Biochar dose (%) | Height of | No of | Length  of | Stack Width  of | Dry

Stack(cm) leaves (no) | longest leaf | Circumference | longest leaf | mass(g)
(cm) (cm) (cm)

0 | MeanzSD | 71.60+4.3 6.40£1.3 53.80+3.3 2.6800+0.09 4.620+0.2 15.60+0.8
5 | MeantSD | 87.60+2.1 10.60+1.1 | 80.00+2.7 3.7400+0.09 6.540+0.6 35.00+3.1
10 | MeantSD | 104.20+3.1 | 12.40+0.6 | 92.80+2.2 4.5000+0.2 7.680+0.2 57.00+2.7
15 | MeantSD | 80.40+2.2 8.80+0.4 71.40+1.7 3.3400+0.2 5.440+0.3 29.80+1.5

Min 71.6 6.4 53.8 2.7 4.6 15.6

Max 104.2 12.4 92.8 4.50 7.68 57.0

At 15%, most parameters declined—plant height dropped to 80.40+2.2 ¢cm, and dry mass to 29.80+ 1.5
g—possibly due to nutrient imbalance or excess alkalinity. This suggests that while moderate biochar

improves growth, higher doses may negatively affect plant development.

3.3. Effect on Soil Nutrient Availability

Water hyacinth biochar significantly improved soil nutrient availability. Available phosphorus (P)
increased with biochar application, peaking at 2.01 £ 0.07 mg/kg at 10%, likely due to reduced fixation in
acidic soil. Similarly, exchangeable potassium (K) reached its highest value (404.72 + 12 mg/kg) at 10%

biochar, enhancing nutrient uptake and plant growth.
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Total nitrogen (TN) also increased with biochar, from 0.11 £ 0.02% in the control to 0.38 +0.02% at 10%.
However, at 15%, TN dropped sharply (0.11 £ 0.03%), possibly due to nutrient immobilization or microbial
inhibition, indicating 10% as the optimum rate for N enhancement.
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The alkaline nature of the water hyacinth biochar (pH 8.1) significantly raised soil pH across treatments.
The control (pH 5.01 + 0.06) confirmed the initial acidity. Biochar additions at 5%, 10%, and 15% increased
soil pH to 6.36+£0.04, 6.55+0.11, and 7.61 = 0.22, respectively, highlighting its strong alkalizing effect
and suitability for ameliorating acidic soils.

Strong, statistically significant (p <0.001) positive correlations were observed between soil nutrients (P, K,
and TN) and all plant growth parameters. Biomass weight showed the highest correlation with phosphorus
(r=0.975), while stalk circumference and leaf length were most strongly correlated with potassium
(r=0.983). These results indicate that improved nutrient availability directly influenced maize
morphological development.

4. Conclusion

This study demonstrates that biochar produced from water hyacinth significantly enhances maize growth
and soil quality in acidic soils. Application of biochar improved key morphological parameters, including
plant height, leaf number, and dry biomass, with the 10% application rate yielding optimal results. At this
dose, not only were total nitrogen (TN), available phosphorus (P), and potassium (K) markedly increased,
but soil pH also improved significantly from 5.01 to 7.61 effectively neutralizing acidity and creating more
favorable conditions for nutrient uptake and plant development.

The strong positive correlations between nutrient availability and growth parameters confirm biochar’s
potential to improve both chemical and physical soil properties. However, the decline in plant performance
at 15% biochar indicates a possible saturation threshold, beyond which excessive amendment may lead to
reduced soil aeration or nutrient imbalances, thereby emphasizing the importance of identifying optimal
application rates.

Moreover, the study showcases a sustainable solution by transforming water hyacinth an invasive aquatic
species into a beneficial agricultural input. This approach not only contributes to controlling ecological
threats posed by the weed but also supports soil fertility restoration, aligning with broader sustainable
development goals related to land degradation neutrality, food security, and climate-resilient farming.

In conclusion, water hyacinth biochar presents a cost-effective and eco-friendly soil amendment for
improving crop production in acidic soils. Future research should focus on long-term field evaluations to
assess its effects on soil microbial communities, water-use efficiency, nutrient cycling, and overall
productivity in diverse agro-ecological zones.
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Abstract

Concrete would be the most utilized material by humans accounting to its global use of 25x10712-30x10"12
kilograms annually. A quantitative and qualitative evaluation of the concrete batch plants in Addis Ababa was
performed by the current cross-sectional study. The batch plants are located typically in three sub cities of
Addis Ababa and most are commissioned during the years 2020 and 2022. A snapshot of the chemical analysis
of water samples from the streams located adjacent to these concrete producing plants indicated a pH of 11.4
+1, total chemical oxygen demand of 10700 +870 mg/l, SO4* of 1325 +60 mg/l, and NOz* of 17.5 +0.2 mg/I,
which was found. The adjacent rivers are partly and disappointingly vanished. In fact, the regulatory and
permit issues to those concrete batch plants are almost unavailable, worsening the aquatic environmental
impact.

Keywords: Aquatic, Concrete Batch Plants, Construction, Environmental Impact, River, Streams

1. Introduction

Basically, our lives and livelihoods are directly or indirectly dependent on the natural and engineered
environmental systems whereby healthy urban streams and ecosystems are vital to cities with provisions
ranging from water to food and air temperature regulation (Ranta et al. 2021, Pandey and Ghosh 2023, Raquel
Calapez et al. 2023). Likewise, urbanization and population growth demands fastened development
accompanied by massive consumer productions. Unfortunately, the urban and industrial development activities
are posing threats to the rivers and terrestrial ecosystems on a local and regional scale, if an environmental
management system standard is not observed (Taylor and Owens 2009, Malmavist and Rundle 2002). In spite
of their huge positive implications, the rapid development activities and urbanization are abstracting the natural
water on one side as raw material and are polluting back on the other side with resulting wastewater discharges
signaling the unsustainability of not only the water bodies but also of other socioeconomic developments
(Srinivasan et al. 2003, McMichael 2000). In order to ensure urban ecosystem sustainability, therefore, the
anthropogenic effects on natural systems such as the urban rivers have to be minimized and if possible be
avoided. For developing and fast-urbanizing sub-Saharan countries like Ethiopia, timely reconciling of the
socioeconomic development activities with nature such as through avoiding water pollution in an integrated
as well as adaptive approach appears demanding (Smith et al. 2013).

The centers of productivity, the natural water bodies that contribute to temperature regulation, water and food
supply, the sites for the urbanites’ recreation and more -the rivers, became open channels for wastewater flows
and other kinds of waste dumping in Ethiopia’s capital, Addis Ababa. These wastewaters are partly coming
from industries that are unfairly commissioned along river banks and are poorly regulated already became
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seriously concerning. Locally, a significant proportion (80-85%) of these industries are concentrated in and
around Addis Ababa, accounting for over the 65% of the total national, that are discharging their process
wastewater without proper treatment into adjacent streams or rivers (Yohannes and Elias 2017; Menbere and
Menbere 2019).

A sector among those polluters is the construction industry. The huge expansion of the construction activities
in Ethiopia, mainly concentrating in the capital, is heavily demanding for concrete supplies that consequently
triggered the boom in concrete batch plants (CBPs) among other construction materials suppliers. Concrete is
a type of construction material in which cement, aggregate, and admixture materials are mixed (Kim et al.
2016) and in fact it is the second most consumed material after water in the world (Gagg 2014). CBPs by
process are connections of mechanical parts that are either mobile or fixed in a given area and are designed to
weigh water, cement, aggregates, admixtures and introduce the ingredients into the mixer for producing a batch
of concrete (Deligiannis and Manesis, 2008). Though concrete batching can be performed using either mobile
or stationary mixers, this particular study focuses on the stationary CBPs in Addis Ababa of Ethiopia.

In its whole life cycle, concrete production has got environmental issues that include the generation of
greenhouse gases, increased surface runoff following sand mining, urban heat island, and potential public
health implications from toxic ingredients. These plants are mostly located adjacent to river passages thereby
abstracting their water demand and dumping concrete residues, wash discharges and mixed wastewaters back
to the rivers (Demissew 2020, Mulatu et al. 2018). Such expansion of CBPs are defeating aquatic ecosystems
in the capital thereby resulting in the destruction of the aquatic biodiversity in addition to their visible
particulate air pollution (Cooke et al. 2020). In spite of the rapid urbanization of Ethiopia and the booming of
the construction industry, there is no such local study reporting on the environmental and public health impact
(EPHI) of concrete production in general and the CBPs in particular.

In this regard, both the industrial practice and the context of the enabling environment are unclear. Research
guestions such as 1) are the CBPs in the city properly recorded, commissioned and monitored or regulated, 2)
How are the byproducts and wastes from the CBPs impacting rivers nearby and 3) what are the views of nearby
residents and the mandated instituions? Thus, the current study was aimed to explore on the aguatic
environmental health impacts of CBPs with emphasis to streams in Addis Ababa using mix of methods.
Consequently, the results found indicated the rapid increase of CBPs reaching to 95 and being among the 470
construction input suppliers in Addis Ababa city. While the area occupied by those process plants is
considerably high and their location is environmentally sensitive, the mandate for issuance of permit to CBPs
is diffused and little is known by the administrative and technical people there about CBPs. What makes it
worse is that permit for the CBP business is issued by different public bodies such as the sub-city
administrations, the trade and industry bureau, the bureau of mines etcetera. Contrarily, the EPHIs of CBPs is
perhaps vivid witnessed by the water pollution in the areas, the rivers or streams clogging and the prevalent
dust air pollution, which all demands the review of CBP permit issuance procedure. More importantly, clear
mandates and guiding policy as well as strong regulatory mechanism are crucial to manage the situations.

1.1.Highlighting on concrete consumption contexts and concerns

Though concrete is not the only material of construction, it is the most consumed material after water (Gagg
2014). . According to People’s Daily Online news, so far the largest concrete pour in a single project took
place decades back during the construction of the three gorgeous dam of China, consuming 28 x10"6 m3
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followed by an earlier construction of the Itaipu hydropower station of Brazil that consumed an annual concrete
pouring volume of 3.2 x10"6 m® (PDO 2001).

Ethiopia is among the least urbanized but fast urbanizing countries in the world, signaling on the potential
expansion of infrastructure whereby construction projects that consume concrete are at stake (Ozlu et al. 2015).
Urbanization brings both opportunities and challenges, especially that related to sustainable development
through wise consumption of resources and environmental protection. Indeed, by 2050, 68% of world’s
population will live in urban areas and 90% of such growth are contributed by Asia and Africa (Terfa et al.
2019).

Addis Ababa, a fast-urbanizing city in Ethiopia, currently undergoes two kinds of transformations; an outward
expansion and inner-city renovation with in fact attention is being given to rivers’ restoration within the inner-

city.

As fast urbanization brought construction of the high rise buildings for residences like those condominium
houses and apartments, commercial centers, public and private institutions and roads as well as bridges and
related structures, the massive consumption of concrete is inevitable. However, such consumption of concretes
is resulting in public and environmental issues. From cement production, stone crushing, sand mining to water
abstraction, the concrete industry poses environmental impacts that include, air pollution, water pollution, and
increased runoffs (Babor et al. 2009).

In order to enjoy the full health, productivity, religious and socio-economic potentials of water bodies,
including the urban rivers, countries, regions and international bodies have developed frameworks, policies,
and strategies that consider rivers protection from pollution and restorations (UN Environment 2017, Speed et
al. 2016, Savenije and Van der Zaag 2000, Wiering and Arts 2006). In this regard Ethiopia made some effort
to restore urban rivers at least in selected cities like Addis Ababa and Jimma (Awoke et al. 2016). Unfortunate,
in the absence of a strong legal and institutional frameworks to urban river protections, urbanization will have
serious impact on the ecological integrity of the rivers and hence affecting urbanites as a consequence of
pollution against benefitting from the privileges of healthy urban rivers (Beyene et al. 2009). Thus, studies that
focus on inter-sectorial issues that include the construction, trade and environment will have great
contributions in influencing policies, and contributing scientific information to stakeholders for their
subsequent intervention as well as filling of existing knowledge gaps.

Furthermore, the abiotic environment is always interacting with the biotic environment; serving as a source
and sink for various substances whereby it’s proper management is mandatory, not just to enjoy the full
resources but also to ensure sustainability in interactions (Barrow 2006, Lemly 1997, Wangai et al. 2016).
Such physicochemical environment includes the aquatic environs where one of the most required, perhaps next
to air/oxygen, need of humans is met-water. Such aquatic systems include rivers that are in continuous
interaction with hydro-geochemical cycles so to keep a healthy and productive ecosystem (Mondal and Patel
2022). When it comes to urban settings, the importance of rivers is beyond the provision of ecosystem services
such that recreational, transport, and other socioeconomic benefits are few to mention (Lundy and Wade 2011,
Leal Filho et al. 2020, Ma et al. 2022). However, such ecosystems are under pressure following urbanization,
industrialization and rapid population growth (Xiu et al. 2022), especially in developing countries like Ethiopia
(Yohannes and Elias 2017, Koroso et al. 2021).

Such ecosystem services provisions are indispensible to social development (Xiu et al. 2022). Traditionally
river health is measured using some physical, chemical and biological characteristics that are assumed to be
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healthy for the ecosystem functioning and the protection of public health. For instance, the amount or
concentration of the dissolved oxygen (DO) can be a good indicator. A related study describes a healthy river
in the context of its social and ecosystem services whereby the social and natural functions of a river have to
perform in balance. While quality is subjective and generic term, abundant and clean flow of rivers is suggested
as a key parameter to river health as the environmental flows are very important to safeguard the river health
(Liu and Liu 2008, Karr 1999). In fact, rivers and cities or urban setting are historic and their interaction is
established (Phong 2015).

2. Materials and Methods
2.1. Study area description

Addis Ababa has an altitude ranging between 3000 m above sea level around Entoto Mountain to down to
2100 m above sea level around Akaki. This fast urbanizing city is incomparable the largest in the nation. Addis
Ababa is plying the political and economic role of the country with an almost over 65% of the industries in the
country are concentrated in and around it while it is undergoing huge vertical and horizontal expansion,
currently it is renovating massively whereby high-rise building constructions are vivid everywhere. The
context of the urban environment is concerning as the rapid population growth and urbanization of Addis
Ababa has been putting tremendous pressures on the city’s physical and biotic environment. River, soil, air
and water pollution as a result of industrial wastes and even domestic wastes are becoming a growing concerns
(UN Habitat 2013).

2.2.Study design, method and sampling

The current study has applied a cross sectional design whereby it has been conducted within two seasons of a
year.

A mix of methods was applied to understand the environmental pressure mainly by CBPs on the urban streams,
the quantitative context of CBPs, mandate and institutional circumstances as well as that of concrete
consumptions. Based on initial observation and preliminary information, areas in Bole, Yeka and Akaki Kaliti
sub cities were identified for investigating aquatic ecosystem impacts of CBPs in Addis Ababa, Ethiopia.

Regarding sampling, up on refined information regarding CBPs installations in the city, Bole sub city was
selected as area of focus. Bole sub city is one of the eleven sub cities that is expansive and is a place where
huge urban infrastructure are located that include Bole international airport and is perhaps most developed
area of the city. Of those districts under Bole sub city, district 12 is relatively peripheral and is still expanding
as it is not bounded spatially like other sub cities and most of the City’s CBPs are located this particular district.

There are numerous CBPs adjacent to the tributary streams of the Akaki River. Most of the processing plants
are functional at present. Within those CBPs in Bole district two located on both sides of a seasonal stream
flowing through the Bole international airport catchment down to Akaki River were identified. The water
sampling strategy is also presented (Table 1). Further, residents around those plants were also interviewed
systematically to get key information on the quality history and functionality trend of the streams.

Table 1. Sampling sites (US: Up Stream, DS: Down Stream, CBP1,2: Concrete batch plants 1 and 2 that face
each other and the stream being in between )

Sites Designation Remarks
1 US (appx.100 m above CBP1,2) Control
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2 CBPs 1,2 Effluent effect

3 DS (appx.200 m below CBP1,2) Dilution effect
At the CBPs sampling point (at Site — 2) process effluent and concrete wash wastewater are discharged directed
to the stream. There were two additional sampling points arranged upward of the stream, namely Site — 1 (UP:
upstream sampling site was located at an estimated distance of 100 m above effluent entering point) and Site
— 3 (DS: downstream sampling site were located some 200 m after effluent entry point). Schematic
representations of sampling sites are depicted (Figure 1).

CBP2

Discharge point

Figure 1: The water sampling points of the adjacent stream.

2.3.Data collection
2.3.1. Secondary data sources

Fundamentally, construction input manufacturers’ data that include CBPs were searched from different
stakeholders using official letter communications and visiting of websites. To this matter, several publicly
mandated sectors such as Customs Authority of Ethiopia, Ministry of Trade and Industry of the country, Sub
city Administrations and Personnel were contacted to gain access to relevant information. Fortunately, list of
them and their attributes were collected from the Addis Ababa Environmental Protection Authority (AAEPA).

Scientific and technical reports were also accessed through various means and were reviewed for possible
synthesis on the state of the art in concrete production and its lifecycle, consumption and their associated
environmental concerns from a global to local scale.

2.3.2. Key informant interview

Six key informants were selected using purposive sampling techniques in order to gather detailed information
through face-to-face interviews. The criteria of selection for informants were largely based on their closeness
to CBPs. Interviews were taken place using questions prepared beforehand, which were crucial to the objective
of the study and to support the information gained through the observation.

2.3.3. Observational checklist

Before site visits, observation checklists were prepared that contain relevant points with regard to CBPs in
order to observe the different environmental characteristics of the study area. In this regard, the urban rivers
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adjacent to CBPs were observed ideally sectioning the upstream, mid-stream and downstream contexts. The
soil and other topographic context were also observed. In fact, the CBPs batching operation that include the
input materials and chemicals were also included.

2.3.4. Physicochemical water sample analysis

Triplicate water/wastewater samples were collected from the three sampling points as indicated in figure one.
All the water samples were collected using clean polyethylene plastic bottles, which were labeled on-site
appropriately. The samples were stored in an ice box and got transported to AAEPA laboratory for analysis.
Selected physicochemical parameter were analyzed according to accepted standard methods within the
premises of the AAEPA laboratory that are comparable to other international standards (APHA; WWA &
WEF 1999). The pH was tested using electrometric method, which was determined using a glass electrode and
a reference electrode according to the USEPA-NERL: 150.1 (LaSota et al.). Sulfate was analyzed using
Sulfaver 4 method, which was also accepted by USEPA for specified concentration range (Hatch Method
8051) and using DR/2010 (Mbui et al. 2016). The nitrate concentration was determined using
spectrophotometry in a cadmium reduction method (Cortas and Wakid 1990). This colorimetric method
involves the contact of nitrate in the sample with cadmium, which will then form red color in steps and the
color is later measured at a wavelength of 543 nm using DR/2000 instrument. The total chemical oxygen
demand (COD) was determined using USEPA Reactor Digestion Method (Xia et al. 2018).

2.4.Data analysis

The questionnaire and the checklist were cleaned and tested before data were collected. Experimental data
were also obtained from AAEPA lab premise. Data were then entered into spreadsheet and mostly presented
in a descriptive statists approach.

3. Results and discussion
3.1.Concrete production in Addis Ababa city: profile, environmental hygiene and mandate contexts

CBPs’ appears environmentally critical and also demands consideration for its wider public health impacts.
The sites of production evidenced solid pile of concrete waste that are thrown into adjacent streams and do
block them and grey wastewater is forming large pool down slope of the site. The issue of concern with this
particular construction input supplier begins with the issuance of the permit in the country or city. Though
technically appears relevant, the offer of work permits to commission the CBPs in the capital of Ethiopia is
not solely performed by the AAEPA. Permit is issued by different institutions at different levels, from federal
to local, which may have a stake in the construction, trade and industry sectors. Though issuing permits and
regulating pollution limits is environmentally critical, the mandate for permits is very much diffused (Novotny
2002). In the interest of uncovering the local context of large scale and static batch concrete production in the
city, the current study managed to acquire quantitative information on such process plant profiles where their
permit is offered (Chen et al. 2019, Jahiel 1998), by the AAEPA and therefore results may not be exhaustive.
Interestingly, the acquired quantitative information is broader by scope in the context of construction works as
it ranges from quarry sites to installation of batch concrete and asphalt making plants.

According to AAEPA there are around 470 construction input suppliers, including those batch concrete makers
in and around the city since 2008. Indeed, some of them got revoked their permits, mainly due to the maturity
of period as it has to be renewed. The construction input suppliers are categorized based on their product or
service into white stone, black stone, crushers, sand, filler gravels, and the batching plants. The quarry sites
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for these suppliers’ range between one to 600 m? by occupancy and all are exclusively private entities. Based
on the data accessed, it appears that the distribution of CBPs in the capital appear to be unequal most being
concentrated mainly into two sub cities; Bole and Akaki Kaliti. This might be associated with the nearness to
raw materials, the availability of land area and the relative intensity of constructions activities undergoing
(Table 2). In fact, these two and Lemi Kura sub cities are not confined territorially and have better access to
minerals and land.

Table 2. Lists concrete batch and asphalt plants and their location in Addis Ababa

CBPs Sub city District | Year established | Shape area (m?)
CBP1 Akaki 11 2020 37948
CBP2 Bole 12 2020 10394
CBP3 Akaki 9 2022 26820
CBP4 Bole 12 2022 19502
CBP5 Bole 13 2020 16849
CBP6 (asphalt plant) | Bole 12 2022 28820
CBP7 Bole 12 2022 30646
CBP8 Lemi Kura | 14 2022 14271

The installations of CBPs in the city are dated typically between 2020 and 2022, which is recent and the
expansion of such emerging plants follows the construction boom. From table two it can be noted that,
including the asphalt plant, majority of the batch plants are located within district 12 of Bole sub city where
the current study has focused to delve into the environmental and public health implication with them, mainly
focusing on urban stream pollution.

Table two also indicated that there exists a total of 9 CBPs built within three sub cities of Addis Ababa,
occupying an area of 185248.8 m2. This booming of large scale CBPs is unprecedented even in the country,
demanding attention on the determination of its contexts in view of its public and environmental health
whereby the issue of sustainability may ultimately be at stake. In this regard, a holistic overview of concrete
mass production from the quarry to construction sites is necessary and that will be addressed in the life cycle
section. The locations of those particular CBPs in a district within Bole sub city are indicated figure two with
red line. As it can be seen from the figure the industries are concentrated to a certain corner of the city (Figure
2).
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Figure 2: Map showing the area where the studies CBPs are located and water samples were collected
(made using ArcGis tool).

It is unfortunate that most of the CBPs are located adjacent to seasonal and year-round streams. In fact, a
passerby can just feel the extent of cement-mud run over by concrete carrying truck, the pile of concrete debris
on river ways, all associated with the towers of CBPs. The detail of the environmental context of such plants
is addressed in the section where checklist-based elucidation is depicted.

Thus, given the fact that the number of CBPs swiftly rose in just couple of years and there is diffused
responsibility by the regulatory or competent authority, the operational conditions of those plants need urgent
attention. If left as it is, greying and cementation of the urban streams where CBPs are adjacently located will
not only be inevitable but also already become visible. These and the inner-city’s streams wherein domestic
wastes are channeled will make the city bad for living in. As a matter of fact, there lacks clear policy regarding
wastewater management that does agree with the city’s development policy. Indeed, lacking such
environmental and public health conscious monitoring will undoubtedly result in failure to achieve the
sustainable development goals that pushes for sound water and wastewater management and the lifecycle
approach as stipulated by the United Nation (Sachs et al. 2019).

3.2.Life cycle perspective on concrete production and its environmental footprint

At first, it is difficult to say it life cycle since it is obvious that the produced concrete does not return back to
either its parent component or rejoins the plants for reproduction thereby closing the loop. Rather, the fate of
the produced concrete is either being a building or it is either dumped somewhere after demolishing. However,
such analysis of input output conditions in concrete production are important for process improvements thereby
explaining the environmental impacts of such process.

As a composite material of construction, concrete production in batch plants involves the use of water, cement,
sand, gravel and additives for a batch of product. The aggregates, the belt conveyor as well as hoppers for the
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raw materials are depicted in figure five, which is a photography taken during the field study on one of the
CBPs in Addis Ababa. In the case of Addis Ababa, these raw materials are delivered by tracks and after the
process specialized ready-mix concrete trucks deliver the mix to construction sites (Figure 3).

Figure 3: A typical stationary concrete batch plant located in Addis Ababa.

Past studies indicated that concrete batching plants are normally located around a city so as to reduce
transportation time and the average CO,emission due to batching is estimated at 0.0033 t CO,-e/m3of concrete
produced (Flower and Sanjayan 2007). Of those models for life cycle assessment (LCA), include the one based
on standard ISO 14044/2006, the Greenhouse gases, Regulated Emissions, and Energy use in Technologies
(GREET) model is common and its derivation or extension are reported for concrete production LCA study
such as in the United States by Hottle and colleagues that is published in 2022 (Hottle et al. 2022).

Indeed, in realizing cleaner production systems, studying the lifecycle of products has helped indicate where
to intervene so to reduce environmental footprint while maintaining the desired quality of the product. This
has become more interesting recently due to the need for an environmentally sustainable design. In this regard,
studies have already determined the contribution of different processes and inputs for a portland cement-binded
concrete production where the aggregate emission ranged 0.29 - 0.32 t CO,-e/m?* (Flower and Sanjayan 2007).
Several studies have also identified environmental impacts related to concrete production of which particulate
matter, as well as metals, dioxins, and furans resulting from fuel combustion are associated. In terms of water
footprint, around 10% of the world’s industrial water withdrawal is due to concrete production (Hottle et al.
2022).

Thus, based on literature it has already been determined that the following consumptions are applied per ton
of concrete production:

e 143.94 kg to 150.73 kg of portland cement

e 89.90 liters to 101.85 kg of water

170



23 International Symposium on Sustainable Water Resources Development: May 23-24/2025

e Additive (Super-plasticizer for concrete that is considered as 1.5% of the amount of cement
e 14 KWh of electricity

Within the circular economy perspective, recycling of the construction and demolition wastes does not only
reduce the extraction of the virgin raw natural materials and reduce waste generation and disposal, but also it
showed huge energy saving. In fact, around 60% of the environmental impact of concrete production comes
from the cement production in a cradle to grave scenario. Such reuse scenario has brought a significant
reduction in fresh water ecotoxicity (63%) and water consumption reduction by 17%. Therefore, replacing raw
materials, reuse of wasted same materials, changes in process efficiency and a dedicated policy as well as
legislation appeared crucial for reducing impacts of concrete batch production based on LCAs (Cerchione et
al. 2023).

3.3.Physicochemical characteristics of the concrete production wastewater

Wastewater samples were collected during the study to have an insight on the physicochemical nature of the
concrete production wastewater, which is just released into the gorges of the stream where lastly it accumulates
down slope forming a pool of the visually grey and grease-containing concrete wastewater. Table 3 presents
the results of the quality analysis conducted within the premises of the AAEPA. From the table it appears quite
clear that the pH (11.4+1) the total chemical oxygen demand (10700+870), SO4*(1325+60), and NOz*
(17.5£0.2) concentrations measured in mg/l were incomparably high in mid-streams where the plants are
located.

Table 3. Concrete production wastewater laboratory test results in different stream locations

Parameters Unit | Sampling locations

Upstream | Midstream | Downstream
pH - 7.35%(0.3) | 11.4+(1) 11.06£(0.3)
Sulphate (SO4?*) mg/l | 4+(0.2) 1325+(60) 300+(40)
Nitrate (NO3s?*) mg/l | 1.3£(0.02) | 17.5£(0.2) 14+(2)
Chemical oxygen demand (COD) | mg/l | 7+(0.2) 10700+(870) | 30+(0.8)

As a matter of fact, the physical and chemical nature of concretes emanate from the characteristics of the inputs
from which a batch of concrete is synthesized. That goes even back to the quarry sites property where
excavating and crushing of stones, scraping the sands downstream and usually the Portland cement production.
The pH of concrete wastewater is highly alkaline whereby Ca (OH); is formed following the hydration of
cement-mortar, a plastering composite (Mori et al. 1992, Wang et al. 2020). pH changes in water bodies
obviously brings the changes in aquatic chemistry and the associated problems (Stumm and Morgan 2012).
For instance, an increase in pH can result in the mobilization of metals’ species in rivers and streams while
altering their bioavailability and toxicity potentials (Foldvik et al. 2022). In fact, such phenomenon is
associated with the death of living things in rivers that include fish. Indeed, for a normal aquatic functioning
of rivers and streams the desired pH ranges between 6.5-8.5 (Scholz et al. 2011). Based on the result of this
study, the upstream pH falls within the normal range.

The sulfate and nitrate concentration increase can also be associated with some organic pollution as well as
inorganic ones. Unfortunately, such pollution of urban streams is compounded by the lack of connections to
municipal services resulting in an unsafe water supply, sanitation and hygiene conditions. Since CBPs are
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located adjacent to urban streams and underdeveloped areas of the city, they are not covered with municipal
services. The employees in those plants as well as visitors may dispose wastes and perhaps excrete in the open
field and in those stream gorges. Further, due to the blockage of the urban stream courses by concrete debris,
the velocity of the stream flow and its surface are significantly diminished resulting in poor dilution capacity.

3.4.Checklists-based site survey of the concrete batch plants

A glimpse on the current status of CBPs, especially those located within Bole sub city of the capital has been
conducted voluntarily and with pictorial evidences. The checking list includes variables of concern such as
identifying problem related to site selection for those CBPs, noting the extent of destruction of the urban
streams and the public health concerns basing expert views. The impression of the current batching practice is
undoubtedly undesirable from an eco-centric perspective as it can be seen from the figures four and five.
Indeed, sustainability is a concern in terms of the deterioration of the environmental resources that include
water and sand for the same industry as well as other unrelated uses. The fact of the matter is that the leftover
concrete, defective batch products, ready mix concrete delivery tracks as well as mixing and batching vat
washing wastewater are simply discharged into the stream resulting in the cementation of the stream from its
bed. Such cement conquest resulted in gray-dying of the streams where part of the natural hydrologic cycle is
even possible interrupted and also exacerbating evaporation of the water as the surface area of the stream bed
is artificially extended due to such dumping. Indeed, it has already been reported already that concrete is among
the most damaging materials made by humans (Cooke et al. 2020).

Figure 4: A photographic view of one of the streams encroached by CBPs and its volume of water and color
from upper side (Left) and the pool of concrete wastewater down stream of it (Right).

The public and environmental concerns do not end there; concrete batching also releases chemicals with the
wastewaters. Even though < 5% by composition, admixture compositions that include accelerators, plasticizers
and retarders constitute some of the eco-sensitive chemicals such as calcium chloride, calcium nitrate, sodium
nitrate, pigments, lignosulfonate, and sodium gluconate. Hence, the release of such constituents into water
ways will not be without damage. It has already been reported that concrete can interfere with the
biogeochemical processes that occur in aquatic environments (Cooke et al. 2020).
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Within an estimated length equivalent of a football field, three CBPs are located within district 12 of Bole sub
city of capital that are owned by different companies where the occupancy time of the plants is different but
very briefly in a span of two years. The two are just sited on each side of one of the rivers where the earliest
one is located distances away and adjacent to the other stream. Such serial of establishments within a short
distance in two years’ time where two to three, largely seasonal, rivers flows does not just tell the demand for
concrete to support the booming construction industry but also it informs about the need to pay attention, as
early as possible, to the undesirable public and environmental consequences therein. Given the poor practices
of post project realization environmental impact monitoring practices in the developing world, including
Ethiopia, the graying of blue and green ecosystems is inevitable. Such local acts may not only bring local
problems as the effect touches one of the global concerns-the integrated water resources management.

The picture in figure five was blue (left) before the establishment of an adjacent CBP and now has turned not
to ice white but to concrete white (right). This evident environmental impact needs attention and corrective
measure like restoring the topography and the river channel and ultimately the stream itself. As the country
has provisions to expand ecotourism on one side and the concrete industry is imposing such kind of impacts,
there need to be a coordinated and clear development policy based action. In fact, concrete wastewater has to
be treated (de Paula et al. 2014) before discharge and this should be a primary task for the regulators to ensure
if such industry do treat the wastes they release.

Maech 022

Figure 5: A photograph of surface change of an encroached urban stream, which is a year apart and the
cemented gray layer is the place where stream used to flow (Right).

3.5.The key informant interview

In order to access technical and regulatory information several batch concrete production industry related
institutions have been approached, especially those found in the two sub cities of the CBP locations, for
possible key information interview. Unfortunately, the local administration staffs that are in charge of
regulating such kind of industry and even personnel in charge of such regulatory and permit issuance activities
such as those in the “Minerals” department did not have idea about CBPs and their EPHIs. Some were even
being amazed by the orientation provided during field activities about CBPs. Ultimately, based on proximity
to the subject of the study, six people were selected purposively. The selectees were three people from AAEPA,
one from Bole sub city, one from Yeka sub city and one from the community adjacent to two CBPs studied.
Table four summarized the major issues presented and the respective responses of those key informants.
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Table 4. Presents the responses from the key informant interviews to selected questions regarding CBPs

Key guestion asked KIL* Key response
Regarding major waste AAEPA Dust, wastewater and solid waste, light, alkaline
generated by the CBPs water, excess noise, aggregate waste discharged

to land and water

Community | Dust, especially some time before, sediment
Sub city Aerosol, washed out cement and mixture
Common uses of urban streams | All Sanitation like washing clothes, agricultural uses
like farming and cattle watering, bathing,
drinking and cocking

If any of them noted any Yes=4 (one from AAEPA, three from
change on streams nearby community and sub cities)
CBPs No=2 (all from AAEPA
If the informants do think that | ALL Yes (n=6)
CBP effluent can have EPHIs
If there is any experience ALL Yes=1 (AAEPA)
regarding effect fro question 4 No=2
Reserved/do not know=3
If they do think CBPs release Yes =4 (two from AAEPA)
the wastes directly into urban No=0
streams without any treatment Reserved/do not know =2

KIL= key informants’ location

Few have also described on the subsequent question that asks to explain the changes made to urban streams
due to CBPs, one respondent from the community and one from AAEPA have explained it well. The later has
technically explained the existing condition citing the dumping of sediments and construction materials into
the urban stream gorges. The informant from the community nearby has told the real experience that people
had been bathing, cattle watering, collecting grass, and even sand earlier times. But after CBPs came into
operation, that all services of the streams ceased, noting that currently clear water is not flowing.

The key informants, especially from AAEPA, have criticized the current waste management practices by the
CBPs and have expressed their concern for the environment. Furthermore, the community side witnesses dust
particles have been engulfing visible nearby inhabitants and the church nearby for the reason the community
is unaware until recently it stops. Yet, dust and cement particles are mostly there following loading unloading
trucks movements.

Viewing at the range of the responses, it appears that the extent of being informed or aware about CBPs is so
varied and that may prove the fact that there is still lack of participative decision making in issuing permits to
those process plants during impact assessment study stages. This can result in uncoordinated action thereby
hampering the interest with an environmentally conscious sustainable city realization. Relatively and as the
position is expected, the respondents from the AAEPA are better aware of the magnitude of problem and the
existing environmentally unfriendly practice by the CBPs. However, it also appeared that the same respondents
missed to recognize the fact that the same organization was authorized to such mandate.

4. Conclusion

The existing operating conditions and hence the environmental performance of CBPs in Addis Ababa are
environmentally unfriendly; the environmental health impact is evidenced by the complete alteration of fluvial
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systems that needs urgent attention. The CBPs are producing massive solid and liquid waste that is large
enough to clog the streams and form instead large ponds of grey cement-containing wastewater conquering
the urban and perhaps vital streams to the level of distraction of natural environmental processes. The diffused
and unclear responsibility and mandate of the regulatory sector has to be rectified as there is no clear mandate
even to issue permits to those CBPs considering at least their environmentally unfair location. Clearly, the
CBPs deteriorated the quality of urban streams, formed lagoon of concrete wastewater alarming the need for
clear mandate as well as operational and accountability policy. Competent personnel within concerned
regulatory or administrative body have to be there. Even, engaging the communities living around such sites
should have involvement in either preliminary assessment or the continuous monitoring and evaluation of
CBPs. Given the alarming deteriorating effects of CBPs in the city area, mapping the green infrastructure and
ecosystem conditions and thereby determining the status as well as projecting the effect is very much
important. Clear and specific state policy regarding the management of industrial wastes, including CBPs is
demanding. Further in-depth study to elucidate the long-term environmental impact of CBPs that include the
hydrogeological phenomena has to be studied.
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Abstract

Sustainable sanitation provision is challenging developing countries, especially sub-Saharan countries. Among
those low-income sub-Saharan countries, Ethiopian towns and cities struggles with poor sanitation problems.
The main objective of this research was to assess and select appropriate sanitation options for urban context
of the town of Kombolcha, based on a comprehensive analysis of technical, environmental, social, economic,
and institutional criteria. A multi-criteria decision analysis (MCDA) was used to assess and rank technology
options to determine the most suitable solution for Kombolcha City. To gather information on the state of
urban sanitation, a variety of methods has been employed, such as surveys, interviews, focus groups,
observations, and document analysis. In this study, 243 households were approached which was a 97.94%
response rate. Based on the result of our survey there were mostly five types of household toilets technologies
in Kombolcha Town. These technologies included simple pit latrine with a slab which is 38.6%, cistern flush
toilet (1.5%), pour/manual flush toilet (6.5%), VIP latrine (33.2%), and pit latrine without slab (20.2%).
Similar ketenas or Kebeles (the smallest administrative unit within a town or city, typically functioning as a
local government or community division) form were merged into groups. Consequently, 4 clusters of Kebeles
were identified for the study with similar characteristics for sanitation technology option adaptation or
intervention. The final weights of the selected criteria during pairwise comparison were environmental
(37.3%), health (38.7%), technical (11.6%), economic (8.1%) and socio-culture (4.3%). Based on those main
criteria the selected possible technology option for cluster 1 was “Pour Flush toilet connected to Twin Pits”,
for cluster 2 “Pour flush toilet + sink and shower + watertight septic tank”, for cluster 3 “Flush toilet + sink
and shower + simplified sewerage system” and for cluster 4 “Flush toilet + sink and shower + septic tank +
solid free sewer system”. Moving forward, we recommend implementing pilot projects to test the selected
sanitation technologies in the identified clusters. This will help evaluate their feasibility and effectiveness in
improving urban sanitation. Collaboration with local government, sanitation experts, and community
stakeholders will be crucial for successful implementation.

Keywards: Multi-Criteria Decision Analysis. Sanuation Technology, Pairwise CooparisQl - -
1. Introduction

Access to sanitation is considered a fundamental human right, rather than a luxury, for every individual.
Adequate sanitation is widely recognized as the most crucial factor in public health, accessible to the global
community (Velkushanova et al., 2021). The world still faces significant challenges in achieving adequate
sanitation coverage for all. In 2017, the World Health Organization (WHO) estimated that 2.3 billion people
lacked access to basic sanitation services, and 892 million people still practiced open defecation; consequently,
the sanitation crisis remains a global concern (WHO & UNICEF, 2017). According to the CSAE et al., (2017)
only 28.9% of Ethiopians had access to improved sanitation facilities. The situation is worse in rural areas,
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where 34% of the population practice open defecation compared to 6% in urban areas. Sewerage connections
are limited in urban areas, ranging from 0.4% to 6.6%, while there are no sewerage connections in rural area
(Strande et al., 2014). The lack of institutional homes, shared responsibilities among authorities, unclear
implementation approach, underfunding, and shortage of treatment facilities have all contributed to the
country's poor sanitation coverage and increasing problems with environmental sanitation and sewage
treatment (WHO & UNICEF, 2017)

Urban sanitation is a complex and multidimensional challenge that requires careful consideration of various
factors, such as population density, land availability, environmental impacts, social preferences, economic
costs, institutional capacities, and health risks (Hastuti et al., 2021). However, many urban areas lack adequate
sanitation services and infrastructure, leading to poor hygiene, pollution, disease outbreaks, and reduced
quality of life (Naznin, 2017). Sustainable sanitation provision is challenging developing countries, especially
sub-Saharan countries. Among those low-income sub-Saharan countries, Ethiopian towns and cities struggles
with poor sanitation problems. Ethiopia's sanitation problems stem from low priority, poverty, lack of
resources, unclear institutional framework, and responsibilities (UNICEF/WHO, 2015).

However, there hasn't been much research on how to choose the best sanitation options in Ethiopian
metropolitan areas, specifically the main issues and future possibilities in various urban slums. Therefore, it's
imperative to offer strategies for choosing the best sanitation technologies for a specific community.
Policymakers and responsible individuals can therefore offer potential answers for better and sustainable
accomplishment by choosing the proper sanitation solutions for metropolitan settings. Therefore, the goal of
this study was to determine the most environmental, technical, socio-culture, health and economic friendly
sanitation option for Kombolcha City while considering a variety of sustainability criteria, such as social
acceptance, technological and physical viability, economic and institutional considerations, as well as the
preservation and improvement of both human health and the environment. The limitation of this study is the
reliance on a single urban area (Kombolcha), which may not fully represent the diversity of sanitation
challenges in other Ethiopian towns or regions with different socio-economic conditions. Additionally, while
the study employed multiple data collection methods, including surveys, FGDs, and KllIs, the findings are
based on qualitative assessments and may be influenced by participant biases. Moving forward, we suggest
the implementation of pilot projects to test the selected sanitation technologies, especially in the identified
clusters, to evaluate their feasibility and impact on improving urban sanitation. Collaboration with local
government bodies, sanitation experts, and community stakeholders will be essential for successful
implementation.
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2. Methods
2.1 Study Area

The study was conducted in Kombolcha town which is located in South Wallo Zone of the Amhara Region,
north-central part of Ethiopia (Figure ). The town is about 377 km north of Addis Ababa (capital city of
Ethiopia) and 505km from Bahr Dar City, the Amhara region capital The Kombolcha town Administration
reports that the population of the town has increased to 143,637 as of 2018/19, including both rural and
urban kebeles (the smallest administrative unit within a town or city, typically functioning as a local
government or community division). Of this population, about 23 percent lives in rural areas and 77 percent
in urban areas. The estimated population of the urban kebele is around 110,654, comprising of 50,860
women and 59,794 men. In terms of the age structure of the urban population of the city, 65.4% of the
population is under the age of 15-64, 29.6% under the age of 14 and 5% over 65 years. Thus, the proportion
of dependency due to age is 29.6% for children and 5% for elders. Thus, the age-dependency of the
community is up to 34.6 percent (Kombolcha Town administration, 2018). The altitude ranges from 1842-
1915 m above sea level. The mean annual rainfall varies from 725.1 mm to 1361.6 mm and the mean
annual temperature varies from 18.7 to 20.9°C (Abegaz & Abera, 2020).
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Figure 1: Location map of Kombolcha town

The housing conditions of the town fall under kebele rental, kuteba (tenants who live in government-owned
houses or townhouses, often within urban settings), private rental and owner-occupied housing categories.
The number of rental Kebele houses which is occupied by low-income households is about 379. The
remaining number of private, kuteba and condominium houses are counted about 7722, 931 and 1545
respectively (Kombolcha Town administration, 2018).
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A study conducted by Endris et al., (2024), shows that there are five different types of household toilet
technologies used in Kombolcha town. These include cistern flush toilets, pour/manual flush toilets,
Ventilated Improved Pit latrine (VIP), pit latrine with a slab and pit latrine without a slab. The research
showed that the highest percentage of respondents, which was 56.4%, used a simple pit latrine with a slab.
The remaining technologies were used as follows: cistern flush toilet (2.1%), pour/manual flush toilet
(19.8%), VIP latrine (11.1%), pit latrine with slab (10.7%), and pit latrine without slab (10.7%). As of now,
there is no updated data available on the toilet technology used in Kombolcha town, except for the 2007
census conducted by the CSA (CSA, 2007) that recorded the types of toilet facilities in the housing units.
The survey revealed that out of the 15,261 housing units in Kombolcha town, 3505 (23%) did not have any
toilet facility. Of the remaining, 861 (5.6%) had private or shared flush toilets, 1760 (11.6%) had VIP
latrines, and 9129 (59.8%) had pit latrines. According to the definition provided by the health office
department, unimproved toilet facilities are traditional latrines that are open pits and lack a roof (plastic
roof), temporary/non-permanent wall, or wood slab, or any slab at all.

2.2.Research Design

The first step involved examining global trends and challenges in urban sanitation, particularly those
relevant to developing countries. Partnering with Kombolcha officials, data on the city's current sanitation
infrastructure, demographics, and environment were gathered. This data was essential for identifying
potentially suitable sanitation systems such as sewers, on-site options, or decentralized treatment. Various
technologies within these systems were evaluated based on their treatment efficiency, environmental
impact, social acceptability, economic feasibility, and long-term sustainability (Fid et al., 2023). A multi-
criteria decision analysis (MCDA) was used to assess and rank these options to determine the most suitable
solution for Kombolcha City.

2.3.Data collection

The study employed two quantitative methods (a housing unit survey and field observation) alongside three
gualitative approaches: key informant interviews (KII), focus group discussions (FGD), and a literature
review. Conducting a literature review was essential to ensure the research was well-informed and
comprehensive. Sources for the literature included relevant journals, conference proceedings, academic
theses, reports from organizations and donors, official records, and maps from the administrative areas of
Kombolcha town, as well as insights from key informants and sanitation professionals in the region,
including resources from the Susana website (https://www.susana.org/en/#)”. In this study, key informants
of the Kombolcha Water Supply And Sanatioin System (WSSS) sanitation department head, Kombolcha
town health department sanitation officer, and masons participating in toilet construction were consulted in
person and via email based on the informant’s available time to talk.

To complement the understanding gathered from the literature review, the research employed focus group
discussions (FGDs) with various stakeholders in Kombolcha town. These FGDs strategically included
community representatives, local government officials (policymakers), masons engaged in toilet
construction, and sanitation experts. This approach facilitated a richer understanding of the sanitation
challenges by fostering open discussions within each group, the FGDs revealed shared ideas and
viewpoints. Besides these, two focus group discussions (FGD) were held with express from health office,
sanitation office, urban planning and community representatives. The FGD topics also focused on obtaining
data related to household practices, service levels, past interventions, risks, and other issues associated with
fecal sludge management services.
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Field observations involved targeted visits to key locations like existing sanitation facilities and areas facing
sanitation challenges. Researchers meticulously documented the physical state of infrastructure, user
behavior, and environmental factors impacting sanitation practices. Visual aids like photographs and videos
were captured to support analysis. On the other hand, in a qualitative study, purposive sampling was
conducted for stakeholder identification and key informant interview process. Appropriate checklists were
established and 20 key informant interviews (KlIs) were conducted with different stakeholders from the
government and non-government organizations.

The structured questionnaire for the household survey included open and closed-ended and fixed alternative
guestions. The structured questionnaire has taken a minimum of 40 minutes for each household survey.

Some of the data to be collected with the household questionnaire include:

« Current Sanitation situation: Understanding the types of sanitation households currently have and their
level of satisfaction with them.

Y/

«» Awareness of Options: Assessing households' knowledge of the different types of sanitation options
available in their area.

+« Factors Influencing Choice: Identifying the factors households consider when choosing a sanitation
option, such as Cost, availability, ease of use, etc.

«+ Access and use: Examine all the challenges that households may face in accessing or using sanitation
facilities.

¢ Interest in Alternatives: Measuring households' interest in learning more about alternative sanitation
options that may be available to them.

2.4. Sampling Approach

The study employs stratified multistage sampling (probabilistic), and purposive sampling (nonprobability),
methods to select representative samples and generate pertinent information from the target area
households. Multistage sampling is an appropriate method to extract the desired information for the
intended objectives of the study. Based on those considerations in addition to the purpose of the study and
population size, a 95% confidence level, 5% precision, and 80% proportion variability were adopted and
the sample size was also determined using a proven scientific statistical formula (Singh et al., 2011).

n=([Np(1-p)])/([("2AZ"2*(N-1) +p*(1-p)]))
Where, n = the required sample size, N = Total number of housing units

Z = standard normal deviation at the required confidence level that corresponds to a 95% confidence
interval equal to 1.96, e = the level of statistical significance (Allowable error) (0.05), P = the proportion in
the targeted population estimated to have characteristics being measured (from previous studies or studies
in other comparable countries i.e. 0.8 from (Neilson, 2011).

According to Kombolcha town (2024), the total number of housing units is 17313. Thus, based on the above
formula, n=243 has been drawn for a reliable minimum sample size of households. Currently, Kombolcha
town is divided into four Sub city with 14 administrative Kebeles which include both previous rural and
urban kebele.

2.5. Characterization of the town and identification of homogeneous areas
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Identifying homogenous areas within Kombolcha town to select suitable sanitation system technologies for
each distinct area context based on three key contextual factors: physical, urban, and socioeconomic. By
employing this multi-faceted approach, the research has identified homogenous areas within Kombolcha
town based on their shared physical, urban, and socioeconomic characteristics. It has then recommended
suitable sanitation system technologies for each specific cluster. This approach ensured that the selected
sanitation systems were technically sound, culturally appropriate, financially sustainable, and feasible to
implement and maintain in each area.

2.6. Determination of sanitation systems and technology options

Various sanitation system technologies are available and can evolve over time. These technologies can use
improved on-site sanitation systems, small-piped systems (simplified and solid-free sewer), or conventional
sewerage systems. The selection of the sanitation system and technologies in this study was based on a
multi-faceted approach considering population demand, environmental constraints, local context,
population density, and existing sanitation practices Through the combination of literature reviews on
effective sanitation systems in similar developing countries and comparative analysis of case studies, this
research identified potential sanitation system and technology alternatives. Finally, these alternatives have
been evaluated for each distinct area or identified clusters within Kombolcha town, ensuring the chosen
system(s) best suit the specific environmental and social contexts of each area.

2.7. Development of Main Criteria and Indicators (sub-criteria) list

A preliminary list of criteria and indicators was developed based on a review of international scientific
literature that has been used to evaluate sanitation systems and technologies from previous similar studies
and site visits to the identified homogenous area of Kombolcha town (Table 10).

Table 10: - Criteria used for selecting technology option

Criterion Sub-criterion Obijective
Resource recovery Maximize resource recovery (e.g., water, nutrients)
Environmental | Energy consumption Minimize energy consumption required for operation and
treatment process.

Impact on ecosystem Minimize negative impact on the surrounding
environment (e.g., soil, water bodies).

Robustness Ensure the system can function reliably under various

Technical operating conditions and withstand potential disruptions

Complexity Favor simpler systems with lower operation and
maintenance demands

Suitability Select a system that is technically suitable for the local
context (e.g., climate, soil conditions)

Capital costs Minimize the initial investment required to construct and

Economic install the sanitation system.

Operation and maintenance | Minimize the ongoing costs associated with operating

cost and maintaining the system.

Benefits Maximize the long-term economic benefits associated
with the system (e.qg., reduced healthcare costs, improved
productivity)

Acceptability Ensure the sanitation system is culturally appropriate and

Socio-cultural accepted by the local community.

Social equity Promote equitable access to the sanitation system for all

members of the community.
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Willingness to construct Encourage community participation and willingness to
contribute to the construction and management of the

system
Health benefit Maximize the positive health outcomes associated with
Health the sanitation system (e.g., reduced disease transmission).
Pathogen exposure Minimize the risk of exposure to harmful pathogens

through the sanitation system.

2.8. Application of MCDM for appropriate sanitation technology selection

The research leveraged Multi-Criteria Decision Making (MCDM) techniques to select the most suitable
sanitation technology for Kombolcha town, following the comprehensive understanding gained from the
literature review, focus group discussions, and field observations. This MCDM approach involved defining
a set of key criteria based on Kombolcha's specific context. These criteria encompassed factors like
technical feasibility, environmental impact, social acceptability, economic viability, and community health
requirements. Each criterion was further operationalized into measurable indicators to facilitate an objective
evaluation process. Building upon this foundation, a shortlist of potential sanitation technologies was
created, considering both established options and innovative solutions identified through the research. An
appropriate MCDM technique, such as the Analytic Hierarchy Process (AHP), was then employed.

3. Results and Discussion
3.2. The Existing Town Context
l. Soil, Geology and Ground water characteristic of the area

The soil map of the study area is covered by sandy silt and clay soils as Food and Agricultural Organization
(Food and Agricultural Organization, 2011). Sandy silt and clay soils are dominantly covered the area at
67.7 and 32.3% respectively and sandy silt with gravel content is more permeable than clay soils. The
alluvial—colluvial sediments deposited at the Kombolcha town which dominantly covers the study area are
characterized by clay, sand, gravel, pebbles, and boulders derived mainly from the escarpments and rivers.
The alluvial deposits in the study area show alternating layers of sands, gravel, and clay implying that there
are multiple layer aquifers from the well log data. The alluvial sediment is heterogeneous and their porosity
and permeability make them are moderate to high (1.55 to 3.64 m/day) in the study area with hydraulic
conductivity falling under ranges of 10°to 10'm/day (Sn and Davis, 2003). Basaltic rocks are found in the
northern, and southern part of the study area. These basalts are moderate to highly fractured in several
places, and has hydraulic conductivity of (0.0247 to 0.704 m/day). Therefore, it has low to moderate
permeability and productivity with hydraulic conductivity fall under ranges of 10 to 10°m/day (Sn and
Davis, 2003).

1. Socio-demographic characteristics of the study participants

In this study, 243 households were approached which was a 238 (97.94%) response rate. The majority of
the respondents were head of household which were 191 (80.25%) of the respondent. In addition to this
most of the respondents (76.05%) were owner of the housing units, however 23.95% of the respondents
was rental (including Kuteba and Condominium houses) in the selected housing units. Housing condition
of households 206 (86.55%) privet type with privet residents and about 32 (13.45%) were Apartment
building (in multi-store building like Condominium houses) have at least one form of toilet facility
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Table 11: - Population density of clustered area

Cluster Area coverage | Population Density
No Kebele Grouping No. Population (km?)
1. Yegof, Mitkolo, Kedida & 6959 216.5
Tuluadame 32.12
2. Berberie wenz, Meja 51354 2109.6
Rasagez, Hurba, Shiwaber 24.343
& Hudadu
3. Borchele Kebele 6948 1.472 4720.1
4, Quteba Kebele, Shishaber & | 29285 1478.74
Old Airport 19.804

NB: The estimated number of populations for each cluster in Table 11 is based on the housing units of land
lords or house owners. The floating population and tenants are not considered. If they are considered the
floating and tenants the population will be 2 or more times the above result; so, this figure does not consider
the Kombolcha town population.

I1. Existing Sanitation technology Arrangements and its satisfactions of the participants

The household survey results and observations show that 92.02% of the respondents have toilet facilities
(private household toilets and shared toilets between two or more rental households in one housing unit),
while the remaining 7.98% have access to communal toilet facilities or toilets shared by more than two
housing units. Additionally, based on our survey, there were mostly five types of household toilet
technologies in Kombolcha city. Additionally based on our survey there were mostly five types of
household toilets technologies in Kombolcha city. These technologies included cistern flush toilets,
pour/manual flush toilets, Ventilated Improved Pit latrine (VIP), pit latrine with and without slab. Based on
observation the highest recorded percentage of respondents was who used simple pit latrine with a slab
which is 38.6%. The other remaining technologies were cistern flush toilet (1.5%), pour/manual flush toilet
(6.5%), VIP latrine (33.2%), and pit latrine without  slab (20.2%) (

Antomatic ciztern Flush
B or Pour'manual flush

Ventilated improved pit
latrine

Pit latrme with slab

Pit latrine without slab
open pit

Figure ). Most of latrine were found inside the housing compound however the communal toilet
was found from 6-15m in the back yard of home. The Anal cleansing materials are Water, paper and tissue

paper.
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Awtomatic cistern Flush
B or Pour'manual flush

Ventilated improved pit
latrine

Pit latrine with slab

Pit latrine without slab
open pit

Figure 1: - Toilet facility household currently use

Based on our survey the level of satisfaction of selected technology were 64.7 % satisfied however 35.3%
were not satisfied so it needs to upgrade the technology. The users were unsatisfied mostly by Privacy and
Cleanliness which is 38.1% and 40.5% respectively. Whereas 14.3 % and 7.1% of unsatisfied users were
unsatisfied due to Distance to toilet and Quality of construction respectively. The listed reason of difficulties
accessing or using current toilet facility from the survey were dirty, the latrine was full, water shortage for
flush, problem of slab and its smell. In the survey, we also assessed the awareness of available sanitation
options among households. Results showed that 58.5% of respondents were aware of various toilet
technologies, while 41.5% were unaware of alternatives. Factors influencing their choice of toilet facilities
included cost, availability of space, and convenience. When asked about their interest in alternatives, 35.3
% of respondents expressed interest in upgrading to more advanced sanitation technologies.

V. Identification of homogeneous areas or clusters and Key characteristics

The administrative divisions of Kombolcha town have 4 Sub cities and 14 Kebeles, each with population,
household, and housing unit data. This study aims to identify or classify similar areas for household survey
and selecting the appropriate sanitation system technologies. Similar ketenas or Kebeles in terms of
population density, land use composition, soil type, topography, groundwater depth, land availability, land
ownership patterns, water usage patterns, economic status, and built form were merged into groups.
Consequently, 4 clusters of Kebeles were identified for the study with similar characteristics for technology
option adaptation or intervention (Figure). Those clusters were identified after reaching an agreement with
the land administrative bodies and consultation with experts along with repeated field observation and by
collecting and referring the data related to urban, physical, and socio-economic contexts.
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Figure 3: - Identification of areas with similar characteristics

Cluster-1 encompassed the outskirts of Kombolcha town, specifically the kebeles of Yegof, Mitikolo,
Kedida, and Tuluadame. These peripheral areas are characterized by scattered settlements with lower
population density. Additionally, they have a shallow groundwater table (the depth which is less than 3m),
abundant land (reserve area for sanitation system installation > 20 m?), and varied topography with
permeable soil. Water access in these settlements is irregular, and sanitation practices often rely on
traditional latrines or open defecation and the community has low perceptions of sanitation technology
options. Berberie Wenz, Meja, Hudadu, Rasagez, Shiwaber, and Hurba kebeles were similar in physical,
urban, and socioeconomic context and categorized as cluster-2. This cluster is characterized by a high
groundwater table (> 6m average depth), relatively abundant land (200-450 m? per landlord or average
reserve area for sanitation system installation > 2 m2 and < 20 m2), high population density, and mostly flat
topography with permeable soil. The water supply usage pattern is in good condition (about 50 I/c/d).

Cluster-3 referred to Borchele kebele only which is characterized by high population density, scarce land
availability (reserve area for sanitation system installation < 5 m2), high groundwater table (> 10 m average
depth), and varied topography with permeable soil. The water supply usage pattern is in good condition
(about 50 I/c/d). Cluster-4 comprehended the kebeles of Kuteba, Shishaber & Old Airport. This cluster is
characterized by high population density, scarce land availability (reserve area for sanitation system
installation < 5 m?), relatively low groundwater table (< 15 m average depth), and flat topography with
permeable soil. The water supply usage pattern is in good condition (about 50 I/c/d). The existing sanitation
technologies in this cluster are mostly septic tanks without outlets having saturated soil for liquid absorption
due to frequent infiltration and a high greywater release.

3.3. Appropriate Sanitation systems and technology options for selected Area
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The sanitation systems in this study were selected based on a multi-faceted approach, considering
population demand, environmental constraints, local context, population density, and existing sanitation
practices. Based on the experts sought, CMS Water & sanitation for all Methodological Guides 2015, and
case studies from similar contexts, an improved onsite sanitation system has been selected for cluster-1 and
cluster-4. Whereas, solid free, and simplified sewer systems have been selected for cluster-2, cluster-3, and
cluster-4 (Table 12). Solid free sewer systems are more cost-effective due to shallower installation and
smaller-diameter pipes. Its key distinction lies in collecting only greywater and a portion of blackwater,
which is pretreated at the household level using a septic tank. Whereas simplified sewerage systems collect
wastewater like conventional systems but are more cost-effective due to shallower installation and smaller
pipes. They collect greywater and blackwater directly, without pretreatment, and transport it to a treatment
facility.

Table 12: - Possible sanitation systems for identified clusters

Sanitation systems Cluster-1 Cluster-2 Cluster-3 Cluster-4
Improved onsite sanitation system Extremely Slightly Slightly Moderately
Feasible feasible feasible Feasible
Solid Free Sewer System Slightly Strongly Strongly Strongly
feasible Feasible Feasible Feasible
Simplified Sewer System Slightly Moderately Moderately Moderately
feasible Feasible Feasible Feasible
Conventional sewerage system Not feasible | Not feasible | Not feasible | Not feasible

3.4. Sanitation technology options along the sanitation value chain

In this study, the sanitation system technology options along with the sanitation services chain were pre-
screened based on the fact sheet from CMS Water & sanitation for all Methodological Guides 2015and
Reuter, S., et al. (2022) along with referring different literature concerning sanitation options. This study
classifies various technologies for comparison from different categories: user interface and storage,
evacuation/transport, and (safe disposal/treatment). Based on the proposed sanitation system described so
far, the following sanitation technology alternatives for each cluster has presented as follows:

Possible Technology Options for Cluster 1: As cluster 1 is characterized by low groundwater table,
permeable soil, and low population density with abundant surface area having varied topography, the
possible alternative sanitation technology options are:

=

Ventilated Improved Pit latrine (VIP) + soak away

2. Ventilated Improved Double Pit (VIDP) toilet

3. Urine Diverting Dry Toilet (UDDT)

4. Pour Flush toilet connected to Twin Pits

5. Flush toilet + septic tank + soak away or infiltration trenches

Possible Technology Options for Cluster 2: High groundwater table (> 6m average depth), saturated soil,
and densely populated areas with a relatively abundant land or average reserve area for sanitation system
installation > 2 m? and < 20 m?) are the characteristcs of cluster 2 where the following technology options
can be feasible.

1. Pour flush toilet + sink and shower + watertight septic tank
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2. Watertight VIP toilet + sink and shower + solid free sewer system
3. Flush toilet + sink and shower + septic tank + solid free sewer system
4. Flush toilet + sink and shower + simplified sewerage system

Possible Technology Options for Cluster 3: cluster 3 has similar characteristics with cluster 2 except the
availability of space is scarce. Hence the possible alternatives are:

1. Pour flush toilet + sink and shower + watertight septic tank

2. Watertight VIP toilet + sink and shower + solid free sewer system

3. Flush toilet + sink and shower + septic tank + solid free sewer system
4. Flush toilet + sink and shower + simplified sewerage system

Possible Technology Options for Cluster 4: This cluster is characterized by low groundwater table,
permeable soil, and average population density with a limited surface area having mostly condominiums
and Kuteba houses along with flat topography where the following alternative technologies are feasible.

1. Flushtoilet + sink and shower + septic tank + soak away or infiltration trenches
2. Flush toilet + sink and shower + ABR + Anaerobic filter + soak away

3. Flush toilet + sink and shower + septic tank + solid free sewer system

4. Flush toilet + sink and shower + simplified sewerage system

In selecting the appropriate sanitation technology for each cluster, we first identified possible technology
alternatives based on the characteristics of each cluster. We then organized a kickoff meeting with key
stakeholders, including community representatives, health office officials, staff from the Water Supply and
Sanitation Office, urban planning officers, environmentalists, and skilled professionals from higher
education institutions. During this meeting, we provided a detailed description of each technology option.
The experts, through a collaborative ground discussion, used Multi-Criteria Decision Analysis (MCDA) to
evaluate and rank the options based on key criteria such as environmental impact, health benefits, technical
feasibility, and cost.

3.5. Relative weight of main criteria Using the AHP Method

In this study, both pairwise comparison and surveying methods were used. Seven experts in sanitary
engineering, public health, environmental engineering, and social sciences/anthropology were engaged to
determine the relative weights of the main criteria and sanitation system alternatives. In addition, FGD was
held and participants were selected from local government officials, toilet masons, and community
representatives. The experts filled out the matrix independently. In the case of FGD, the researchers guided
the discussion by presenting pairs of criteria and indicators, prompting participants to debate and reach a
consensus on which one is more important.

Pairwise comparisons were conducted. Each criterion was compared to every other criterion, with
judgments made on their relative importance using a scale of 1 to 9 (1 = Equally important and 9 =
Extremely more important). Then the importance and the relative weight of each main criterion was
determined for all four clusters. Criteria of environmental, Economic, Socio-cultural, Technical, and Health
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were compared each other using the pairwise comparison technique of AHP. The individual weightings of

the experts, and aggregated group weightings on the main criterion are presented in Table 4.

Table 13: - Comparison matrix for criteria in AHP analysis

Criteria Environmental Technical Socio-cultural Health Economic
Environmental 1 4 7 1 5
Technical 0.25 1 3 0.25 2
Socio-cultural 0.14 0.33 1 0.143 0.33
Health 1 4 7 1 6
Economic 0.2 0.5 3 0.17 1

Sum 2.59 9.83 21.00 2.56 14.33

The comparison matrix showing relative importance have been presented in table 4 above which further
used to determine normalized Principal Eigen vector with the help of approximation technique. The value
of Principal Eigen value (Amax) and consistency index (CI) have been estimated as 5.12 and 0.03
respectively. As Five criteria have been considered in the decision, the random consistency index (RI)
comes out to be 1.12. The consistency ratio for the present decisions has been computed as 0.027 or 2.7 %o,
which is less than 10 %, hence the inconsistency in the decision is acceptable and the weights obtained can
be used for selecting technology options.

After normalized the above relative importance of the selected criteria we were get the final weights for
those criteria Table 14,

Table 14: - Computation of final weights for main criteria

Criteria Environmental | Technical :SELZI Health | Economic Weight
Environmental 0.39 0.41 0.33 0.39 0.35 37.3%
Technical 0.10 0.10 0.14 0.10 0.14 11.6%
Socio-cultural 0.06 0.03 0.05 0.06 0.02 4.3%
Health 0.39 0.41 0.33 0.39 0.42 38.7%
Economic 0.08 0.05 0.14 0.07 0.07 8.1%

3.6.Ranking Sanitation System Technology Alternatives

The final step is where AHP reveals the top contender. To evaluate and rank different options, the weighted
score for each option was determined by multiplying its score on a particular criterion by the weight of that
criterion. Once the weighted scores for all criteria were obtained, they were summed up for each alternative.
The alternative with the highest total weighted score has been identified as the top-ranked choice. This final
weight and rank were done after normalized of the data based on average recorded value. From

Table 15 rank data the possible technology option for cluster 1 was option-4 which is Pour Flush toilet
connected to Twin Pits and second possible option was option-2 which is Ventilated Improved Double
Pit (VIDP) toilet.
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Table 15: - Final weight of technology options and ranking for cluster 1

Technology | Criteria Weighted
Options score Rank
Environmental | Technical | Socio- Health Economic
(31.3%) (11.6%) cultural (38.7%) | (8.1%)
(4.3%)
Option-1 0.23 0.12 0.05 0.40 0.08 0.88 5
Option-2 0.33 0.11 0.04 0.40 0.08 0.96 2
Option-3 0.44 0.11 0.02 0.26 0.08 0.91 4
Option-4 0.31 0.12 0.05 0.42 0.08 0.98 1
Option-5 0.26 0.12 0.05 0.46 0.08 0.96 3
Option-1* Ventilated Improved Pit latrine (VIP) + soak away
Option-2** Ventilated Improved Double Pit (VIDP) toilet
Option-3*** Urine Diverting Dry Toilet (UDDT)
Option-4*** Pour Flush toilet connected to Twin Pits
Option-5***** Elush toilet + septic tank + soak away or infiltration trenches
The first choice, the Pour Flush toilet connected to Twin Pits is a water-based system utilizing the Pour
Flush Toilet (pedestal or squat pan) and Twin Pits to produce a partially digested, humus-like product, that
can be used as a soil amendment. This system is suited to peri-urban areas with suitable soil that can
continually & adequately absorb the leachate where the groundwater is low.
Based on the result shown on Table 7 for cluster 2 ranking data, the possible technology option was option-
1 which is Pour flush toilet + sink and shower + watertight septic tank and second possible also Flush
toilet + sink and shower + septic tank + solid free sewer system.
Table 16: - Final weight of technology options and ranking for cluster 2
Criteria Weighted
score Rank
Technology | Environmental | Technical | Socio- Health Economic
Options (31.3%) (11.6%0) cultural (38.7%) | (8.1%0)
(4.3%)
Option-1 0.35 0.12 0.04 0.36 0.09 0.96 1
Option-2 0.33 0.10 0.05 0.37 0.08 0.94 3
Option-3 0.31 0.12 0.04 0.39 0.08 0.94 2
Option-4 0.27 0.12 0.04 0.43 0.07 0.92 4

Option-1* Pour flush toilet + sink and shower + watertight septic tank

Option-2** Watertight VIP toilet + sink and shower + solid free sewer system
Option-3*** Flush toilet + sink and shower + septic tank + solid free sewer system
Option-4**** Flush toilet + sink and shower + simplified sewerage system

From the compared four possible technology option described so far, pour flush toilet + sink and shower +
watertight septic tank ranked first and followed by Flush toilet + sink and shower + septic tank + solid free

192




23" International Symposium on Sustainable Water Resources Development: May 23-24/2025

sewer system. This technology is most commonly applied at the household level. Larger, multi-chamber
septic tanks can be designed for groups of houses and/ or public buildings (e.g., condominiums or schools).
A septic tank is mostly appropriate where there is a way of dispersing or transporting the effluent. However,
in this cluster, there is a high groundwater table and a moderately dense population which means no onsite
infiltration is possible. Instead, the septic tanks should be connected to some type of conveyance
technology, through which the effluent is transported to a subsequent Treatment or Disposal site.

Like the above description in cluster 3 the viable and possible technology option was option-4 which is
Flush toilet + sink and shower + simplified sewerage system and also option-3 which is Flush toilet +
sink and shower + septic tank + solid free sewer system was second possible technology option (Table
17).

Table 17: - Final weight of technology options and ranking for cluster 3

Criteria Weighted | Rank
score
Technology | Environmental | Technical | Socio- Health Economic
Options (31.3%) (11.6%0) cultural (38.7%) | (8.1%)
(4.3%)

Option-1 0.35 0.11 0.03 0.36 0.09 0.94 3
Option-2 0.33 0.10 0.04 0.37 0.08 0.92 4
Option-3 0.31 0.12 0.05 0.39 0.08 0.95 2
Option-4 0.27 0.13 0.05 0.42 0.07 0.95 1

Option-1* Pour flush toilet + sink and shower + watertight septic tank

Option-2** Watertight VIP toilet + sink and shower + solid free sewer system
Option-3*** Flush toilet + sink and shower + septic tank + solid free sewer system
Option-4**** Flush toilet + sink and shower + simplified sewerage system

Since this is a cluster characterized by high population density and high groundwater table, the first choice
is suitable and appropriate. Simplified sewers can be installed in almost all types of settlements and are
especially appropriate for dense urban areas where space for onsite technologies is limited.

The option of Flush toilet + sink and shower + septic tank + solid free sewer system was the first suitable
and first ranked technology option for cluster-4 and option-2 which is Flush toilet + sink and shower + ABR
+ Anaerobic filter + soak away were second alternative technology (

Table 18).

Table 18: - Final weight of technology options and ranking for cluster 4

Criteria Weighted | Rank
Technology | Environmental | Technical | Socio- Health | Economic | SCOre
Options (31.3%) (11.6%) cultural (38.7%) | (8.1%)
(4.3%)
Option-1 0.34 0.11 0.04 0.33 0.09 0.91 4
Option-2 0.33 0.12 0.04 0.37 0.08 0.93 2
Option-3 0.33 0.12 0.04 0.41 0.08 0.99 1
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Option-4 0.26 0.12 0.05 0.44 0.07 \ 0.93 \ 3

Option-1* Flush toilet + sink and shower + septic tank + soak away or infiltration trenches
Option-2** Flush toilet + sink and shower + ABR + Anaerobic filter + soak away (reuse)
Option-3***  Flush toilet + sink and shower + septic tank + solid free sewer system
Option-4****  Flush toilet + sink and shower + simplified sewerage system

The first technology choice is in its right place because cluster 4 is characterized by its low groundwater
table and mostly condominium residents. Mostly on condominium sites, more wastewater is connected to
septic tanks and results in frequent filling, even for onsite infiltration the ground becomes oversaturated
and contaminated, and wastewater may rise up to the surface, posing a serious health risk.

3.7. Evacuation, treatment, and disposal segment of the sanitation value chain

In this study, great care does have been taken to select the suitable sanitation technology option along the
service chain. Moreover, the study more focused on user interface, Collection and Storage segments of the
sanitation service chain. For clusters with onsite sanitation system technologies (cluster 1 and 2) need to
have pit emptying options. Fortunately, the selected technology option for cluster-1 needs no emptying
service since the households use double pit latrine system which enables them to reuse the dried sludge for
agriculture. Whereas, for cluster-2 the best technology option is septic tank with regular emptying due to
the existence of high ground water table. Consequently, Cluster-2 requires mechanical pit emptying
solutions, such as motorized pumps or vacuum trucks. These trucks are equipped with a pump connected
to a hose, which is inserted into a tank (like a VIP or septic tank) or pit, allowing sludge to be pumped into
the truck’s holding tank. This setup is commonly known as a vacuum truck. For densely populated areas
with restricted access, various alternative motorized vehicles and machines have been designed. Options
like the Vacutug, Dung Beetle, Molsta, and Kedoteng are equipped with smaller sludge tanks and pumps,
enabling them to navigate narrow pathways effectively. According to Endris et al. (2024), the municipality
of Kombolcha has an 8 m3 vacuum truck, while Wollo University operates another exclusively for its own
use. Due to insufficient municipal services, residents rely on private vacuum trucks, which are not locally
available but can be hired from Dessie, a nearby town 23 km away, with capacities ranging from 6-10 m3.

For clusters 3 and 4 with simplified and solid free sanitation systems, the emptying and transport segment
differs. For cluster-3 simplified sewer system, no evacuation or emptying equipment is needed as the faces
and gray water transport pipelines. Whereas, cluster-4 with solid free sewer system having (flush toilet +
sink and shower + septic tank + solid free sewer system) a combination of on-site sanitation for excreta
(septic tank) and a settled (solid free) sewerage system for greywater, it needs a hygienic motorized
emptying option as mentioned earlier. As this sludge contains a significant amount of blackwater, there are
often high levels of solid matter present. As a result, the first level of treatment aims to extract this solid
waste by reducing its pollution load (it then becomes known as treated sludge). However, Kombolcha town
currently have an extensive faecal sludge treatment plant. The FSTP consists of solar (unplanted) drying
beds with extensive effluent treatment system (waste stabilization ponds). Nevertheless, as reports or
studies showed that the FSTP is currently close to malfunctioning due to operational and maintenance
related issues. Thus, rehabilitation works and optimization of the treatment components along with
monitoring system is recommended.
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4. Conclusions

In conclusion, this study developed a framework for assessing and selecting suitable sanitation technologies
for the urban context of Kombolcha. Through a comprehensive analysis of technical, environmental, social,
economic, and institutional criteria, we aimed to identify appropriate sanitation options for different clusters
within the city. The study employed a combination of surveys, interviews, focus groups, observations, and
document analysis to gather insights from various stakeholders. Based on these findings, we grouped
Kebeles with similar characteristics, such as population density, land use, and socio-economic conditions,
into four clusters. Using Multi-Criteria Decision Analysis (MCDA), we ranked sanitation technologies
based on the weighted criteria of environmental impact, health benefits, technical feasibility, socio-cultural
factors, and economic viability. The selected technologies for each cluster varied: Cluster 1 was assigned
“Pour Flush Toilet connected to Twin Pits,” Cluster 2 “Pour Flush Toilet + Sink and Shower + Watertight
Septic Tank,” Cluster 3 “Flush Toilet + Sink and Shower + Simplified Sewerage System,” and Cluster 4
“Flush Toilet + Sink and Shower + Septic Tank + Solid-Free Sewer System.”

This approach provides a structured method for selecting appropriate sanitation solutions tailored to the
unique characteristics of each cluster, offering a potential pathway for improving urban sanitation in
Kombolcha. while this study utilized multiple data collection methods, including surveys, FGDs, and Klls,
the findings are based on qualitative assessments that may be influenced by participant biases. To further
validate the results and assess the practicality of the selected sanitation technologies, we recommend
implementing pilot projects in the identified clusters. These projects will allow for the evaluation of the
feasibility and impact of the proposed technologies on improving urban sanitation in Kombolcha.
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Abstract

Climate change and variability are threatening the availability of water resources worldwide since they can
initiate extreme weather events, making water scarcer, and unpredictable. The study was conducted with
the primary aim of investigating the impact of climate change on the water availability due to stress of water
resource and increasing irrigation water demand of the Hare watershed. Daily data of stream flow,
precipitation, air temperature, relative humidity, and sunshine hour were collected from near stations. Two
climate change scenarios (SSP 4.5 and SSP 8.5) and climate model (HadGEM2-ES) were used. The
performance of the climate model was evaluated for the base period (1971-2000), and future period (2021-
2050), and (2051-2080) under SSP 4.5 and SSP 8.5 climate scenarios. The HEC-HMS hydrological model
was used to predict water availability in the watershed for present and future time horizons. The model was
calibrated and validated for future predictions of streamflow. According to the findings, average monthly
precipitation is expected to slightly increase by 0.06mm (2021-2050) and 0.08mm (20512080) for SSP 4.5
and 0.01 (2021-2050) and -0.04mm (2051-2080) for SSP 8.5 respectively. On the other hand, average
monthly minimum and maximum temperatures changed over the watershed by 0.4070c (2021-2050) and
0.4120c (2051-2080) for SSP 4.5 and 0.1050c and 0.1580c for SSP 8.5, respectively. The HEC-HMS model
was calibrated where sensitive model parameters were identified and the model performance resulted in
NSE = 0.62 and R2 = 0.68 during calibration, and for validation, NSE = 0.68 and R2 = 0.72 were obtained.
The projected average annual runoff at the outlet of the watershed is expected to increase by 8% as
compared to the observed runoff. Therefore, the study highlights the impact of climate change on water
resources availability for future water resources development and irrigation water requirement in Hare
watershed.

1. Introduction

Climate change is a state change that is discernible from variations in its mean and/or variance over an
extended period, usually a decade or more (Gebresellase et al., 2022). External forces or human-made
processes may be to blame for climate change (Liu et al., 2020); Tramblay et al., 2020). This will have an
impact on some hydrological cycle elements, including precipitation (Heo et al., 2015), runoff (Gebre,
2015), and their constituents. Moreover, the spatial and temporal distribution of water resources(Coulibaly
et al., 2018) can also shift as a result of climate change (Tabar et al., 2015). Consequently, a rise in
variability would raise the likelihood of floods (Dibaba et al., 2020; Kaushal et al., 2017; and droughts
Meresa et al., 2022).

Although climate change impacts are wide and vast, many studies have tried to show its extended impact
on agriculture (Edamo et al., 2022; (Sun et al., 2019), health, water resources (Kusangaya et al., 2014)) and
fisheries (Eide & Heen, 2002) are just a few to mention. Furthermore, water supply issues in several basins
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are predicted to get worse due to recent climate change and variance. The management of irrigation and
drinking water supply were impacted by the hydrological consequences of changes in climate factors like
temperature and precipitation (Belihu et al., 2020), (Obaideen et al., 2022), flood risks (Hagos et al., 2022),
and hydropower production (Wasti et al., 2022). Developing countries in general and African nations in
particular are undoubtedly among the most vulnerable to the effects of climate change due to their lack of
economic, development, and institutional capabilities (Konapala et al., 2020; Fayiah et al., 2020).

Ethiopia is particularly vulnerable to climate change and variability because of its heavy reliance on rain-
fed agriculture (Villamizar et al., 2019) and rainfall distribution for food production (Demmissie et al.,
2018). Hare watershed is the central role of water resources in the socio-economic fabric of the region,
understanding the impacts of climate change on the Hare Watershed is essential for developing sustainable
management and adaptation strategies. This research aims to analyze the extent of climate change effects
on water availability in the watershed to propose actionable solutions to enhance resilience and ensure water
security for present and future generations using the HEC-HMS hydrological model.

2. Methodology

2.1. Description of the study area

The watershed is located near Arba Minch town within the Southern Ethiopian Rift Valley Basin. It covers
an area of 182 km2, with elevations ranging from 1,200 to 3,482 meters above mean sea level, positioned
between latitudes 6°03' to 6°18’ and longitudes 37°27' to 37°37' (Yirgu et al., 2020). The mean annual
maximum and minimum temperatures for the lowland and highland regions are 23°C and 14°C,
respectively, with an average annual rainfall of 1,050 mm. The land is divided into various agroecological
zones, comprising approximately 55.56% Dega, 22.84% Woyna Dega, 11.73% Wurch, and 9.25% Kola
whereas the watershed is characterized by two major soil types: cambisols and ferralsols (Yisehak, 2021).

Rif Valley Basin
Hare Watershed N

Filogea muann deminage

Figure 1: Location map of Hare watershed
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2.2.Data collection

The accuracy of the model's input data and its outcomes depended on the reliability of the raw
meteorological and hydrological data used. Meteorological data were obtained from the National
Meteorological Agency at Mirab Abaya, Chencha, and Arba Minch stations, while hydrological data were
provided by the Ministry of Water and Energy, covering the period from 1987 to 2007.

The downscaling process was conducted using the latest version of the Regional Climate Model RCA4,
developed by the Centre and adapted from IWMI’s climate change experiment. This model considered four
RCP scenarios such as SSP2.6, SSP4.5, SSP6.0, and SSP8.5 (San José et al., 2016). However, SSP4.5 and
SSP8.5 were specifically used to assess the effects of climate change on the watershed.

2.3.Climate change modeling

To demonstrate statistical linkages between recorded broad-level circulating and local-level climatic
variables like precipitation and temperature, downscaling approaches were developed. However, bias
correction in a climate model (Tong et al., 2021) is very important before using it for any hydrological
model and water resources analysis. For both the SSP4.5 and SSP8.5 emission scenarios, downscaled
rainfall and air temperature data for the period 1976-2100 were retrieved in the form of NetCDF (Network
Common Data Form) from the spatial grid resolutions of all CORDEX Africa programs.

Various bias correction techniques are employed to reduce errors between observed and simulated historical
climate data using statistical quintile factor, distribution quintile mapping, and simple scaling were the
common methods to refine the raw climate model outputs. Among those methods, a simple scaling factor
was used to downscale GCM outputs of precipitation and temperature for the periods 2031-2060 and 2061-
2090 years.

2.4. Evaluating the accuracy of rainfall climate model simulations

Evaluating the accuracy of rainfall climate model simulations is crucial for understanding the reliability of
these models in representing real-world precipitation patterns. Here are some methods typically used for
evaluating the accuracy of rainfall climate model simulations in the watershed; percent of bias, root mean
square error (RMSE), and coefficient of variation (CV) as follows;

) chp'Robs
Bias P=100*E— (1)
RMSE= L‘(R;"'R”'“)Z 2)
SR
CV=100* b" (3)
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. _ Rrcp—Robs
BiasP = 100 = ~rons @
N (Rrcp—Robs)’
RMSE = Joit - 2 @)
_ SRrcp
CV= 100 *——= (3)

Where:

N indicates the analysis period; R denotes the average rainfall value in a certain year subscripts rcp and obs
show the rainfall and temperature amount found from RCP simulation and observation, respectively; &
shows the standard deviation of either the RCP or observed rainfall and temperature data.

2.5. Trend analysis

To ensure an accurate evaluation of the watershed, trends were assessed using Mann Kendall test at a 5%
significance level, providing insight into general increasing or decreasing patterns over time. This method
facilitates the detection of long-term climatic changes by numerically comparing observed trends with
projected future values. 2.7 Climate Change Impact Analysis.

Climate change effects on annual, seasonal, and monthly precipitation, minimum, and maximum
temperature were examined by determining the relative changes from the baseline period. The climate
impact was assessed using the formula as shown in Equation 4.

% Change = (. ) * 100 4)

Future(monthly,seasonal,annual)—baseline

baseline

2.6. Hydrological model selection

The selection of an appropriate HEC-HMS model depends on the study's objectives (Tassew et al., 2019)
such as flood forecasting, water resource management, or long-term hydrologic analysis ensuring the
model's capabilities align with the intended application (Gebre, 2015). It also considers watershed
characteristics, including size, topography, soil type, land use, and vegetation cover, as well as the
availability of data (Sanjay Shekar & Vinay, 2021). By thoroughly evaluating these factors, the HEC-HMS
model was chosen as the most suitable option to deliver reliable and meaningful results.

2.6.1. HEC-HMS models

HEC-HMS is a versatile hydrologic modeling tool used to simulate rainfall-runoff processes across diverse
geographical regions. The model incorporates components for base flow, channel flow, direct runoff
(including overland and interflow), and various other hydrologic structures and inputs. In this study, the
watershed was divided into three sub-watersheds, represented by basin models W40, W50, and W60, with
areas of 75.7 kmz2, 69.7 kmz, and 33.8 km?, respectively. To evaluate the simulated flow against historical
total flow records for these sub-basins, the basin model utilized the outflow element. The choice of sub-
basin depends on the specific time frame and the availability of relevant data.

2.6.2. Model sensitivity, calibration, and validation analysis

Model sensitivity, calibration, and validation analysis are critical components in assessing the performance
and reliability of a model. A sensitivity analysis was carried out to understand the behavior of the model
parameters about the model result (the model hydrograph). Choosing the most sensitive model parameter
for model calibration and validation is the major goal of sensitivity analysis. NSE and RVE objective
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functions were used to identify sensitive parameters manually by increasing and decreasing the value of
one model parameter at a time up to 60% at a 20% interval.

The model's initial run is likely to produce unsatisfactory results because the input data do not accurately
reflect the real world (Sanjay Shekar & Vinay, 2021). Some hydrological model parameter needs
adjustment to fine-tune the model and increase its reliability. The data from 1990 and 1991 were used for
warming, while the period from 1992 to 2001 was used for calibration. The calibration was performed
manually through a trial-and-error process, adjusting one model parameter at a time until the simulated
streamflow aligned with the observed streamflow.

Testing is required to determine whether parameter values represent the underlying hydrological processes
and are not just the outcome of curve fitting. Model validation was conducted during the 2002 to 2007
period to verify calibrated model outputs using independent data sets without further adjustment at various
spatial and temporal scales.

2.6.3. Model Performance Evaluation

A variety of researchers have put out various standards for hydrological model performance evaluation
criteria. Model efficiency criteria have to be applied to examine the level at which the required performance
of the model is achieved. Coefficient of determination (R?) and Nash-Sutcliffe efficiency (NSE) are the
most commonly utilized statistics for reporting for calibration and validation (Khoi, 2015)) and these
performance evaluation indices were used.

3. Result and Discussions
3.1. Evaluating the accuracy of climate model simulations

Raw RCP performance shows significant deviations from observed data, especially in certain months with
extreme overestimations for May and June, and bias-corrected shows marked improvement, with biases (-
0.08), RMSE (0.05), and MAE (0.00) reduced across all months. Corrected values were far more accurate
and reliable for projections and used for any hydrological model analysis.

3.1.1. Climatic trends of the base period

The trend for annual rainfall in the base period shows no significant change. This implies that, in the past
(base period), rainfall levels were relatively stable, and there wasn't a noticeable shift in rainfall patterns
(See Figure 2a). This could suggest a lack of long-term trends in rainfall, such as an increase or decrease,
in the observed period. In contrast to rainfall, the minimum and maximum temperatures show a significant
increasing trend (See Figure 2b&c). This means that, over the base period, temperatures have been rising
consistently, both during the day (maximum) and at night (minimum). This is typically linked to global
warming or climate change, where increased greenhouse gases trap more heat in the atmosphere, causing
temperatures to rise over time (See Figure 2).
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Figure 2: Trends of observed precipitation (a), minimum temperature (b), maximum temperature ()
3.2.Bias correction results for the base period

Figure 3 shows the downscaled RCP mean months are slightly underestimated for January, February,
March, April, November, and December while May, June, July, August, September, and October are
overestimated. All annual and seasonal mean precipitation shows overestimated when compared with
observed data. Air temperature for both maximum and minimum temperature compared to the recorded
temperature for the base period of scenarios is underestimated. The minimum and maximum temperature
range for bias-corrected in this watershed increased from 15.83°C to 19.97°C and 25.59°C to 34.21°C
respectively (1987-2005) (See figure 3). This finding suggests that there is a significant amount of
uncertainty in hydrological analysis when utilizing the RCP output data without bias correction.
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Figure 3: Bias correction results for precipitation, maximum and minimum temperature

3.3. Future climate scenarios developed

After bias correction, three categories of future SSP scenarios baseline period (1971-2000), short term
(2021-2050), and long term were formed (2051-2080).

The future climate scenario result shows slight increasing trend for average monthly precipitation as
compared to the base period. Average monthly watershed precipitation is expected to slightly increase as
compared to the base period by 0.06 mm (2021-2050) and 0.08mm (2051-2080) for SSP 4.5 and 0.01 (2021-
2050) and -0.04 (2051-2080) for SSP 8.5 respectively (See figure 4).

As shown in figure 4, monthly average minimum temperature expected to decrease by -5.83° and -5.91°
for SSP 4.5 and -1.5°c and -2.25° for SSP 8.5 scenarios of (2021-2050) and (2051-2080), respectively
whereas maximum temperature indicated an increasing trend by 0.44°c and 0.34° for Short term (2021-
2050) and long term (2051-2080) for SSP 4.5 and decreasing by -1.31°c and - 2.07°c for SSP 8.5 scenario
of (2021-2050) and (2051-2080) correspondingly as compared to the baseline period (See figure 4). The
SSP 8.5 consistently results in more drastic temperature increases, especially later in the century whereas
SSP 4.5 shows smaller but still significant increases, emphasizing the importance of mitigation efforts.
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Figure 4: Average monthly precipitation, maximum and minimum temperature for future scenarios

3.4.Climate change impact in the future scenarios

Figure 5 shows the SSP 4.5 scenarios of average monthly precipitation changes for each of the months and
the average precipitations will likely change by 2.35% (2021-2050) and -0.65% (2051-2080) for SSP 4.5
over the watershed. For the SSP 8.5 scenario, average monthly precipitation will be changed by 5.7% (2021-
2050) and 9.51% (2051-2080).

According to SSP 4.5 scenarios, the average monthly minimum temperature changes over the watershed
will be expected to rise by 0.41°c (2021-2050) and 0.412°¢ (2051-2080) while SSP 8.5 scenarios will
increase of 0.11°c (2021-2050) and 0.16°c on average (2051-2080) (see figure 5). This result shows there
is no significant change in SSP 8.5 scenarios as compared to other scenarios.

Figure 5 indicates the average monthly maximum temperature over the watershed for the future period is
expected to decrease by -1.46°c (2021-2050) and -1.01°c (2051-2080) for the SSP 4.5 scenario. In the SSP
8.5 scenarios, average monthly temperature changes are expected to increase by 5.40°¢ (2021-2050) and
8.57°c (2051-2080).
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Figure 5: Percentage change of climate impact on monthly, seasonal and annual precipitation,
maximum and minimum temperature

3.5. Model calibration and validation

Sensitivity analysis of HEC-HMS model parameters was evaluated manually by trial and error. According
to the sensitivity analysis, constant rate (CR) and storage coefficient (SC) were more sensitive model
parameters while other parameters were relatively less sensitive. After identifying sensitive model
parameters, calibration and validation were done. The result shows the model has a very strong relation
with observed and simulated hydrograph pattern of flow since NSE gives 0.62 and R? 0.68 for calibration
and NSE gives 0.71 and R? 0.73 for validation. Generally, the model has a good agreement and is applicable

at the watershed (See Figure 6).
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Figure 6: Daily simulated and observed flow hydrograph
3.6. Climate change impact on future water availability

3.6.1. Impact on future average monthly, seasonally, and annual flow simulation

In both SSP 4.5 and SSP 8.5 scenarios, there will be a slight increase in average projected flow in the
autumn and winter seasons except for SSP 4.5 (2051-2080) scenario as figure 7 shows when compared with
observed stream flow. On the other hand, the water availability in summer (rainy season) in the stream was
expected to decrease. The availability of water in the stream will be expected to increase by 8% in the future
as compared to the observed stream flow data in the river (See Figure 7).
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Figure 7: Projected monthly, seasonal and annual runoff at the outlet of Hare watershed

3.6.2.

Climate change impacts on projected simulated surface runoff

The average seasonal surface runoff is expected to decrease by 71.8% under SSP 4.5 from 2051 to 2080
and increase by 14.51% under SSP 8.5. For the earlier period (2021-2050), the runoff is expected to increase
by 8.1% under SSP 4.5 and decrease by 3.6% under SSP 8.5 (See figure 8). The sharp decline in seasonal
surface runoff under SSP 4.5 in the later period is likely due to rising annual air temperatures, which
increase evapotranspiration. The outcomes vary significantly depending on the emissions scenario and the
time period considered, with SSP 4.5 leading to a dramatic reduction in runoff in the later period due to
higher temperatures, while SSP 8.5 shows an increase in runoff, possibly due to more extreme precipitation
events despite higher temperature.
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baseline.
4. Conclusions

Climate change is likely to have severe effects on the water resource planning of the Hare watershed on
Hare irrigation water management. The result of climate projection reveals that the SSP data can be seen
considering different scenarios that include SSP 4.5 and SSP 8.5 for short and long terms based on their
relative importance.

Sensitivity analysis of HEC-HMS model parameters was evaluated manually by trial and error. According
to the sensitivity analysis, constant rate (CR) and storage coefficient (SC) were more sensitive model
parameters while other parameters were relatively less sensitive. We used three rainfall stations and one
continuous river flow data and the model performance was very good agreement for both calibration and
validation.

Accuracy of models representing the rainfall of the study area with SSP 4.5 and SSP 8.5 was done.
Therefore, the performance shows (Bias = 74.24 %) overestimated and RMSE (24.62 mm per month) for
19 years of rainfall data obtained and it show bias correction was important before using for any
hydrological analysis. An investigation was carried out to identify trends in climate parameter time series
of stations over the whole Hare watershed using the Mann-Kendall test. Thus, the annual rainfall amount
shows a little bit of increasing trends and maximum and minimum temperatures also show increasing and
decreasing trends respectively.
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After bias correction was done the future SSP scenarios were developed and divided into three periods of
time series which are the base period (1971-2000), Short term (2021-2050), and long term (2051-2080).
Thus, the result shows that projected precipitation, maximum, and minimum temperature were increased
monthly, seasonally, and annually with the reference to baseline period.

Annual, seasonal, and monthly impact of climate change on minimum and maximum temperature were
analyzed and it shows an average increase over the watershed by 0.407°c (2021-2050) and 0.412° (2051-
2080) for SSP 4.5 and 0.105° and 0.158°c for SSP 8.5 respectively. Surface water availability in the
watershed shows slight increased by 8% as compared to observed flow.

Despite these changes, water resource availability in the Hare watershed is not expected to be severely
stressed during the wet season, even with rising temperatures. This suggests that the surrounding
communities and agricultural activities may not face significant adverse impacts, allowing for continued
water resource development and sustainable food security.

Overall, the findings underscore the importance of adaptive water resource management strategies to
harness future water availability effectively. By leveraging these projections, the Hare watershed can
contribute to enhancing the region's resilience to climate change and supporting long-term economic and
food security goals.
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Abstract

This study examines the impacts of climate change on blue water flow (BWF), green water storage
(GWS), and green water flow (GWF) components of water resources in the Tekeze Atbara watershed
of the Nile basin. It employed five CMIP5 climate models under RCP4.5 and RCP8.5 scenarios
along with a satisfactory SWAT model with acceptable predictive uncertainty. The results indicate
that while mean annual changes in BWF (stream flow) and the green waters remain stable (p>0.05),
considerable decline in all water components during the Belg season and spatially in the northeastern
sub-basins of the watershed are projected. Moreover, statistically significant (p<0.05) changes in
inter-annual variability, particularly for the green waters are projected with variability in BWF
remaining high. One of the key findings of this study is the distinction between GWS (soil moisture)
and GWF (actual evapotranspiration), revealing a decrease in both, in contrast to recent studies that
suggest an increase in semi-arid regions when aggregated. This study highlights the critical need for
localized and integrated water management strategies addressing both blue and green waters in the
changing climate. Future research should integrate land use and water use scenarios to enhance the
robustness of such assessments.

Key words: Blue water; green water flow; green water storage; climate change; SWAT; Nile Basin

1. Introduction

The Nile Basin, essential to the livelihoods of more 238 million people, faces unprecedented
challenges of water scarcity due rapid population growth ,escalating water demands, and climate
change (UNEP, 2013). Among the basin’s tributaries, the Tekeze-Atbara basin plays a pivotal role,
contributing approximately 13 % of the Nile's annual discharge and providing water for millions of
rain fed farmers (UNEP, 2013). However, while the Blue Nile sub-basin has been the focus of most
research, the Tekeze-Atbara watershed remains underexplored, and its hydrological dynamics
poorly understood (Johnston & Smakhtin, 2014).
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This gap in research is particularly concerning given the increasing pressures on water resources that
include blue water flow (stream flow) and green waters, which encompass green water storage
(GWS, soil moisture ) and green water flow (GWF, actual evapotranspiration) (Faramarzi et al.,
2013; Liu et al., 2022; Schuol et al., 2008). While blue water flow (BWF) is vital for water supply,
irrigation and hydropower generation, green waters are essential for rain fed agricultural regions
and ecosystem services (Schuol et al., 2008; UNEP, 2013).

However, many existing studies on future water resources of the Nile basins have primarily focused
on BWF ( e.g., Elshamy et al., 2009; Gizaw et al., 2017; Mekonnen & Disse, 2018; Mengistu &
Sorteberg, 2012; Teklesadik et al., 2017; Woldesenbet et al., 2018). Majority of the studies are
concentrated on Blue Nile sub-basin with a few studies (Gizaw et al., 2017; Mengistu & Sorteberg,
2012) examining the Tekeze-Atbara watershed . The impact focus of the previous studies on BWF
showed consistence in the direction of increasing in temperature, serving as strong evidence of
climate change in the Nile basins (Barnes, 2017). However, they disagree in future projections of
BWF due to different climate models, hydrological models, and emission scenarios used in the
studies (Barnes, 2017). This uncertainty have presented significant challenges for decision-making,
as it complicates the planning and implementation of water resources management strategies
(Barnes, 2017; UNEP, 2013).

Studies have shifted toward more integrated assessment, commonly using SWAT model, that also
consider green water availabilities for holistic understanding of water resources availabilities
(Faramarzi et al., 2013; Liu et al., 2022; Schuol et al., 2008).

However, previous integrated studies disagree in the future direction of green water availability due

to the changing climate. The disagreement is primarily due to difference in how green water is
conceptualized and quantified. For instance, some recent studies ( e.g., Abate et al., 2024) by treating
green water as combined metric of green water storage ( GWS) and green water flow (GWF)
projected increasing in green water availability mainly due to increasing in temperature , particularly
on Denakil sub-basin in semi-arid region of northern Ethiopia. Other studies (e.g., Faramarzi et al.,
2013) by separating green water availability into GWS ( soil moisture storage) and GWF (actual
evapotranspiration ) reported a general decrease in green water availability across Africa due to
decreasing in precipitation and increasing in temperature. This later view is critical. Combining
GWS (soil moisture storage) and GWF in to single metric can obscure the potential impact of climate
change on green water availabilities for rain-fed and semi-arid regions like Tekeze-Atbara
watershed.

Therefore, the objective of this study to investigate the impact of climate changes on blue and green
water resources (storage and flow) by addressing uncertainty analysis in future projections in the
Tekeze-Atbara watershed. The findings will contribute to the development of more effective and
integrated water management strategies that include blue and green waters, for sustainable water use
in the Nile Basin and beyond in the changing climate.

2. Materials and methods
2.1.Study area
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The Tekeze-Atbara (T-A) basin, a major sub-basin of the Nile, predominantly lies in Ethiopia, where
it is called Tekeze (Figure. 1). It contributes approximately 13% of annual water flow to the Nile
(Johnston & Smakhtin, 2014; Swain, 2011). This study focuses on the upper Tekeze watershed ,
encompassing 45,072 km2 at the Embamadre gauging station (MoWE, 2015). The watershed
features significant topographic diversity, with elevation variations having a standard deviation of
514 m above mean sea level. The Tekeze River, originating in northern Ethiopia's highlands,
traverses sub-basins across Amhara (e.g., North Wollo Zone) and Tigray (e.g., Eastern Zone)
regions, supporting domestic water needs and industrial activities. Tributaries such as Zarema,
Werie, Ghiba, Suhul, Genfel, and Agulae are vital for local communities. The Embamadre gauging
station, located in sub-basin 47, serves as a key monitoring point, recording an average annual flow
of 9.1 BCM that continues westward to Sudan as the Atbara River.

T-A watershed

135
|
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N

Latitude (degrees)
125

12
L

T T T T
38 385 39 395
Longitude (degrees)

Figure. 1 Location of Tekeze-Atbara (T-A) watershed in northern Ethiopia, 47 sub-basins (red),
overlaid by administration zones (gray), Tekeze-Atbara River and its tributaries (blue), outlet at
Embamadare

Land use in the T-A watershed (see Figure. 2) is dominated by agriculture, with cropland covering
over 50% of the area. Of the 13 soil types identified (GLC-SHARE; HWSD), Leptosols dominate,
with Lithic Leptosols (LPq) and Eutric Leptosols (LPe) accounting for 52% and 18% of the area,
respectively. The region experiences considerable climate variability, with annual precipitation (see
Error! Reference source not found.) averaging 884 mm and ranging from 700 mm to 1,100 mm, w
ith a coefficient of variability (CV) of 18.36%. Rainfall is concentrated in Kiremt (70%; June -
September), followed by Belg (21%; February - May) and Bega (9%; October - January) .Mean
annual temperature averages 20°C, varying between 18°C and 23°C .
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Figure. 2 Spatial distributions of annual precipitation (PPt), annual temperature (AMT) (top rows),
land cover (in 2010) and soil types (in 2010) (bottom rows) in T-A watershed

2.2.SWAT model

In this study, the Soil and Water Assessment Tool (SWAT) was used to estimate blue water flow
(BWF), green water storage (GWS), and green water flow (GWF) availabilities from simulated
water balance components (Arnold et al., 2012; Faramarzi et al., 2013; Neitsch et al., 2011; Schuol
et al., 2008). The SWAT model operates on the fundamental water balance equation. Following van
Griensven et al., (2012) the equation as indicated in eq.1 can be written in terms of the blue and
green waters with their detail derivations shown in Figure. 3

PPt = BWF + GWF + AGWS + Losses (D

Where, PPt is precipitation (mm); BWF is the water yield (mm) in SWAT; GWF is the (ET) actual
evapotranspiration (mm) in SWAT; A GWS is the change in (SW) soil moisture (mm) in SWAT;
Losses (mm) such as Revap which are lost from the system. As GWS (soil moisture storage) is a
temporary storage in SWAT model, in this study the accumulated soil moisture is considered.

To apply the SWAT model, a QSWAT in the QGIS interface was used for data pre-processing,
aggregation, and model setup ( Dile et al., 2016). In order to capture local variations, the watershed
was divided into 47 sub-basins using a Digital Elevation Model (DEM) at 90 m resolution, sourced
from the Shuttle Radar Topographic Mission (SRTM) ( http://srtm.csi.cgiar.org.). The DEM defined
topographic features, including slope classes (0-5%, 5-10%, >10%) and the gauging station at
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Embamadre served as an outlet. Land cover types were identified based on land use data at 1 km
resolution from the GLC-SHARE (www.fao.org/geonetwork.). Soil types were identified based on
soil data at 1km resolution obtained from the Harmonized World Soil Database (HWSD). Three
hundred five (305) Hydrological Response Units (HRUs) were delineated using a 10% threshold for
the soil, the land cover, and the slope categories. Observed historical climate data, critical for SWAT
modeling, were sourced from the WATCH (Weedon et al., 2011) dataset . These datasets at 0.5
degree resolutions were obtained from the Inter Sectoral Impact Model Inter comparison Project
(ISIMIP:www.isimip.org).Variables such as precipitation, temperature, wind speed, and humidity
were downscaled to the sub-basin centres using bilinear interpolation using terra package (Hijmans,
2023) in R programming. Solar radiation was simulated using the SWAT weather generator with
data from meteorological stations in Mekelle, Gonder, and Lalibela ( Dile et al., 2016). Then
Potential evapotranspiration (PET) was calculated using the Penman-Monteith method, surface
runoff using the Soil Conservation Service (SCS) curve number method, and flow routing employed
a variable storage routing method.

For model accuracy and reliability, initial SWAT model simulation at monthly time scale was done.
The initial SWAT model simulations was transferred to SWAT-CUP, for sensitivity, calibration,
validation and uncertainty analyses using sequential uncertainty fitting (SUFI-2) (Abbaspour, 2015)
coupled with observed flow data from the Embamadre gauging station that were divided into
calibration (1998-2005) and validation (2006—2010) periods. Ten sensitive SWAT parameters were
indentified during calibration and uncertainty analysis in SWAT-CUP (see Table ). The initial and
final ranges of the parameters with their best-fitted values indicated in the table. These parameters
control stream flow (Arnoldetal., 2012) . The initial values of the SWAT parameters were adjusted
during calibration to align with observed flow in T-A watershed, and the results fell within
acceptable ranges recommended by Abbaspour et al., (2015) and van Griensven et al., (2012).
Figure. 4 presents hydrographs of observed and simulated monthly flow during calibration and
validation periods, with Nash-Sutcliffe efficiency (NS) > 0.5, RMSE-to-standard deviation ratio
(RSR) < 0.7, and percent bias (PBIAS%) < 25% limits for both periods for satisfactory model
evaluation criteria (Moriasi et al., 2007). For uncertainty analysis, the resulted P-factor (>0.6) and
R-factor (<1.5) are within acceptable limits (Abbaspour et al., 2015) for both calibration and
validation periods.
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Figure. 3 Conceptual water balance model in SWAT, observed (1979-2015) water balance
components, water balance ratios, hydrological equation, derivations of blue and green waters

Table 1: The ten selected SWAT parameters during calibration and uncertainty analysis in T-A

watershed
Name Definition Initial Final range Fitted
range

r__CN2.mgt SCS runoff curve number for | -0.2 | 0.2 |- -0.051 | -0.182
moisture condition 11 0.225

r__SOL_AWC.sol Soil available water storage | -0.2 | 0.2 |- 0.179 | 0.089
capacity (mm /mm ) 0.181

v__ESCO.hru Soil evaporation compensation | 0 1 0.019 | 0.89 0.118
factor

v__SURLAG.bsn Surface runoff lag coefficient | O 10 0.019 | 4.98 0.101
(days)

v__ALPHA BF.gw | Base flow alpha factor (days) |0 1 0.384 | 0.737 | 0.567

v__ GW_REVAP.gw | Groundwater revap coefficient | 0.02 | 0.2 | 0.163 | 0.2 0.2

v__GW DELAY.gw | Groundwater delay time (days) | 0 100 |83.6 |1615 |129.12

a__ GWQMN.gw Threshold depth of water inthe | 0 1000 | 888.6 | 1741.9 | 1642.3
shallow aquifer
required for return flow (mm)

v__REVAPMN.gw | Threshold depth of water in the | O 500 | 85.64 | 4529 | 250.9
shallow aquifer for revap to
occur (mm)
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v__RCHRG_DP.gw | Deep  aquifer  percolation | O 1 0 0.35 0.011
fraction

Note: r_ parameter means the parameter value is to be multiplied by (1+ a fitted value) v _
parameter means the parameter values is to be replaced by the fitted value: a_parameter means the
parameter is to be added to the fitted value

Mean_sim(Mcan_obs)
278.92(242.39)

(A) StdDev_sim(StdDev_obs)
375, 4(378.68)

Calibration
R2VOKO NSO SR PBIAS“-15.1 RSR~0.34
p-factor=0.61 r-factor-0.58

Mean_simdMean_obs)
(B) 260.30(268.64)
StdDev_sin(StdDev_obs)

..... 347.94(361.16)

Flow (3

Figure. 4 Hydrographs of observed flow and simulations with predictive uncertainties during
calibration (1998-2005) period (A) and during validation (2006-2010) period (B) in Tekeze-Atbara
(T-A) watershed

Over all, this satisfactory SWAT model with best-fitted parameters and with acceptable predictive
uncertainty was used describe the BWF, GWS, and GWF under observed and future climate
conditions in the T-A watershed

2.3.Climate change scenarios

For future climatic conditions , this study used precipitation and temperature datasets (2020-2097)
from five bias-corrected (Hempel et al., 2013) global climate models (GCMs) under the Coupled
Model Intercomparison Project Phase 5 (CMIP5): HadGEM2-ES, IPSL-5 CM5A-LR, MIROC-
ESM-CHEM, GFDL-ESM2M, and NorESM1-M. These datasets were obtained from the ISIMIP
(www.isimip.org). Multi model averages outputs of the climate models were calculated. Two
Representative Concentration Pathways (RCP4.5 and RCP8.5) were considered, following previous
studies (Gizaw et al., 2017) in the Tekeze-Atbara watershed.
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2.4.Calculation of impacts

Climate change impacts were assessed by evaluating long-term changes in annual average; in inter
annual variability, in seasonality, and in spatial variations of the BWF and green waters (GWS and
GWEF) under the two RCPs for two future periods in 2020-2056 and 2061-2097 with the reference
to observed or current period (1979-2015). By employing R-programming software (R Core Team,
2021), while a t-test was applied to determine if there were significant changes in the mean annual
values between the observed and future periods, a var-test was applied whether there was significant
changes in inter-annual variability. A significant level of (p< 0.05) was chosen for all statistical tests.

3. Results and Discussions
3.1.Blue and green water availabilities

Under observed (1979-2015) climatic conditions, estimated blue and green water resources show
considerable spatial and temporal variability in T-A watershed (see Figure. 5). Annual basin
averages are 201 mm for BWF, 172 mm for GWS, and 411 mm for GWF. GWF exceeds BWF,
consistent with other African sub-basins (Schuol et al., 2008). Inter-annual variability is highest for
BWF (CV = 38%) compared to GWS (CV = 14%) and GWF (CV = 11%). Kiremt (Jun to Sep)
dominates seasonal contributions: 66.8% (BWF), 71.3% (GWS), and 55.4% (GWF). Belg (Feb to
May) and Bega (Oct to Jan) contribute 15.6% and 17.5% to BWF, 12.2% and 16.3% to GWS, and
28.4% and 16.1% to GWF, respectively.
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Figure. 5 Spatial distributions of observed (1979-2015) BWF (top left), GWS (top right), and
GWF (bottom ) in T-A watershed

3.2.Impact of climate change in blue and green waters

The impact of climate change in the blue and green waters in T-A watershed is due to changes in
PPt and PET under both the RCPs for the two future periods (see Table). While mean annual changes
in PET are statistically significant (p<0.05), changes in PPt, BWF, and green waters (GWS and
GWEF) are not statistically significant in all scenarios across the entire watershed. However,
considerable changes in spatial variability in the blue and green waters are projected (see Figure 6).
For instance, a reduction in BWF by up to 40-50% is projected along with declines in green water
resources in the northeastern parts of the watershed at the end of the 21°% century . In addition,
changes in inter-annual variability are found to be significant (p<0.05) under both RCPs, particularly
for the green waters. Furthermore, Significant intra-annual variability are noted, for instance in
general with a considerable decrease in all water components (BWF, GWS, and GWF) expected
during the small rainy (Belg) season across all scenarios (see Table ).
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Table 2: Statistical summaries: changes in precipitation (PPt), PET, BWF, GWS, and GWF in T-A
watershed, t-test used for testing the significance of changes in  mean values and var-test used for
the ratio of variances (expressed also as coefficient of variation (CV)). P values less than 0.05 are
significant.

PPt PET BWF | GWS | GWF

Observed (1979-2015)

Mean(mm) 884.07 | 1507.53 | 200.94 | 171.81 | 410.96

CV (%) 18.36 | 5.33 3791 | 1446 |11.37

RCP4.5_FP(2020-2056)

Mean(mm) 926.23 | 1576.83 | 213.79 | 172.54 | 419.24
Mean change (%) 4.77 4.60 6.39 0.43 2.01
t-test(p value) 0.32 0.00 0.29 0.91 0.59
ratio of variances 1.44 0.93 0.78 1.66 2.94
var-test(p value) 0.28 0.84 0.47 0.13 0.00
CV (%) 21.01 |4.93 30.00 |18.56 |19.12

RCP4.5_SP(2061-2097)

Mean(mm) 869.69 | 1614.68 | 188.83 | 169.24 | 417.54
Mean change (%) -1.63 |7.11 -6.03 |-1.50 | 1.60
t-test(p value) 0.76 0.00 0.37 0.76 0.71
ratio of variances 2.16 1.29 1.23 3.14 4.15
var-test(p value) 0.02 0.45 0.54 0.00 0.00
CV (%) 2741 |5.66 37.86 |26.01 |22.81

RCP8.5_FP(2020-2056)

mean(mm) 945.74 | 1605.92 | 222.36 | 173.41 | 420.43
Mean change (%) 6.98 6.53 10.66 | 0.93 2.30
t-test(p value) 0.27 0.00 0.42 0.85 0.57
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ratio of variances 3.38 1.52 1.63 3.17 3.57
var-test(p value) 0.00 0.21 0.15 0.00 0.00
CV (%) 31.57 |6.17 46.43 | 2551 | 21.00

RCP8.5_SP(2061-2097)

Mean(mm) 852.68 | 1680.27 | 174.09 | 165.35 | 432.01
Mean change (%) -3.55 |11.46 -13.36 | -3.76 | 5.12
t-test(p value) 0.52 0.00 0.06 0.43 0.23
ratio of variances 2.37 0.96 1.11 2.92 4.02
var-test(p value) 0.01 0.91 0.77 0.00 0.00
CV (%) 29.31 | 4.69 37.58 |25.69 |21.68

Table 3: Seasonal changes with reference to the observed period (1979-2015) period in T-A
watershed. The variables are precipitation (PPt), potential evapotranspiration (PET), blue water flow
(BWF), green water storage (GWS), and green water flow (GWF)

PPt | PET | BWF | GWS | GWF

RCP4.5 FP(2020-2056)

Kiremt change (%) 116 |33 |[11.8 |391 |126
Belg change (%) -20.9 | 8.8 | -28.3 | -10.4 | -33.8
Bega change (%) 10.8 | 0.8 |16.7 |-6.4 |285

RCP4.5_SP(2061-2097)

Kiremt change (%) 2.5 59 |-3.0 |37 14.4
Belg change (%) -20.4 | 11.2 | -29.6 | -16.1 | -35.6
Bega change (%) 94 (34 |34 -12.5 | 23.2

RCP8.5_FP(2020-2056)
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Kiremt change (%) 116 |52 [11.8 |6.3 14.7
Belg change (%) -21.3 | 10.8 | -20.7 | -19.0 | -34.7
Bega change (%) 356 |27 |343 |-7.8 |25.3

RCP8.5_SP(2061-2097)

Kiremt change (%) -53 109 |-14.1|-25 |18.0
Belg change (%) -20.9 | 15.6 | -34.1 | -15.2 | -39.9
Bega change (%) 483 |72 | 7.9 -0.7 | 404

RCP8.5_FP indicate first half of the century (2020-2056) and RCP4.5_SP and RCP8.5_SP indicate
at the end of 21° century
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Figure 6. Spatial changes in mean annual BWF (A), GWS (B), and GWF (C) under RCP4.5 and
RCP8.5 for two future periods (First period (FP) in 2020-2056 and Second period (SP) in 2061-
2097) with reference to observed period (1979-2015)
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This study provides an integrated assessment of the impacts of climate change on both blue water
flow (BWF, stream flow), green water storage (GWS, soil moisture), and green water flow (GWF,
actual evapotranspiration) in the T-A watershed of the Nile Basin. Using multi-model mean outputs
from five CMIP5 climate models under RCP4.5 and RCP8.5 scenarios, our findings reveal important
insights in to the future changes of the freshwater components. While we observe no significant
changes in mean annual blue and green water resources across the entire watershed (Table), we
identified considerable decline in all water components (BWF, GWS, and GWF) during the Belg
(small rainy) season, coupled with spatial reductions in the northeastern part of the watershed (Figure
6.) These results are due to increasing in temperature associated with increasing in PET coupled with
decreasing in precipitation in the season and in the areas. Moreover, statistically significant (p<0.05)
changes in inter-annual variability, particularly for the green waters are projected. This result is
mainly due to increasing in inter-annual variability of precipitation in all scenarios across the entire
T-A watershed.

3.3.Comparison with previous studies

There are many studies on the impact of climate change on future water availability on the Nile
Basin with a few studies (Gizaw et al., 2017; Mengistu & Sorteberg, 2012) in our study area (T-A
watershed). Theses previous studies mainly focused on the impact of BWF (stream flow). However,
they showed uncertainties in the future direction of the BWF availability. For instance ,while
Mengistu & Sorteberg,( 2012) indicated that future changes in mean annual BWF from CMIP3
GCMs would show no clear trend under the A2, A1B, and B1 emission scenarios. Conversely
Gizaw et al., (2017) projected a decrease (increase) in mean annual BWF under RCP4.5 (RCP8.5)
scenarios from CMIP5 GCMs , with an increase in mean annual precipitation for both RCPs.

These studies, however, focused on BWF (stream flow) and did not consider the role of green water
resources, which is important for rain fed agricultural productivity.

Our study builds on existing research by incorporating both blue and green water resources, which
has become an increasingly important approach in hydrological assessments. While previous studies
have largely ignored green water resources, which is critical for rain-fed agriculture, studies in other
regions of Africa have begun to recognize its importance. For instance, Faramarzi et al.,( 2013)
conducted a continent-wide assessment using SWAT and CMIP3 climate models under the old
SRES emission scenarios, and reported a general decrease in both the blue and green water resources
across Africa due to temperature rise and precipitation reduction. This continental study provides an
essential overview of future blue and green waters (storage and flow) but lacks the spatial granularity
to assess local vulnerabilities. Our results align with the broader trend of decreasing in blue and
green water resources particularly in the northeastern sub-basins of T-A watershed. However, our
findings emphasize the spatial variability of climate change impacts within the sub-basins in T-A
watershed.
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A more recent study by Abate et al.,( 2024) focused on blue and green water resources at watershed
scale on Denakil sub-basin in semi-arid region of northern Ethiopia, using SWAT model along with
CIMP6 climate models under RCP4.5 and RCP8.5 scenarios. Our results stand in contrast with this
recent study in terms future green water resources. A key difference between our study and the recent
study is the treatment of green water. While the study by Abate et al., (2024) predicted increasing
in green water availability mainly due increasing in temperature , we found that green waters both
GWS (soil moisture) and GWF (actual evapotranspiration) would decrease, particularly during the
Belg season and in the northeastern sub-basins of T-A watershed despite increasing in PET (Figure
6, B and C) . This difference could be attributed to methodological flaws in the study by Abate et
al., (2024), where GWS ( soil moisture ) was combined with GWF , leading to overestimation of
green water availability in semi-arid regions. In SWAT model’s water balance equation, while GWS
is temporary soil moisture storage, GWF represents the actual evapotranspiration (see Sec.2). In our
study, we ensured that these two components were treated separately, offering a more accurate
picture of future dynamics of green waters under the changing climate change.

Implication for Water Resources Management

Our study highlights the need for a more integrated approach to water resources management that
considers both the blue and green water resources. The separation of green water in green water
storage (GWS, temporary soil moisture) and green water flow (GWF, actual evapotranspiration) is
particularly important in rain-fed and semi-arid regions like the T-A watershed. Furthermore, our
findings emphasize the significance of temporal and spatial heterogeneity in the blue and green water
resources for localized adaptation strategies under the changing climate. The declines in both blue
and green water resources in the northeastern sub-basins need strategies that address green water
conservation (e.g., soil moisture conservation, reforestation) and blue water infrastructures (e.g.,
construction of dams ) to ensure future water scarcity in the region.

Limitations of the study

While our study presents a robust analysis by incorporating both blue and green water resources,
we recognize limitations that may affect the broader applicability of our findings. One of the key
assumptions in our study is that land use remains constant in the future. Land use change can have
a significant impact on BWF and green waters (GWS and GWF) (Liu et al., 2022). While our study
focused on future changes on climate variables, future research could incorporate land use change
scenarios to understand the full impact on the water resources. In addition, our analysis does not
account for water withdrawals due to industrial and irrigation usages. Integrating scenarios of water
demands can enhance the assessment. Despite these limitations, our study incorporated uncertainty
analysis using SWAT-CUP to assess the predictive uncertainty in our model results. Uncertainty in
climate change and hydrological models has long been a challenge, particularly for in the Nile Basin,
where variable models outputs hindered decision-making and policy development (Barnes, 2017;
Johnston & Smakhtin, 2014; UNEP, 2013; van Griensven et al., 2012). Our study directly addressed
this challenge by incorporating SWAT-CUP uncertainty analysis, ensuring that our results in P-
factor and R-factor are within the acceptable limits (P-factor >0.6 and R-factor <1.5) (Abbaspour
et al., 2015). This enhances the reliability of our findings.
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4. Conclusion

This study provides a comprehensive analysis of the impacts of climate change on blue water flow
(BWF), green water storage (GWS), and green water flow (GWF) components of water resources
in the Tekeze-Atbara (T-A) watershed of the Nile Basin, filling critical gaps in the existing literature.
It employed a satisfactory SWAT model with acceptable predictive uncertainty coupled with CMIP5
climate models under RCP4.5 and RCP8.4 scenarios.

Our key results indicate that while mean annual changes in BWF (stream flow), GWS (soil
moisture), and GWF (actual evapotranspiration) are not significant across the entire watershed,
considerable decline in all water components (BWF, GWS, and GWF) during the Belg (small rainy)
season, coupled with spatial reductions in the northeastern part of the watershed are projected. This
is due to increasing in temperature associated with increasing in PET coupled with decreasing in
precipitation in the season and in the areas. Moreover, statistically significant (p<0.05) changes in
inter-annual variability, particularly for the green waters (soil moisture and flow) are projected in all
scenarios with the variability in BWF remaining high. These results underscore the need for more
integrated approach to water resources management that consider both blue and green waters as well
as their spatial and temporal availabilities in semi-arid and rain fed agricultural regions in the Nile
Basin and beyond, where similar climate-induced shifts are likely to occur. The findings of this study
are in contrast to recent integrated studies that predicted increasing in green water availability in
similar semi-arid region. By distinguishing green water to its components (GWS and GWF), we
avoided the over estimation observed in the previous studies. The separation is particularly important
in the regions like the T-A watershed, where GWS and GWF resources play a vital role in rain fed
agriculture and ecosystem services. While this integrated study is robust, it has limitations. Future
studies should incorporate land use changes and water withdrawals to enhance the assessment.

Over all, while this study focuses on a critical yet understudied T-A watershed in the Nile Basin, the
insights gained are applicable to global efforts to understand and mitigate the impacts of climate
change on water resources. The projected dual water crisis on blue water flow and green waters
(storage and flow) identified in the T-A watershed serves as a warning for other sub-basins in the
Nile and other regions where water resources are already under water stress.
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Abstract

Effective management of rain-fed agriculture in countries like Ethiopia, vulnerable to climate-driven
droughts, necessitates a comprehensive understanding of rainfall variability and improved prediction
capabilities. Several studies have explored the understanding of rainfall variability and prediction skills
in Ethiopia, nevertheless, there remains a gap in the examination of this variability across different regions
of Ethiopia, particularly over the Nile basin region. This study aims to fill a critical gap in understanding
the role of the Tropical Easterly Jet (TEJ) in predicting summer rainfall variability over the Upper Blue
Nile Basin. We utilized summer rainfall data from the Climate Hazards Group InfraRed Precipitation
with Stations (CHIRPS) spanning the period 1981-2022. Additionally, specific humidity and wind data
for the years 1979-2020 were obtained from ERAS5. Wind data from both ERA5 and National Centers for
Environmental Prediction (NCEP) reanalysis covering the period 1979-2020 were also incorporated. Seas
surface temperature (sst) data for the period 1981-2020 complemented our dataset. Employing artificial
neural network (ANN) models, utilizing CHIRPS, total column water vapor (tcwv), and temperature data
for spatial rainfall prediction, and sst, 200hPa zonal wind, and ECMWF precipitation data for temporal
station rainfall prediction. The feedforward connection and multiple network layers, employing the
Levenberg Marquart algorithm to downscale the data. Across the stations the results of NARX shows
strong association and pattern of prediction rainfall in comparison to the observed rainfall including low
errors. The spatial prediction of summer rainfall distribution shows strong characteristics over the
complex terrain of the basin. In overall, our findings advance the quality and the precision of summer
rainfall forecasting and moisture transportation will help improving efficient resource planning for
management of water.

Keywords: JJAS rainfall, prediction, humidity, sst, wind and VIL

1. Introduction
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Sea surface temperature (SST) plays a crucial role in connecting with both the upper-level atmosphere,
through the Tropical Easterly Jet (TEJ), and the lower level, via the East African Low-Level Jet (EALLJ)
(Diro et al. 2011b). This linkage influences upper-level divergence and facilitates convection, crucial
factors in the formation of rainfall over Ethiopia. Anomalies in sea surface temperatures have a direct
impact on these jets, subsequently affecting rainfall patterns. The TEJ, situated northeast of Ethiopia,
induces upper-level divergence and convection, while the EALLJ, part of the Indian monsoon pattern,
positively influences summer rainfall in northern Ethiopia (Gleixner et al. 2017; Diro et al. 2011a).
Warming of eastern equatorial Pacific SST weakens the EALLJ during dry summers, resulting in reduced
moisture induction (Diro et al. 2011b).

There are very less number of studies have been done on rainfall prediction using machine learning
techniques over Ethiopia including UBN,. Less number of local meteorological parameters were used as
input for to design model without consider global climatic indices rainfall was predicted at Bahir Dar,
Ethiopia (Liyew and Melese 2021). According to the investigation of Endalie et al. 2022 over Jimma,
Ethiopia developed neural network model with less number of local meteorological variables and stressed
the importance of global climatic examining the rainfall dynamics and fit to appropriate model for
forecasting Ethiopian rainfall was done by applying Box-Jenkins approach; Seasonal Autoregressive
Integrated Moving Average (SARIMA) model in order to forecast monthly rainfall of Ethiopia for the
period of twelve months ahead also examined (Berhane et al. 2018).

Previous findings showed that the prediction of rainfall over the UBN,, of Ethiopia were made based on
SST variability, however, there was no emphasis given to the lower and upper level of wind circulation,
atmospheric water components and temperature for prediction of monthly, seasonal, and long-term
rainfall. As mentioned, this gap is undesired and our article aims to alleviate it by (a) analyzing the
relationship of the zonal wind speed, atmospheric water components and temperature with summer
rainfall based on non-linear approach, (b) determining the prediction summer rainfall using statistical
downscaling methods over the domain of interest, (c) identifying single and multiple variables spatio-
temporal rainfall prediction and d) investigating water vapor transport.

2. Data and Methodology
2.1.Description of study area

The UBN;, is situated north-western region of Ethiopia and the topography is a complex that varied from
499 m near Ethio-Sudan border and 4167 m (above sea level) near the central region of UBNy, (Fig.1).
The climate of the region is a tropical highland monsoonal (Conway 2000). Because of its location, it is
influenced by Inter-Tropical Convergence Zone (ITCZ), resulting dry winter and wet in summer
(Awulachew et al. 2009). In general, the region receives annual rainfall amounting from 1400 to 1800
mm per year. It is frequently affected by drought and flood (Teferi et al. 2010 and Zaroug et al. 2014).
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Fig. 1 The Elevation of Upper Blue Nile basin location of Ethiopia and Nile river.
2.2.Data

The specific humidity (q) data (in kg kg™), along with horizontal wind components (u and v, m s?) at
various pressure levels, was derived from the monthly gridded output of the ECMWF model spanning
the period from 1979 to 2020. Additionally, surface temperature and total column water vapor data
covering the years 1981 to 2022 were also extracted from the ECMWF model output. For rainfall data,
we utilized information from the Climate Hazards Group InfraRed Precipitation with Stations (CHIRPS)
dataset, which provides a spatial resolution of 0.05 by 0.05 degrees. This dataset spans the years 1981 to
2022 and serves as a valuable resource for understanding precipitation patterns (available at
chg.geog.ucsh.edu/data).

Furthermore, the multivariate ENSO index (MEI) was obtained from NCEP
(http://www.esrl.noaa.gov/psd/data). These datasets contribute critical information for our
comprehensive analysis of rainfall variability, allowing us to explore the intricate interplay between
atmospheric parameters and precipitation patterns over the period from 1979 to 2017.

2.3. Methods

The short (Belg) and long (Summer) terms of rainy seasons of moisture content and wind patterns to the
vertical are examined. The investigation into the variability of June to September (JJAS) rainfall
distribution involved a detailed analysis of its correlation with the magnitude of wind components at
various pressure levels (1000-100 hPa) and specific humidity.
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In this study we also applied the nonlinear autoregressive network with exogenous inputs (NARX) is a
dynamic recurrent neural network with feedforward connections that enclose several layers of the
network; i.e., the input to output network (Carbonera et al. 2021). The structure of the NARX model has
useful memory ability for the prediction of nonlinear time series (Tealab et al. 2017) and gains degrees
of freedom by incorporating valuable information from exogenous inputs (Cadenas et al. 2016). The two
different architectures of NARX are series-parallel architecture (open-loop) and the parallel architecture
(close-loop) used in this research.

The Levenberg-Marquart algorithm implemented in this study requires more memory but less time is
applied for the temporal rainfall prediction at each stations. In fitting problems, you want a neural network
to map between a data set of numeric inputs and a set of numeric targets. The inputs (tcwv and temp)
layers, hidden layers, and targets (CHIRPS) are key components in this research. The Neural Network
Fitting Tool will help to select data, create and train a network, and evaluate its performance using mean
square error and regression analysis. The network is adjusted to 70%, 15% and 15% for training, testing
and validation respectively for spatio-temporal prediction. The correlation coefficient and Root Mean
Squared Error (RMSE) are used to evaluate the predicted data.

3. Results and Discussion

Advection/convection of wind plays a crucial role in the transportation of moisture across different
regions of the troposphere, influencing rainfall patterns in Ethiopia. Specifically, the upper level of the
troposphere features the tropical easterly Jet (TEJ), characterized by strong easterlies extending from
South East Asia across the Indian Ocean and Africa.

The complexity of relationships between temperature and water vapor in the atmosphere affects the
radiation balance and hydrological cycle. The vertical profile of water vapor in the atmosphere, its
variability over time, and spatial variation play a key role in the analysis of climate change and weather
prediction (Wypych et al. 2018). Such complex association captured by non-linear relationships through
applying neural network.

3.1. Specific humidity to the vertical level

The monthly decadal average precipitation and vertically integrated water (VIW) are depicted in Fig. 4.
From November- March an amount of mean precipitation is recorded below 50mm. However, gradually
there is increasing of the precipitation and reaches the peak in July over UBNy. Therefore, June-
September the agricultural activities are accomplished in the region due to long term rainfall. On the other
hand, the average monthly value of VIW follows similar patterns to precipitation over UBN,. According
to this investigation in July and August maximum rainfall and VIW are found. Therefore, the summer
season (JJAS) shows maximum rainfall and VIW and the moisture shows that a strong integrity with
rainfall of over the region.
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Figure.4 Monthly decadal average rainfall (left panel) and VIW (right panel) from 2009-2019
3.2. Stations rainfall prediction using artificial neural network

For the analysis of station rainfall prediction, data from sst, 200hPa wind speed, and total precipitation
were utilized for Bahir Dar, Debremarkos, Nekemte, and Gore stations. These stations were selected
based on their climatic conditions, considering the interaction of sea surface temperature with upper-level
wind, as highlighted by Segele et al. (2009).

Understanding the teleconnections between these variables supports further investigations into rainfall
estimation using the non-linear NARX approach over selected stations in the Upper Blue Nile basin
(UBNDb).As depicted in Figure 5, the performance of NARXsst200hp tends to overestimate rainfall
predictions compared to NARXsst for Bahir Dar and Debremarkos stations. Conversely, NARXsst shows
a higher frequency of overestimation compared to the predicted values for Nekemte and Gore stations
across the given period. Despite these variations, both models (NARXsst and NARXsst200hpECMWF)
exhibit a strong capacity to predict observed rainfall across the selected stations, showcasing minimal
over- and underestimation.

The low rainfall observed in 2015, attributed to a strong El Nifio phenomenon affecting the region's
rainfall patterns, is appropriately identified by both models (Bayissa et al. 2017; Kebede et al. 2020). The
results lead to the conclusion that NARXsst200hpECMWEF and NARXsst, with slight variations, align
closely with observed values at each station. This underscores the importance of sea surface temperature
(SST) or its combination with other predictors in accurately predicting rainfall in the UBNb. Given that
the UBND is part of East Africa, SST is statistically related through teleconnections for June to September
(JJAS) rainfall forecasts (Degefu et al. 2017; Diro et al. 2008).

The variations in summer rainfall (JJAS) are strongly correlated with regional and local atmospheric
variables, such as the Tropical Eastern Jet (TEJ) and other zonal wind pressures, more than with SST
anomalies (Segele et al. 2009). These findings suggest that incorporating SST anomalies alongside
regional and local atmospheric factors enhances prediction accuracy.
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Figure. 5 Rainfall prediction at Bahir Dar, Debremarkos, Nekemte and Gore stations.
3.3. Spatial Summer (Kiremt) season rainfall prediction Using ANN

The CHIRPS precipitation product is a combined products of station rainfall and satellite rainfall
estimation products used for monitoring rainfall, drought and early warning especially for east Africa
region. In this research for evaluation the spatial summer average rainfall (June - September) of 2015
and 2022 total column water vapor (precip_tcwv); and both combined total column water vapor and
surface temperature (precip_tcwv_temp) through application artificial neural network the rainfall are
estimated and compared with CHIRPS data over Upper Blue Nile basin of Ethiopia. For the summer these
two seasons of years the capturing abilities through applying these two models the promising results of
rainfall prediction is identified including pocket areas frequently affected by drought.

The spatial distribution of rainfall in the range of 150-400mm is captured by CHIRPS and applied two
models. The eastern and western parts of UBN, show the lowest rainfall distribution for each summer
seasons. The maximum amount of rainfall is identified in parts of central and southern regions of the
basin. In comparison to the two seasons the 2022 magnitude and rainfall distribution is higher than the
2015. In the 2015 there was an EI-Nifio years parts of Upper Blue Nile affected by drought (Kebede et
al. 2020). The pocket areas mainly affected by this natural hazard (Yared et al. 2017).

Such higher magnitude of rainfall is observed in 2022 in the parts of central and southern regions of the
basin. This year is a La Nifia phase during this ENSO phase the region of the basin receive much amount
of precipitation compared to El-Ni7io (Zaroug et al. 2014).
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Figure. 6 Spatial precipitation prediction of summer season 2015 and 2022 prec-tcwv and prec-tcwv-
temp.

3.4.Errors estimation of the Spatial Summer season rainfall prediction

The assessment of errors in the spatial prediction of summer season rainfall reveals minimal discrepancies
between the predicted values (prec_tcwv and prec_tcwv_temp) and the target values (CHIRPS), as
illustrated in Figure 7. Across most regions of the UBND, the errors fall within the range of -10 to 10 mm,
indicating a high level of accuracy in each model's estimations. For both the 2015 and 2022 summer
seasons, the models exhibit low magnitudes of variation from the target CHIRPS data. Notably, when
employing the combined precip_tcwv_temp and precip_tcwv models, there are instances of
overestimation and underestimation in spatial errors. Despite these variations, both models demonstrate
a significant capability to capture the spatial distribution of summer rainfall over the UBNb. The errors
exhibited by each model are consistent across individual seasons.

precip_tewv_error precip_tewv_temp error

Figure. 7 The summer season CHIRPS rainfall compared with applied neural network of total column
water vapor (tcwv) and combined (tcwv and temp2m).
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4, Conclusions

Previous findings in prediction of summer rainfall over the UBN of Ethiopia mainly rely up on sea surface
temperature without considering the lower and upper level of wind circulation pattern. Analyzing the
relationship of the magnitude of the wind, evaluating the prediction, forecasting of summer rainfall and
wind related predictors of summer rainfall at various pressure levels are identified. The spatio-temporal
prediction of rainfall using single and multiple climate variables through applying neural network show
a promising results of prediction over the basin. Prec-tcwv and prec-tcwv-temp show strong spatial
rainfall estimation results over the basins. The variation of the results are low which is an indication of a
strong capturing ability of precipitation over the basin. Their association among CHIRPS is 0.99 and low
square root errors 0.016 and 0.049 for prec-tcwv and prec-tcwv-temp are identified respectively. The
small change over estimation and under estimation of models values are investigated compared to
observed value. The amount of rainfall based on the amount water vapor transport. In JJAS as the
investigation shows the highest water vapor transportation in region of UBNj.
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Abstract

Coffee is the world's most popular beverage crop and the second-most traded commodity next to
petroleum products. However, the production of coffee is heavily dependent on specific environmental
conditions, making it vulnerable to the effects of climate change. Therefore, studying coffee crop
responses to climatic conditions is crucial to developing strategies to support coffee crop resilience. This
study aimed to model the current land suitability and future dynamics for Coffea arabica cultivation under
climate change scenarios in the West Wolega Zone, Western Ethiopia. The study used bioclimatic
variables and the current occurrence data of Coffea arabica. Modeling was done for current and
anticipated shared socioeconomic pathways (SSP) at intermediate (SSP245), and very high (SSP585)
emissions scenarios for 2050 and 2070. ArcGIS was used for data processing, whereas MaxEnt
(Maximum Entropy) model for predicting suitability. The result showed 5294.30 km2 (50.8%) of the
total land in the area is presently suitable for Coffea arabica cultivation. The predicted model shows 19-
24% of the current suitable coffee cultivation areas may become unsuitable, while 20-22% more areas
may become suitable for coffee cultivation. Based on Maxent model, the total suitable land for Coffea
arabica cultivation could be reduced by 40.3 km2, and 136.11 kmz2 in 2050 under the SSP245, and SSP585
scenarios, respectively. The model simulation for 2070 indicates declines of 164.6 km2, and 177.8 km2
in SSP245, and SSP585, respectively. Therefore, designing a plan for species conservation and
implementing climate change adaptation strategies are essential for sustaining the suitability of existing
coffee growing areas.

1. Introduction

Coffee is the world's most popular beverage crop and the second most traded commaodity next to
petroleum products (DaMatta et al., 2019). Nearly 25 million farmers globally, the majority of whom are
smallholders, are engaged in the cultivation of coffee across an estimated 80 tropical countries (Bermudez
et al., 2022). While there are more than 125 coffee varieties exist (Davis and Rakotonasolo, 2021),
Arabica (Coffea Arabica Linnaeus) and Robusta (Coffea Canophera) coffees account for 99% of
worldwide bean production (DaMatta, 2018). These are also responsible for 57% and 43% of the world
coffee market, respectively (ICO, 2022).

Coffee production requires specific climatic conditions (DaMatta et al., 2019). Temperature and
precipitation patterns are crucial factors that have a significant impact on coffee production. This
sensitivity to climatic conditions makes coffee, particularly C. arabica, highly vulnerable to the negative
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impacts of climate change (Bunn et al., 2015). The optimal average mean annual temperature ranges for
C. arabica lie between 18-23 °C (Davis et al., 2012). The rainfall requirements are between 1600-2000
mm (Chemura et al., 2015), with a dry period ranging from 3—4 months near to harvest period (DaMatta
etal., 2018).

In Ethiopia, the average yearly temperature has risen by 1 °C over the last forty years, with significant
fluctuations in precipitations trends showing increases in some regions and decreases in others. Projection
of the high emission scenario revealed that mean annual temperature will rise by 1.8 °C and 3.7 °C by
2050 and 2080, respectively, accompanied by an overall increase of total annual precipitations from 3
mm to 6 mm (USAID, 2024). Nevertheless, there is high uncertainty in predicted precipitation
distributions in space and time (MFA, 2018). Species (IPCC, 2022), especially coffee varieties, may
experience heightened climatic pressures in their natural habitats, as they are particularly vulnerable to
the effects of climate change (DaMatta et al., 2019). Therefore, examining the response of coffee crops
to climatic conditions is crucial in developing strategies to support the crop's resilience toward the adverse
impacts of climate change.

One way to investigate how climate change affects coffee production in coffee-producing regions is to
employ contemporary analytical instruments like species distribution modeling (SDM). The SDM
identifies the species occurrence and predicts the suitability of the habitat across space and time (Elith &
Leathwick, 2009). Recent national models show Arabica coffee cultivation areas in Ethiopia may
decrease (Moat et al., 2017), while regional studies suggest varied outcomes (Ovalle-Rivera et al., 2015).
This indicates that the findings are not easily generalizable regionally, with some contradicting each other
and mask national context studies. As a result, greater identification of the impact of climate change on
particular locations or local coffee areas will be required.

West Wolega coffee is a wet-processed varietal grown in Western Ethiopia at elevations between 1493
m and 1798 m above sea level. In this zone, farmers and stakeholders in the coffee industry have been
noticing a gradual decline in overall coffee yield. Good harvests, which were previously a yearly
occurrence, have now become sporadic, manifesting only once every second or even third year.
Furthermore, in their study, Moat et al. (2017) made a significant prediction that the coffee-producing
area of Wolega is likely to face a high level of vulnerability to climate change. However, a more recent
investigation by Chemura et al. (2021) provided contrasting insights. The contrasting conclusions of the
two studies underscore the complexity and uncertainty often associated with climate change projections,
emphasizing the critical need for sustained research to fully understand and prepare for the potential
consequences facing the study area. Thus, this study aimed at modeling potential land suitability
dynamics for Coffea Arabica Linnaeus cultivation under climate change in the West Wolega Zone,
Western Ethiopia

2. Methods and Materials
2.1. Study site descriptions

The research was conducted in the West Wolega Zone, located in western Ethiopia (Figure 1). This zone
consists of 23 districts, with 20 being rural and 3 urban administrations. Gimbi Town is the capital of the
zone. The West Wolega Zone situated between 9° 00’ N latitude and 35°14’E longitude, bordered by
Kelam Wolega Zone to the west, Benishangul Gumuz Region to the north, and East Wolega Zone to the
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east. It also adjoins Illu Abbaa Boora, Buno Bedele Zones, and Benishangul Gumuz to the southeast. The
surface area of the zone is 10,430.28 km?2. According to Hurni (1998), the agroecology of the West
Wolega Zone has been classified into three zones: lowland 19.1% (1100-1700 m), midland 78.4% (1701—
2200 m), and highland 2.5% (2201-2850 m). The zone exhibits monomodal rainfall patterns, with the
wet season occurring from June to September (Korecha & Barnston, 2007).

35°0'0"E 36°4'30"E
1 1

:G“I:IJOE 44“1:10}3 / }N\

129%'30'N
9°58'30'N

6°%'0"'N
1

o 20 40 80
Km

36°13'30"E 44°14'0"E

8954'0'N
8°54'0"N

Legend

Elevation (m)
- High - 2494

* Low: 695

West Wolega Zone Source: Adindan UTM_Zone_37N
Projection: Transverse_Mercator

[ OromiaRegion 9 20 %0 0 Linear Unit Meter (1.0)

5 T T
[ ]ediopia 35°0'0"E 36°4'30"E

Figure 1. Study area map

2.2.Sampling methods

Purposive and simple random sampling methods were used for this study. Primarily, the West Wolega
Zone was purposively selected because of its high coffee production potential, and no previous research
had been conducted. Secondly, simple random sampling was used to collect the GPS point of Coffea
arabica from the entire districts where coffee naturally grows.

2.3. Data Collection

Five hundred geographic coordinate points were collected from where C. arabica naturally occurs in the

west Wolega zone. To map the current land suitability, climate data averaged over 30 years (1970-2000)
was downloaded from WorldClim at 30 arc-second (~1 km2) spatial resolution. The database contains
19 bioclimatic variables. To predict in 2050 and 2070, variables from four GCMs in the Coupled Model
Intercomparison Project Phase (CMIP6) were used. These includes HadGEM3-GC31-LL, ACCESS-
CM2, INM-CM5-0, and the MRI-ESM2.

2.4.Modeling Approach and Model evaluation

The study used MaxEnt 3.4.4 to model C. arabica cultivation areas. In the Maxent model, we used
bioclimatic variables as environmental predictors, and coffee occurrence point as sample data. Out of the
477-coffee presence, 75% were assigned for model training, while the remaining 25% for model

243 |Page



23 International Symposium on Sustainable Water Resources Development: May 23-24/2025

validation. The model was run using 11 bioclimatic variables in 15 replicates for current and projected
climates in 2050 and 2070, considering moderate (SSP245), and very high (SSP585) emissions scenarios.

3. Result and Discussions
3.1. Model evaluation

The model performance for the current, 2050, and 2070 suitability models is displayed in Figures 2 (a-
e). The MaxEnt model consistently demonstrated accuracy and reliability, as reflected by the impressive
range of AUC values between 0.77 and 0.78. These values underscore the model's exceptional
performance in predicting the presence/absence of C. arabica distribution in various scenarios (Elith et
al., 2006). These results corroborate the findings by (Jayakody et al., 2024).
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Figure 2. The ROC curve for the current and predicted suitability of C. arabica in the study area
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3.2.Environmental variables contribution

Table 1 displays environmental variables entered in the Maxent for model simulation and their predicted
contributions under the climate change scenario. The maximum temperature of the warmest month and
the mean diurnal range temperature are among the temperature variables that had the higher predictive
contribution for the present and future coffee suitability models. Of the precipitation variable,
precipitation in the coldest quarter was the most significant factor for land suitability prediction. Overall,
temperature variables were a key factor in determining C. arabica cultivation suitability under all climate
change scenarios. This aligns with previous studies by Bunn et al. (2015) and Gomes et al. (2020)
documenting the importance of temperature in coffee distribution modeling.

Table 1: Estimates of bioclimatic variables' contributions to the Maxent model

Code Bioclimatic variables Percentage contribution

Current | 2050 2070

SSP245 | SSP585 | SSP245 | SSP585

BIO1 Annual Mean Temperature 0.7 4.1 7.8 2.9 4.1
B102 Mean Diurnal Range temperature 16.4 18.6 16.7 16.5 18.2
BIO3 Isothermality (B102/B107) (x100) 2.9 4.1 15 8.4 3.2
B104 Temperature Seasonality 4.3 9.1 10.2 9 9.6
BIO5 Max Temperature of Warmest Month | 34.3 13.3 14.9 18.4 15.9
BIO7 Temperature Annual Range 55 0.9 2 2.1 1.5
B109 Mean Temperature of Driest Quarter | 0.3 0.3 0.9 0.2 0.8
B1012 | Annual Precipitation 6.9 6.9 8.6 7.5 7
BIO14 Precipitation of Driest Month 13.7 14.9 15.3 13.2 14.3
BIO15 | Precipitation Seasonality 6.2 2.9 1.8 6.6 0.8
BIO19 | Precipitation of Coldest Quarter 8.8 24.9 20.3 15.2 24.6

3.3.Current and future suitability

Following prior research on the modeling of species distribution (Abebe et al., 2024; Zafirah et al., 2021),
we reclassified the suitability map into four suitability classes: <0.2 (unsuitable), 0.2-0.4 (low suitable),
0.4-0.6 (moderately suitable), and >0.6 (high suitable). The distributions of coffee are shown in Fig. 4a-
e. In the current suitability map (fig.4a), only 989.64 km? (9.5%) of the area is classified as high coffee
suitability, followed by 2743.90km? (26.3%) moderately suitable, 3069.62 km? (29.4%) low suitable, and
a high proportion 3627.98 km? (34.9%) of the study area falls under unsuitable. The model predictions
presented in Figure 4b-e for 2050 and 2070 revealed varying distributions in climatic suitability for coffee
cultivation. The results for all climate change scenarios indicated significant potential for land
transformation (Table 2). This result corroborate the findings of Davis et al. (2012).
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Figure. 3. Current and future climatic suitability for C. arabica cultivation in the West Wolega zone, Western
Ethiopia

Table 2 Coffee arabica suitability distribution under future climate change scenarios in the West Wolega
zone, Western Ethiopia

Period | Scenarios Land suitability area in square kilometers and percentage
Unsuitable Low suitable Moderate suitable High suitable
km? % km? % km? % km? %
2050 SSP245 3532.14 | 33.86 | 3143.23 | 30.13 | 2808.49 | 26.92 | 947.27 |9.08
SSP585 3659.93 | 35.09 | 2958.50 | 28.36 | 2862.66 | 27.44 | 950.05 |9.11
2070 SSP245 3491.86 | 33.48 | 3181.43 | 30.50 |2883.49 |27.64 |874.35 |8.38
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| |SSP585 3614.79 \34.65 \2946.69 \28.25 \2932.11 \28.11 \937.55 |8.99 |

3.4. Predicted suitability losses and gains

The predicted change in climate is likely to negatively impact the areas currently suitable for coffee
cultivation. In the 2050s, it was predicted the present suitability would be lost by 17.52%, 19.15%, and
21.78%, while it would be gained by 17.71%, and 20.58% under SSP245, and SSP585, respectively.
Conversely, it is suggested that 63.14%, and 57.64% of the area will remain stable under SSP245, and
SSP585, respectively (Fig. 5 a & b). The model projects that suitable areas could decline by 21.62%, and
24.26%, while it expects an increase of 20.76%, and 21.68% in suitable areas in 2070, under the SSP245,
and SSP585 scenarios, respectively. Furthermore, the projections suggest about 57.62%, and 54.06%, is
expected to remain unchanged by2070 under the SSP245, and SSP585 scenarios, respectively (Fig.5 ¢ &
d).
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Figure. 4. The predicted suitability changes for Coffea arabica cultivation under future climate change scenarios in
he West Wolega Zone, Western Ethiopia

3.5. Predicted change in total suitability areas

The land suitability area for coffee cultivation under current and future climate change scenarios are
shown in Figure 4. The logistic threshold values were used to reclassify the map into suitable and
unsuitable areas. The classification system denotes that values falling below the designated threshold are
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believed unsuitable, whereas values above the specified threshold signify potential suitability for C.
arabica cultivation (Merow et al., 2013). The land areas suitable for C. arabica cultivation could be
reduced in all projected climate change scenarios as compared to the currently suitability areas (Table 3).
The reduction in areas suitable for C. arabica cultivation has also been documented at both regional and
global levels (Bunn et al., 2015; Gruter et al., 2022).

Table: 3. Predicted total suitability changes in Coffea arabica cultivation compared to current areas in
the West Wolega zone, Western Ethiopia

Period Scenarios Total suitability area (km?) and % of land Total suitability change
Unsuitable Suitable
Km? % Km? % A (Km?) A (%)
Current Baseline 5135.98 49.25 5294.30 50.75 - -
2050 SSP245 5176.25 49.63 5254.03 50.37 -40.28 0.38
SSP585 5272.08 50.55 5158.20 49.45 -136.11 1.3
2070 SSP245 5300.55 50.82 5129.73 49.18 -164.58 1.57
SSP585 5313.75 50.95 5116.53 49.05 -177.77 1.7

4. Conclusions

The research employed a MaxEnt model to map the current land suitability and future dynamics for
Coffea arabica cultivation under climate change scenarios. The study used bioclimatic variables and
coffee presence data for the suitability model. Based on the MaxEnt output, approximately half of the
lands in the West Wolega Zone were identified as currently suitable for Coffea arabica cultivation. The
projected result revealed that while current coffee cultivation areas may see a significant decline in their
suitability, certain areas that were presently unsuitable for coffee cultivation will become suitable. In
addition, a decrease in the total land area appropriate for coffee cultivation has been detected across all
climate change scenarios in comparison to the current total land deemed suitable for coffee production.
This decline may affect both the quality and quantity of coffee production. Overall, the sustainability of
Coffea arabica cultivation is facing significant challenges in a substantial portion of the coffee-growing
areas within the west Wolega Zone. This highlights the need to prioritize the development and
implementation of effective adaptation and mitigation measures to ensure the long-term sustainability of
coffee cultivation in the face of evolving climatic conditions.
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Abstract

This paper establishes an analytical framework to explicate the delicate relationship between Ethiopia
and Egypt, centered on the influence of the Nile River. Historically, while pivotal for both nations, the
issue of the Nile River has been creating a complex interplay, rooted in their geographical connection.
The construction of Ethiopia's Grand Ethiopian Renaissance Dam (GERD) is a matter of “do or die” for
Ethiopia, while Egypt considers it as a threat. The disputes over water rights and management, still
underscore the need for innovative and more comprehensive analysis of this relationship, even though
this subject matter is not new. The framework examines several interrelated dimensions: the historical
context of Nile dependency, geopolitical dynamics influenced by national interests, socio-economic
impacts of water management on food security and development, environmental concerns exacerbated
by climate change, and the complexities of international legal frameworks governing transboundary
watercourses. By adopting this holistic approach, the article aims to foster a deeper understanding of the
Nile's role in shaping the interactions between Ethiopia and Egypt, while stimulating dialogue on
sustainable solutions that respect the rights and needs of both nations, without ignoring the rights of other
riparian countries. This initiative serves as a vital resource for the scientific community, in fostering
collaboration and cooperation among Nile Basin countries.

1. Introduction

The Nile River, an aquatic lifeline extending over 6,650 kilometers, not only holds the distinction of being
the world's longest river but also serves as a historical and contemporary nexus of existence, affluence,
and, regrettably, contention (Tikuye et al., 2023). For millennia, its perennial flow has intrinsically
intertwined the fates of the nations it traverses, with Ethiopia and Egypt standing as prime examples. This
link is described by a manifold and often strained interaction of historical precedence, intricate
geopolitical maneuvering, pressing socio-economic constraints, environmental vulnerabilities amplified
by climate change, and the relentlessly evolving framework of international water law (Kang, 2023). A
detailed comprehension of this complex relationship is not merely academic; it is vital for nurturing
sustainable development, promoting regional stability, and averting potential conflicts over diminishing
resources (Li, 2020; Korwa & Wambrauw, 2023).

This paper proposes a solid and multi-dimensional analytical framework specifically designed to
disentangle the diverse and often intermingled outfits that constitute the Ethiopian-Egyptian dynamics
concerning the Nile. The Nile River serves as the central organizing principle, guiding the exploration of
critical junctures where national aspirations intersect with the shared, yet often contested, responsibility
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for managing a vital and finite resource (Keon-Sang, 2016). This framework enables a deeper
understanding of the crucial considerations needed to map a sensible path toward collaborative
stewardship of the Nile's resources. It will examine the historical roots of the relationship, the competing
national interests at play, and the socio-economic inferences of water management decisions, the
escalating environmental challenges (Zhang et al, 2023), and the legal and institutional landscape
governing the river's use (Hung, 2023). Ultimately, this analysis aims to contribute to a more informed
dialogue and a more cooperative approach to managing this essential resource for the benefit of all
riparian nations and their future generations.

2. Material and Method
2.1. Historical context of Nile dependency

For millennia, the Nile has served as the very lifeblood of both Ethiopia and Egypt. It has been dictating
not only settlement patterns and agricultural practices but also significantly influencing the rise and fall
of civilizations across the region. Egyptian civilization, renowned for its monumental architectural
achievements, sophisticated social organization, and enduring cultural legacy, flourished along the fertile
banks of the Nile. The year-round floods provided rich silt deposits, enabling remarkable agricultural
productivity that sustained a large population and facilitated the development of a complex hierarchical
society, sophisticated irrigation systems, and loyal employment opportunities. The Nile was not just a
water source; it was the foundation of their entire world. These and other similar facts, but not mentioned
here, are undeniable.

Concurrently, the Ethiopian highlands, often referred to as the "water tower" of Northeast Africa,
constitute the primary source of approximately 85% of the Nile's water volume. The Blue Nile (Abay)
River, originating from Lake Tana in the Ethiopian highlands, contributes the majority of the Nile's flow,
particularly during the rainy season. This intrinsic geographical asymmetry, where one nation is the home
(source) for large proportion (85%) of the headwaters, and another depends on the downstream flow, has
placed the foundation for a complex relationship that continued to this day. Understanding this historical
fact of Nile, particularly the ingrained beliefs, cultural narratives, and economic practices associated with
it, is crucial for comprehending the current dynamics between the two nations.

The historical narrative is further complicated by colonial-era agreements, negotiated primarily by and
for European powers, which largely favored downstream states, particularly Egypt and Sudan, ignoring
totally the upstream home country of the river. These agreements, often made without the meaningful
participation or consent of upstream nations, granted downstream states disproportionate rights to the
Nile's waters, leaving upstream nations with limited say in the river's management and hindering their
ability to develop their own water resources for economic development. This legacy of colonial inequity
continues to shape the perceptions and positions of the riparian states, fueling resentment and mistrust,
and making it difficult to reach mutually agreeable solutions for the equitable and sustainable use of the
Nile. For example, the 1929 Nile Waters Agreement, though later revised, remains a contentious point,
as it granted Egypt a virtual veto power over upstream projects.
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The Nile River basin is shared by eleven riparian countries: Burundi, DR Congo, Egypt, Eritrea, Ethiopia,
Kenya, Rwanda, South Sudan, Sudan, Tanzania, and Uganda. Egypt and Sudan, as the two downstream
nations, have historically enjoyed preferential access to the Nile's water resources, often invoking
historical rights and treaties to justify their claims. They present the unfair agreements for all arguments.
This historical control, enshrined in agreements such as the 1929 and 1959 Nile Waters Agreements, has
become a major source of tension and resentment, particularly for upstream countries like Ethiopia, which
have long sought a more equitable and participatory distribution of the Nile's waters, pertinent to their
sovereign rights and developmental needs (Swain, 2018). The upstream nations maintain that those
outdated agreements have evolved significantly since the colonial era, which cannot work anymore in the
current situation, where only and only fairness and equity works in the modernized world. They add that
the principles of equitable and reasonable utilization, as well as the obligation not to cause significant
harm, should guide the management of transboundary water resources. The aspiration to overturn
perceived historical injustices and establish a more equitable framework for water sharing fuels much of
the present-day contestation and the drive for renegotiating existing agreements.

2.2. Geopolitical dynamics influenced by national interests

The Nile's geopolitical significance is utterly evident in the frequently conflicting national interests of
Egypt and Ethiopia. Egypt, with its vast and growing population concentrated along the narrow Nile
corridor, profoundly and undeniably needs the river for its agriculture, industry, domestic water supply,
hydroelectric power generation, and overall economic stability. As a result, Egypt has historically
prioritized its water security above nearly all other considerations, viewing unhindered access to the Nile's
(Sprinkler, 1997). This deeply ingrained view has extremely influenced its foreign policy, shaped its
interactions with upstream nations, and driven its efforts to maintain its historical dominance over the
Nile's resources. Egypt has historically been suspicious of any upstream developments that could
potentially reduce the flow of water reaching its territory, viewing such projects as existential threats to
its national security. That is the main reason why Egypt considers GERD as a threat.

In contrast, Ethiopia, possessing abundant, but historically underutilized water resources, a rapidly
growing population, and with ambitious development goals aimed at achieving middle-income status,
views the Nile (specifically the Blue Nile) as a critical resource for alleviating widespread poverty,
stimulating sustainable economic growth, and improving the living standards of its citizens (Tadesse,
2014). Ethiopia's developmental objectives hinge, in part, on harnessing the Nile's substantial hydropower
potential to generate electricity, power its industries, and provide energy access to its rural population, a
significant portion of which currently lives without electricity. Diversifying its energy mix and reducing
its dependence on imported fossil fuels is also a key priority for Ethiopia.

The construction of the Grand Ethiopian Renaissance Dam (GERD) on the Blue Nile, thus, represents a
watershed moment in the geopolitical landscape of the Nile Basin, dramatically intensifying the existing
tensions and long-standing mistrust between Egypt and Ethiopia. Egypt perceives the GERD as a
potential existential threat to its water security, fearing a significant reduction in water flow during the
filling and operation phases, particularly during prolonged periods of drought. Cairo worries that the dam
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could significantly impact its agricultural production, potentially leading to crop failures, reduced food
security, and economic losses.

On the other hand, Ethiopia perceives the GERD as a vital development project, essential for generating
clean and renewable electricity, promoting industrial growth, and fostering regional energy integration
by exporting electricity to neighboring countries (Getahun, 2020). Ethiopia maintains that the dam is
designed to operate without causing significant harm to downstream nations, emphasizing that it will
regulate the flow of the Blue Nile and potentially even benefit downstream countries by mitigating the
effects of floods and droughts. Ethiopia also reasons that the GERD is a symbol of its national pride and
its determination to overcome poverty and achieve self-sufficiency. This fundamental divergence in
national interests, rooted in differing perspectives on water security and developmental priorities,
underscores the urgent need for a more refined, evidence-based, and collaborative understanding of the
Nile's complex geopolitical implications. The GERD has become a focal point, embodying the broader
struggle for control and influence over the Nile's resources and highlighting the competing visions for the
future of the Nile Basin. Ethiopia further believes that all the riparian countries, including Egypt and
Sudan, can wisely utilize the water resource of the Nile if reasonable dialogues are at place.

2.3.Socio-economic impacts of water management on food security and development

Water management practices along the Nile River have deep socio-economic ramifications for Ethiopia
and Egypt, directly impacting food security, economic development, social well-being, and regional
stability. The availability and efficient management of the Nile's waters are indispensable for food
production. Egypt employs hundreds of thousands of people in the agriculture sector, which almost
entirely utilizes Nile River water. In Ethiopia, the GERD is projected to have a transformative impact on
the country's energy sector, significantly increasing electricity generation capacity, powering industrial
growth, attracting foreign investment, and improving access to electricity for millions of households,
particularly in rural areas where energy access is currently limited (Tadesse, 2014). Increased energy
production also has cascading effects, potentially boosting agricultural productivity through mechanized
irrigation, enabling the development of other sectors such as manufacturing and services, and improving
access to education and healthcare. The GERD is thus seen as a catalyst for broader socio-economic
development in Ethiopia.

A comprehensive understanding of the complex socio-economic impacts of water management is
therefore critical for safeguarding a sustainable balance between the often-competing needs of both
nations and ensuring equitable and sustainable development throughout the Nile Basin. This includes
carefully bearing in mind the potential impacts on vulnerable populations, promoting equitable access to
water resources, investing in water-efficient technologies and sustainable agricultural practices, and
reinforcing social safety nets to mitigate the adverse effects of potential water scarcity. Moreover,
fostering regional cooperation and trade could mitigate the impact of water scarcity by allowing countries
to specialize in agricultural production based on their comparative advantages, thereby reducing overall
water demand and promoting regional food security.
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2.4. Environmental concerns exacerbated by climate change

Climate change is posing increasingly severe environmental challenges to the entire Nile Basin,
exacerbating existing vulnerabilities related to water scarcity and creating new risks that threaten the
long-term sustainability of the region. These challenges include altered precipitation patterns, leading to
more frequent and intense droughts in some areas and more devastating floods in others; increased overall
water scarcity, threatening agricultural production, human livelihoods, and ecosystem health; reduced
water quality due to increased evaporation, higher salinity levels, and increased pollution from
agricultural runoff and industrial discharge (Conway, 2005). The impacts of climate change are likely to
disproportionately affect vulnerable populations.

Addressing these rising environmental concerns demands a collaborative, adaptive, and scientifically
informed approach to water management, one that explicitly incorporates climate change projections and
prioritizes the long-term ecological sustainability of the Nile's resources. This includes investing in
climate-resilient infrastructure, such as improved irrigation systems and flood control measures;
promoting water conservation practices in agriculture, industry, and domestic use; implementing
integrated water resources management (IWRM) strategies that consider the interconnectedness of water,
land, and ecosystems; strengthening regional cooperation on climate change adaptation and mitigation;
and investing in research and monitoring to better understand the impacts of climate change on the Nile
Basin. Failure to address these pressing environmental challenges effectively could lead to increased
competition for dwindling water resources, further exacerbating tensions between Ethiopia and Egypt
and potentially undermining regional stability. The long-term health of the Nile ecosystem, and the well-
being of the millions of people who depend on it, hinges on a commitment to sustainable water
management in the face of a changing climate. This requires meaningful collaboration of the two nations
in particular.

2.5. International legal frameworks governing transboundary watercourses

The intricate relationship between Ethiopia and Egypt, which is centered on the transboundary Nile River,
is further complicated by the complications of international legal frameworks governing shared water
resources. These frameworks present both opportunities for collaboration and potential avenues for
disagreement. The Nile Basin Initiative (NBI), established in 1999, serves as a vital platform for regional
cooperation, facilitating dialogue, data sharing, and joint decision-making on water management.
However, the NBI's effectiveness has been fragile by disagreements among member states, particularly
concerning the Cooperative Framework Agreement (CFA). Egypt and Sudan have declined to sign the
CFA due to concerns over water security and prior notification for projects.

The Convention on the Law of the Non-Navigational Uses of International Watercourses (CLNNUIW),
adopted by the UN General Assembly in 1997, offers a broader legal framework for transboundary water
management. It underlines principles such as equitable and reasonable utilization, the obligation not to
cause significant harm, and the duty to cooperate. However, the CLNNUIW has not achieved universal
ratification, and its interpretation and application remain subjects of debate. The absence of a universally
accepted legal framework, combined with inconsistencies in the interpretation and application of existing
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agreements, contributes to ongoing disputes and mistrust between Ethiopia and Egypt. This badly calls
for very close attention from Ethiopia’s side in particular. The diplomacy must be strong enough to shape
the complex nature of the international conventions, to the fair share of the country.

2.6. The Part that can be played by the Nile Basin Initiatives (NBI) (NBI, 2021)

The Nile Basin Initiative is an important organization involved in facilitating cross-border water
management and cooperation. It is a transitional partnership led by 10 Nile Basin countries, namely
Burundi, DR Congo, Egypt, Ethiopia, Kenya, Rwanda, South Sudan, Sudan, Tanzania, and Uganda, while
Eritrea participates as an observer. The institution was established quarter a century ago (1999) and is
guided by a shared vision objective.

The shared objective of NBI is to attain sustainable socio-economic development through equitable
utilization of, and benefit from, the common Nile Basin Water resources. Among the six goals, namely,
Water security, Energy security, Food security, Environmental, Climate change adaptation, and
Transboundary water governance, the Goal 6, Transboundary water governance, deals with the issue of
Transboundary water management.

With this institution as the driver, since 2007, fifteen Nile Days have been hosted, basing their goal on
sustainable use of water of Nile. The following table shows, the host countries till 2021.

Table 1 Nile day celebrations since 2007 in riparian member countries (Source: (NBI, 2021))

Year | Host country | City Theme

Enhanced Cooperation on the Nile for Peace and
2007 | Rwanda Kigali Prosperity

Land Degradation and Climate Change: Address Shared
2008 | Ethiopia Addis Ababa | Threats, Sustain Nile Basin Cooperation

United in Diversity by the River Nile — Our Heritage,
2009 | Burundi Bujumbura Source for Regional Cooperation
2010 | Uganda Kabale Nurturing 10 Years of Cooperation and Progress
2011 | DR Congo Goma All Together for Better Cooperation
2012 | Uganda Jinga Water, Energy, Food — Importance of Nile Cooperation

Land Degradation and Climate Change: Address Shared
2013 | Ethiopia Bahir Dar Threats, Sustain Nile Cooperation

Water and Energy: National Challenges, Transboundary
2014 | Uganda Kampala Solutions

Water and Improved Livelihoods — Opportunities in Nile
2015 | Sudan Khartoum Cooperation
2016 | Kenya Vihiga Nile Cooperation: Gateway to Regional Integration

Our Shared Nile - Source of Energy, Food and Water for
2017 | Tanzania Dar es Salam | All
2018 | Ethiopia Addis Ababa | The Nile: Shared River Collective Action
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2019 | Rwanda Kigali NBI@20: Stronger Together

2020 | Sudan Khartoum Joint Investments on the Nile for Regional Transformation
Rethinking Regional Investments in the Nile Basin

2021 | Uganda Kampala (virtual)

The Nile Day offers an opportunity for Basin populaces to come together to celebrate the benefits of Nile
cooperation and interchange experiences, opinions and ideas on topical issues related to the cooperative
management and development of the common Nile Basin water and related resources. The event is also
used by Member States to re-affirm their commitment to Nile Cooperation. This is in addition to
enhancing stakeholders’ appreciation of the importance of and commitment to Nile Cooperation while at
the same time increasing cognizance of the results and prominence of NBI. The Nile Day also provides
an opportunity to celebrate the rich and varied cultures which exist within the Nile Basin, with admiration
to cultural entertainment and traditional cuisine.

In addition, NBI convenes the Strategic Dialogue that brings together agents of NBI Partner States and
of Development Partners to deliberate the Nile cooperation. The discourse seeks to strengthen the Nile
cooperation through exploring options of institutional sustainability. The discussions reflect on the
evolving context of emerging issues, challenges, opportunities to map prospects for institutional growth
and sustainability. The strategic dialogue has been established as an instrumental forum in generating
ideas on institutional, technical as well as financial sustainability for the Nile cooperation. The meeting
is not a decision making body but a platform for scrutinizing issues and informing decisions of NBI
governance as well as the development partners of NBI. The first Strategic Dialogue was held in 2006
and has been held annually. Beginning 2019, the event has been fixed on the NBI calendar to always take
place on 23 February of every year, just a day after the Nile Day celebrations.

Unfortunately, in all these years, we can’t see Egypt hosting the Nile day, as can be observed from the
table. It shows that NBI has many assignments to do. Furthermore, we believe that Egypt should realize
the realistic mutual existence of the entire world. From Ethiopia’s side also, the current stand and
philosophy of the fair utilization of the Nile River should continue indefinitely for the years to come.

The elites of Ethiopia also assume more assignments regarding the dignity, the right to use the water
resources of the country as well as the equitable use of the water for downstream countries in general;
not just only Egypt and Sudan but also other countries. They can do a lot by extending the dialogue till
finally the real agreement is reached! The country, Ethiopia, is doing her best in all cases for negotiation
and equitable use of the water resources. The way GERD is completed is based on this philosophy of
Ethiopia.

3. Conclusions

A wide-ranging and multi-dimensional analytical framework is essential to understanding the complex
and deeply intertwined relationship between Ethiopia and Egypt, which revolves around the shared Nile
River. This setting should take into account the geopolitical dynamics driven by diverging national
interests and developmental aspirations, socio-economic impacts on food security, livelihoods, and
economic growth, ever-increasing environmental concerns exacerbated by the global climate crisis, and
the complex international legal frameworks governing transboundary watercourses. By embracing this
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holistic approach, the scientific community, policymakers, and stakeholders can foster a deeper
understanding of the Nile's pivotal role in shaping the interactions between Ethiopia and Egypt. This
understanding can encourage positive dialogue on sustainable solutions that equitably respect the rights
and developmental needs of both nations, as well as the interests of other riparian countries within the
Nile Basin. Ultimately, collaborative stewardship of the Nile is crucial for fostering regional stability,
economic prosperity, and environmental sustainability.

To settle the challenges surrounding the Nile River and the connection between Ethiopia and Egypt,
several recommendations can be made:

a) Reinforce Regional Cooperation through the Nile Basin Initiative: Invest in enhancing the NBI as a
platform for dialogue, data sharing, capacity building, and collaborative decision-making on
integrated water resources management. This is to mean encouraging greater participation from all
member states and promote a spirit of trust and cooperation.

b) Promote Legal Harmonization and Adherence to Fair International Principles: Encourage the
ratification and implementation of the CLNNUIW by all Nile Basin countries. This is facilitating
discussions aimed at aligning national policies with worldwide principles of equitable and reasonable
utilization and the obligation not to cause significant harm.

c) Invest in Research and Analysis: Supporting rigorous, independent research and analysis on the
socio-economic and environmental impacts of water management practices along the Nile Basin,
including the impacts of climate change. This deals with ensuring that research findings are widely
disseminated to inform policy decisions and promote evidence-based sustainable development. Also
conducting joint studies involving researchers from all riparian countries is vital to foster mutual
understanding and build trust.

d) Enhance Diplomatic Engagement and Conflict Resolution Mechanisms: Strengthen diplomatic
efforts, involving both regional and international actors, to address the underlying geopolitical
tensions between Ethiopia and Egypt. Foster open and transparent communication, build trust, and
develop effective conflict resolution mechanisms to address emerging disputes. Explore opportunities
for joint projects and investments that benefit both nations.

e) Promote Water-Efficient Technologies and Practices: Encourage the adoption of water-efficient
technologies and agricultural practices throughout the Nile Basin to reduce water demand and
enhance agricultural productivity. Invest in research and development of drought-resistant crops and
irrigation systems.

f) Foster Public Awareness and Education: Raise public awareness about the importance of sustainable
water management and the need for regional cooperation. Develop educational programs to promote
understanding of the Nile's complex ecosystem and the challenges facing the basin.
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Concluding Remark

Excellencies, Distringsidhed Guests, Invited Keynote Speaker Professor Paulin Coulibaly, McMaster
University, Canada; Paper Presenters and, Ladies and Gentlemen,

It's an honor to conclude the 23™ International Symposium on Sustainable Water Resources
Development, organized by Arba Minch University's Water Technology Institute and Water Resources
Research Center. With esteemed participants, including alumni and former staff, we've discussed various
topics through scholarly papers, panel discussions, and poster presentations. Collaboration is key to our
journey towards sustainable water management. We need qualified professionals, particularly engineers
and innovators, to achieve our goals. Our partnership must extend beyond borders to other academic
institutions. We seek your support in advancing our mission for the greater good.

Your excellences,

Ladies and gentlemen,

Certainly, the dimension of water politics cannot be overlooked, particularly in regions like the Horn of
Africa where water scarcity and competition over resources can lead to tensions. It's imperative that we
approach water management with knowledge, wisdom, and a commitment to peaceful solutions. As
pioneers in water technology, the responsibility falls on the Water Technology Institute and its alumni to
lead in this arena, ensuring the efficient and integrated use of water resources for sustainable development
and peace. This symposium has been a testament to our collective efforts, and | extend my gratitude to
all who have contributed, including the organizing committee, sponsors, and presenters. Your
contributions have been invaluable, and I look forward to continued collaboration in the future. With that,
| officially declare the 20th International Symposium on Sustainable Water Resources Development
closed. Safe travels to all.

Thank you,
Dr. Teklu Wegayehu Zara (Associate Professor), Delegate for Vice President for Research and

Community Services

261 |Page



23 International Symposium on Sustainable Water Resources Development: May 23-24/2025

Organizing Committee and Committee Members

Main Organizing Committee

Dr. Tamru Tesseme (Chairperson)
Dr. Elias Gebeyehu

Dr. Tekelu Wegayehu

Dr. Tesfaye Hailemariam

Mr. Abebe Temesgen

Mrs. Gizeshewerke Eshete

Transportation & Accommodation Sub Committee

Mrs. Gizeshewerke Eshete (Chairperson)
Mr. Aweke Genene

Mr. Andarge Alaro

Mr. Endale Seyoum

Mr. Yared Godene

Mr. Abaynehe (Warkawe)

Editorial and Publication Sub-Committee

Dr. Elias Gebeyehu (Chairperson)

Decoration & Stage Management Sub-
Committee

Ms. Nazerawi Samuel (Chairperson)
Mr. Yohanes Mehari

Mr. Aklilu Alemayehu

Mr. Yohannes Tadesse

Ms. Fikerte Seyoum

Mr. Melkamu Ateka

Mr. Endale Seyoum

Mr. Tigistu Yisihak

Program Arrangement, Communication,
Registration & Logistic

Mr. Behailu Hussen (Chairperson)
Mr. Muluneh Legesse

Mr. Esrael G/Silase

Mr. Assres Getenet

Mr. Daniel Getachew

Mr. Andarge Alaro

Mr. Ayalkie Belete

Mr. Tafesse Fintesa

Ms. Kidist Tadesse

Fund Raising & Finance Sub-Committee

Dr. Elias Gebeyehu (Chairperson)
Mr. Sufiyan Abdulmenan

Mr. Behailu Hussen

Mrs. Endalech Dea

Dr. Samuel Dagalo

Dr. Tamiru Paulos

Dr. Demelash Wendemeneh
Dr. Alemayehu Kassaye
Dr. Aschalew Chere

Dr. Sintayehu Yadete

Dr. Zelalem Abera

Dr. Tadesse Tujuba

Dr. Dagnachew Daniel

Dr. Yoseph Arba

262 |Page



23 International Symposium on Sustainable Water Resources Development: May 23-24/2025

Water Resources Research Center

The Water Resources Research Center (WRRC) at Arba Minch Water Technology Institute, Arba
Minch University (AMU) is a specialized research institution dedicated to addressing critical water
resource challenges through scientific research, innovation, and community engagement. The center
plays a vital role in advancing sustainable water management, conservation, and utilization practices.

Key Focus Areas:

1. Research & Innovation:

+ Conducts multidisciplinary studies on water resources, hydrology, renewable energy,
irrigation and drainage, Water Supply and Sanitation, Climate Change, Variability and
Impacts, and Emerging Issues.
+ Investigates solutions for water scarcity, pollution, and sustainable water use for
agricultural, hydropower and water supply.
2. Community & Stakeholder Engagement:

+ Works closely with local communities, government agencies, and NGOs to identify
water-related challenges and implement practical solutions.
+ Promotes participatory research to ensure relevance and applicability of findings.
3. Capacity Building & Training:
+ Provides training programs for students, researchers, and professionals in water resource
management.
+ Enhances technical expertise through workshops, seminars, and collaborative projects.
4. Policy Support & Advocacy:

+ Generates evidence-based research to inform water resource policies at regional and
national levels.
+ Advocates for sustainable water use and integrated water resource management (IWRM).
5. Technology & Infrastructure Development:

+ Explores modern technologies for water conservation, rainwater harvesting, and efficient
irrigation systems.
+ Supports infrastructure projects that improve water accessibility and quality.
Vision:

To be a leading hub of excellence in water resources research, fostering sustainable development and
resilience in water-stressed areas.

Mission:

To advance knowledge, innovation, and practical solutions in water resource management through
cutting-edge research, community partnerships, and policy influence. By bridging the gap between
academia and real-world water challenges, the WRRC at Arba Minch University contributes
ignificantly to Ethiopia’s water security and environmental sustainability efforts
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