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Abstract

Accurate actual evapotranspiration (ETa) data, alongside irrigated area maps, are important for
assessing temporal and spatial irrigation performance indicators, which are critical for improving
water resource monitoring, management, and sustainability. This study compared machine
learning algorithms on the Google Earth Engine platform (GEE) in irrigated area mapping,
customized the surface energy balance for land—-improved (SEBALI) model using high-resolution
land use/cover (LULC) data and implementation in Python, and evaluated the performance of a
small-scale irrigation scheme using remote sensing (RS) and ground truth data in northwestern
Ethiopia over two irrigation seasons. The study used Sentinel-1, Sentinel-2, and Landsat 8 satellite
data and European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis v5
(ERAJ5) climatic data as the main inputs. The accuracy of irrigated area mapping was evaluated
relative to the inputs and agroecology, and the accuracy was improved by incorporating monthly
SAR and vegetation index data. Random forest was a consistent classifier in different
agroecological zones and inputs. The Python version of the SEBALI model (SEBALIGEEpy) was
validated over croplands using publicly available AmeriFlux flux tower eddy covariance data. In
addition, the ETa from SEBALIGEEpy was compared with the ETa simulated using the Soil &
Water Assessment Tool Plus (SWAT+) model, which was calibrated with observed discharge, and
with the FAO’s remote-sensing based Water Productivity Open Access Portal (WaPOR). The
results show that SEBALIGEEpy provides more accurate evapotranspiration estimates with fewer
missing records and has the potential to be used for agricultural water management. Thus, the
performance indicators, including equity, adequacy, overall consumed ratio (OCR), and
productivity, were evaluated using SEBALIGEEpy results and ground truth data. The scheme
showed good equity, with coefficient of variation (CV) values of 1.90 and 1.63 for the two seasons,
alongside satisfactory water distribution among fields and within the field. The overall consumed
ratio (OCR) was 0.54 and 0.43 for the two seasons. The mean crop water productivity (CWP) of
wheat estimated from SEBALIGEEpy was 2.49 kg/m®, This study revealed the potential of using
remote sensing to evaluate irrigation performance and water productivity per field within small-

scale irrigation schemes.

Keywords: Google Earth Engine; Smallholder Irrigation; Machine Learning; Python; Remote
Sensing; SEBALIGEEpy



1. INTRODUCTION

1.1. Background

Reliable spatial and temporal information on irrigated area extent, consumptive use or actual
evapotranspiration (ETa), and water productivity (WP) is essential in agricultural water
management at the field and irrigation scheme levels (Foster et al., 2020; Modanesi et al., 2022;
Singh et al., 2020). However, direct measurement of ETa requires continuous updates, advanced
instrumentation, and methods and is extremely time-consuming and expensive. Estimating ETa
and WP is difficult since they are controlled by various climatic factors, human activities, and

watershed ecohydrological processes (Zhao et al., 2020).

Advances in remote sensing capabilities have helped researchers collect expensive and challenging
representative spatial and temporal data for watershed-scale modeling (Dile et al., 2018). It can be
coupled with the water-energy balance, allowing the estimation of irrigation volumes (Zappa et
al., 2021). It also enables accurate mapping of irrigated areas for precise water allocation,
improving our understanding of the water budget and improving crop and hydrological model
simulations (Chawla et al., 2020). Remote sensing methodologies are considered innovative tools
for monitoring irrigation schemes to improve land and water productivity amid the growing

competition for land and water resources (Chukalla et al., 2022).

Satellite-based ETa estimation approaches are based on solving the surface energy balance
equation with varying levels of complexity. The surface energy balance algorithm for land
(SEBAL) (Bastiaanssen et al., 1998a, 1998b), surface energy balance systems (SEBS) (Su, 2002),
two-source energy balance approach (TSEB) (Norman et al., 1995), mapping evapotranspiration
at high resolution and with internalized calibration (METRIC) (Allen et al., 2007), and simplified
surface energy balance (SSEB) (Senay et al., 2013, 2007) are among the most commonly used
algorithms. Among these models, SEBAL-improved (SEBALI) (Mhawej et al., 2020a, 2020b) is

the latest improvement over the most commonly used SEBAL and METRIC models.

The use of remote sensing data for hydrometeorological studies allows for a more distributed
representation of the catchment than the standard in situ network of sensors. Processing remote
sensing information over a large area and a wide range of temporal coverages requires considerable

computational time in the case of complex spatiotemporal analysis at fine resolution. For this



reason, the open-access GEE platform, which offers a wide range of preprocessed datasets from
various sources, can be used for this type of analysis (Gorelick et al., 2017). The GEE platform
has been used for a wide range of hydrological studies at the global and local levels, including
actual evapotranspiration estimation (Abunnasr et al., 2022; Allen et al., 2015; Jaafar et al., 2022;
Laipelt et al., 2021; Mhawej and Faour, 2020; Senay et al., 2022), irrigated area mapping (Deines
et al., 2019; Ketchum et al., 2020; Magidi et al., 2021; Zhang et al., 2022; Zurgani et al., 2021),
land use/land cover change analysis (Bathe and Patil, 2024; Biswas et al., 2023; Deng et al., 2019;
Farhan et al., 2024; Svoboda et al., 2022), irrigation performance assessment (Poudel et al., 2021),
drought monitoring (Bayissa et al., 2021, 2017; Khan et al., 2021), wetland mapping (Hird et al.,
2017; Long et al., 2021), flood monitoring (Liu et al., 2018), soil erosion assessment (Aldiansyah
and Wardani, 2024; Elnashar et al., 2021; Sentani et al., 2024; Sud et al., 2024; Wang and Zhao,
2020) and reservoir monitoring (Kansara et al., 2021).

The estimation of water productivity using remote sensing requires the estimation of crop yield
(Elshaikh et al., 2018). To estimate the crop yield across an irrigation scheme, the volume of
biomass produced and a detailed irrigated area map with the crops grown are necessary (Sawadogo
et al., 2020). Irrigated area mapping approaches have been developed in parallel with the
advancement of remote sensing technology in terms of radiometric, spatial, and spectral
resolutions and computing capabilities. The availability of synthetic aperture radar (SAR) data
offers new opportunities for irrigation monitoring by allowing observations under any weather
condition (Gao et al., 2018). Recent studies on irrigation mapping have focused on the synergistic

use of machine learning methods and high-resolution remote sensing data (Massari et al., 2021).

Platforms such as GEE increase the capabilities of scientific analysis and visualization of
geospatial datasets, addressing the challenges of big data analysis (Gorelick et al., 2017). Open-
access remote sensing data from GEE has a large collection of datasets for earth science and
satellite imagery, both current and historical, that can be used as a key tool for water use monitoring

in irrigated agriculture with weak in situ water use monitoring infrastructure.

This research aimed to evaluate the performance of machine learning algorithms for mapping
irrigated areas and customize the automated SEBALIGEE model using high-resolution land cover
data to enhance its performance for small agricultural fields in the Jedeb watershed. The

SEBALIGEE model was rewritten in Python to broaden its accessibility and facilitate integration



with existing libraries and tools. This study assessed the performance of the SEBALIGEE model
by comparing its estimates with the SWAT+ model calibrated with observed streamflow data from
the Jedeb watershed. The ETa estimates were also validated with eddy covariance (EC) data from
AmeriFlux sites over agricultural lands and compared with WaPOR data from the Koga irrigation
scheme. Furthermore, the performance of the Shumbrit irrigation scheme was assessed by

integrating remote sensing and in situ measurements.
1.2.  Statement of the Problem

Anthropogenic pressure and climate change affect water resource availability, demanding
efficiency of crop yield per unit of water consumed (Ghorbanpour et al., 2022; Malede et al.,
2022b). The performance of irrigation schemes in Ethiopia is far below expectations, as measured
by various relevant indicators, and schemes do not function at their optimal capacity (Agide et al.,
2016; Amede, 2015; Awulachew and Ayana, 2011; Gebul, 2021). Improving water management
requires assessing an irrigation scheme's performance using reliable and up-to-date information
about the land and water resources used in irrigated agricultural areas (Chukalla et al., 2022;
Zurgani et al., 2021). However, the majority of agricultural water use is usually not properly
monitored, or a limited assessment of irrigation water consumption is performed (Foster et al.,
2020).

Remote sensing is becoming a viable alternative for agricultural water management, offering
innovative solutions to enhance the efficiency and sustainability of irrigation practices in the digital
era (Bwambale et al., 2022; Ferreira et al., 2021; Manivasagam, 2024; Sawadogo et al., 2020).
However, the implementation of remote sensing-based methodologies faces several challenges,
including variations in the spatial and temporal resolutions of inputs, low accuracy due to cloud
cover, limitations in data processing expertise and computational resources, and a lack of in situ
irrigation water measurements for validation (Ajaz et al., 2019; Blatchford et al., 2020b; Gupta et
al., 2022). Additionally, monitoring smallholder irrigated areas using remote sensing is challenged
by the dynamic spatiotemporal patterns of sowing, harvesting, and irrigation application (Vogels
et al., 2020). Moreover, the performance of models for ETa estimation (a key component in
irrigation monitoring) varies on the basis of input data, model structure, and parameter estimation

methods, which is challenging to verify in fragmented smallholder-dominated areas with limited



data availability (Bai, 2023). These challenges underscore the need for innovative approaches to

overcome data limitations and improve irrigation monitoring in these areas.

GEE provides a scalable and low-cost solution to fill widespread gaps in monitoring irrigation
water use, bypassing the technical, socioeconomic, and political challenges that have constrained
in situ metering (Foster et al., 2020; Mhawej and Faour, 2020; Poudel et al., 2021). The GEE
platform overcomes the limitations of local computing infrastructure, making advanced remote
sensing and data analysis accessible (Amani et al., 2020). In Ethiopia, the GEE has been used for
various hydrological studies. For example, VVogels et al. (2020) quantified monthly irrigation water
consumption at the field level using MODIS evapotranspiration products in the Central Rift
Valley. Kansara et al. (2021) monitored water level changes by filling the Grand Ethiopian
Renaissance Dam (GERD) reservoir using Sentinel-1 SAR time-series data and classifying water
pixels from June 2017 to September 2020. Abebe et al. (2021) used the GEE platform to map land
use and land cover changes from 1986, employing a random forest algorithm for a holistic
environmental flow assessment at the Gumara River, Lake Tana subbasin. Despite these
advancements, research on applying GEE for small-scale irrigation scheme monitoring needs to
be explored.

1.3. Research Questions

On the basis of the problems stated, this study strived to answer the following research questions:

1. Which machine learning algorithm of the GEE is more accurate for mapping small-scale
irrigation in Ethiopian highlands?

2. How accurately does the SEBALI algorithm estimate actual evapotranspiration?

3. How capable is remote sensing for assessing the irrigation performance of a small-scale
irrigation scheme?

4. What are the spatial and temporal variations in the agricultural performance of small-scale

irrigation schemes in the Jedeb watershed?



1.4. Research Objectives

To address the problems mentioned in the previous research questions, the major goal of this
research is, therefore, to assess the potential of earth observation satellites for agricultural water

management in the data-scarce Upper Blue Nile highlands of Ethiopia.

The specific objectives of this study are as follows:
» To evaluate image classification algorithms in the GEE platform to map irrigated areas,

» To validate the SEBALI model's performance in estimating actual evapotranspiration on

irrigated croplands,

» To evaluate the spatiotemporal agricultural performance of a small-scale irrigation scheme.

1.5. Significance of the study

The findings of this study and the freely available code base will be important to policymakers,
irrigation managers, and researchers as a baseline by providing an irrigation extent mapping
methodology at a 10 m resolution that can be scaled up to a target area. Additionally, the automated
high-resolution ETa compatible with smallholder irrigation or any watershed for different
hydrological and agricultural water management applications can be extracted by simply providing
a boundary or extent of the area of interest. Moreover, this study has broadened the applicability
of the SEBALI model by rewriting it in Python, increasing its accessibility and facilitating
integration with other libraries and tools. The study also provided a framework to assess the
performance of a small-scale irrigation scheme with limited data availability using the GEE
platform, which is essential for sustainable land and water management, especially where field

data are too scarce.
1.6. Scope and Limitations of the Study

The scope of this study was limited to evapotranspiration modeling and performance assessment
of irrigation schemes in the Jedeb River watershed. This research is one of the first attempts to
operationalize the SEBALI model for assessing the irrigation performance of small-scale irrigation
schemes. While adapting the model and assessing irrigation performance, the study did not

consider the scheme's hydraulic aspects and service delivery. Hydrometeorological and spatial data
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were used in the Jedeb River watershed for hydrological modeling to evaluate the performance of
the SEBALI model in estimating ETa. This study was limited to evaluating the SEBALI model
from 2015/16 to 2021/2022 and monitoring irrigation performance for the 2021/22 and 2022/23
irrigation seasons. Additionally, the study was limited to the biophysical aspects, and a
socioeconomic performance assessment still needs to be performed. This is due to the availability

of Sentinel-2 satellite images, which are used as the major input in the modeling process.
1.7.  Structure of the Dissertation

This study investigated the use of remote sensing in agricultural water resource management in
the Jedeb watershed, Upper Blue Nile/Abbay River Basin of Ethiopia, a region critical for the
country's agricultural sustainability. This dissertation has been organized from chapters 1 to 5.

Chapter 1 introduces the topic and illustrates current research issues and the importance of remote
sensing in agricultural water management. It also presents the research questions, general and

specific objectives, significance, scope, and limitations of the study.

Chapter 2 reviews the relevant literature on remote sensing applications in Abbay/Upper Blue Nile
hydrology, machine learning algorithms for irrigated area mapping, the use of GEE and remote
sensing for actual evapotranspiration and water productivity, remote sensing-based irrigation
performance assessment, and the challenges of using remote sensing in hydrology and water

resource management.

Chapter 3 describes the study area, including location, topography, climate, hydrology, LULC,
soil, geological information, and irrigation development. It also discusses the data sources and
methods applied for irrigated area mapping, evapotranspiration modeling, and irrigation

performance assessment.
Chapter 4 presents the results and discussion for each objective of the study conducted.

Chapter 5 presents the conclusion and highlights the recommendations for further research.



2. LITERATURE REVIEW

2.1. Remote Sensing Applications in Upper Blue Nile Hydrology and Water

Management

The management of water resources requires continuous monitoring of the dynamics of water
availability, use, and vulnerability across different spatial and temporal dimensions (Alemu et al.,
2022; Chawla et al., 2020). However, water resource management is challenged by data scarcity
worldwide, especially in arid and high-altitude regions such as the Upper Blue Nile (UBN) Basin,
where in situ hydrometeorological monitoring networks are found in towns along main roads (Dile
et al., 2018). The UBN basin is vulnerable to extreme climatic conditions and faces increasing
pressure from the growing population projected to continue to expand significantly (Allam et al.,
2016; Seyoum, 2018). With increasing human activities in the basin and increasing water and land
demand for agriculture and industry, effective management is necessary (Salama et al., 2022). The
UBN basin is one of the most data-scarce basins, and the lack of long-term hydroclimatic data is
a major research challenge (Abera et al., 2017; Dile et al., 2018). This scarcity of ground
observation data poses a significant challenge for accurately assessing current water conditions
and conducting comprehensive planning, which includes predicting the future impacts of potential
developments and climate change (Worglul et al., 2017). As such, remote sensing data are

increasingly contributing, particularly in research studies.

Remote sensing plays a critical role in hydrological studies, particularly in inaccessible areas with
limited ground-based observations due to constraints in infrastructure and resources. It offers real-
time and cost-effective information, capturing the spatiotemporal dynamics of water balance
components (Chawla et al., 2020; Dile et al., 2020; Duan et al., 2021). A wealth of satellite
missions have been launched, offering datasets covering every geoscience sphere and providing
massive amounts of data for studying hydrology. The open-access availability of Landsat data
since 2008 has transformed hydrological analyses, enabling significantly large coverage and
higher-resolution studies and advancing scientific and practical advancements (Wulder et al.,
2022). The recent freely available high-resolution Sentinel 1 and 2 satellites have further increased
the application of remote sensing in hydrology, enabling smarter decisions and fostering water
sustainability (Sheffield et al., 2018; Zeng et al., 2023).



Remote sensing has been extensively utilized in various hydrological applications in the UBN
basin, including estimating rainfall amounts (Andualem et al., 2020; Ayehu et al., 2018; Bayissa
et al., 2017; Belete et al., 2020; Fenta et al., 2014; Taye et al., 2023), the LULCC (Assefa et al.,
2022; Dubeau et al., 2017; Teferi et al., 2010), ET modeling (Alemu et al., 2015a; Allam et al.,
2016), drought assessment (Bayissa et al., 2021, 2019, 2017; Taye et al., 2020), estimating aerosol
optical depth (Getachew et al., 2020), monitoring soil moisture (Ayehu et al., 2020), forecasting
floods (Gashu et al., 2023), estimating water quality (Ayana et al., 2015), assessing irrigation
performance (Bashe et al., 2023; Mekonnen et al., 2024), and planform change (Abebe and Mulat,
2021).

Performance evaluation of satellite rainfall products have been conducted at different scales,
including the Nile (eastern) basin level (Abdelmoneim et al., 2020; Abdelwares et al., 2020; Senay
et al., 2014); the UBN basin level (Bayissa et al., 2017; Sahlu et al., 2016); subbasin level,
including Lake Tana and South Gojjam (Malede et al., 2022a); and the watershed level, including
Gilgel Abay (Bitew and Gebremichael, 2011; Habib et al., 2014; Worqglul et al., 2018), Beles
(Worglul et al., 2018), Koga (Bitew and Gebremichael, 2011), and Ribb (Belete et al., 2020).
Notably, the Gilgel Abay watershed is the most studied watershed in the basin. Performance was
assessed using three methods: direct comparison with rain gauge observations (point to pixel or
area) (Ayehu et al., 2018; Malede et al., 2022a; Taye et al., 2023), integration into a hydrologic
model for rainfall-runoff simulation (Belayneh et al., 2020; Belete et al., 2020; Bitew and
Gebremichael, 2011; Lakew et al., 2020, 2017; Worglul et al., 2018), drought assessment models
(Bayissa et al., 2021, 2017), and machine learning methods (Alquraish and Khadr, 2021; Nourani
et al., 2021; Wegayehu and Muluneh, 2023). The easiest and most commonly used method is a

point-to-pixel or area approach.

Studies have indicated a predicted increase in agricultural and urban land and a decrease in natural
forest land throughout the UBN basin. The expansion of cultivated land and declines in woodland
coverage, urbanization, and deforestation have led to increased erosion, sedimentation, and
flooding, affecting water resource availability and socioeconomic development (Tekleab et al.,
2014; Woldesenbet et al., 2017). Changes in LULC have also altered the water balance, affecting
rainfall, evaporation, and runoff and influencing surface runoff generation and groundwater flow
(Leta et al., 2022; Malede et al., 2022c¢).



Remote sensing-based ET has been studied in the UBN basin (Alemu et al., 2015b, 2014; Allam
et al., 2016; Ayana and Srinivasan, 2019; Bastiaanssen et al., 2014; Blatchford et al., 2020a; Dile
etal., 2020; Hu and Mo, 2022; Nooni et al., 2019; Salama et al., 2022; Senay et al., 2009; Tegegne
etal., 2021; Zeng et al., 2022). Senay et al. (2009) studied the water balance dynamics in the Nile
basin using daily ET estimates using the VegET model. Alemu et al. (2014) used the operational
simplified surface energy balance (SSEBop) (Senay et al., 2013) and MODIS Global Terrestrial
Evapotranspiration (MOD16) (Mu et al., 2011) to characterize the variation in ET and investigate
its relationship with vegetation productivity in the Nile Basin for 2002-2011. Dile et al. (2020)
evaluated Advanced Very High-Resolution Radiometer (AVHRR) ET (Zhang et al., 2010) and
MOD16 ET estimates for hydrological applications using SWAT in ten mesoscale watersheds in
the UBN basin. Zeng et al. (2022) used Penman—Monteith-Leuning (PML) (Zhang et al., 2019)
and SSEBop products to study the contributions of natural factors and human activities to ET using
the random forest regressor (RFR) algorithm. The Global Land Evaporation Amsterdam Model
(GLEAM) ET product was also used to analyze spatiotemporal variations in ET over the Nile
Basin (Nooni et al., 2019). The products assessed have a temporal resolution of daily to decadal
and a spatial resolution of 30 m to 0.25° (27.8 km at the equator). Bashe et al. (2023) used the
surface energy balance algorithm for land (SEBAL) model to assess irrigation performance in the

Koga irrigation scheme.

Various methods have been employed to validate ETa estimates, including random forest
regression (Zeng et al., 2022), measurements from a lysimeter system (McNamara et al., 2021),
the Budyko curve (ET Budyko) as a reference (Weerasinghe et al., 2020), and water balance
models (Ayana and Srinivasan, 2019; Blatchford et al., 2020a; Dile et al., 2020; Weerasinghe et
al., 2020). Validation was also performed through comparisons with independent field
measurements (Tegegne et al., 2021) and FLUXNET data from other sites in the Nile basin (Nooni
et al., 2019). Scale mismatch, canopy heterogeneities, and measurement problems are identified
as causes of inconsistency (Blatchford et al. 2020). Compared with remote sensing ET products
such as MOD16 and SSEBop, simulated monthly ET (Ayana and Srinivasan 2019). The AVHRR
ET performed better than the MOD16 actual ET in replicating the SWAT-simulated actual ET
(Dile et al., 2020). PMLv2 and WaPORv2.1 were identified as the best-performing products
(McNamara et al., 2021). It is widely acknowledged that higher-resolution products generally

outperform coarser-resolution products (Weerasinghe et al., 2020).
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Soil moisture is crucial in the prediction of productivity and management of both rainfed and
irrigated agriculture, particularly in smallholder irrigation schemes (Sinshaw et al., 2020; Wu et
al., 2014). Water balance models can be integrated with soil information derived from satellite
images to monitor soil moisture with acceptable accuracy (Damtie et al., 2022). Soil moisture
assessment using remote sensing has been performed in the UBN basin using different approaches
and models (Abiy and Melesse, 2017; Ayehu et al., 2019; Damtie et al., 2022; Sinshaw et al.,
2020). Abiy and Melesse (2017) assessed the spatial and temporal changes in soil moisture in the
Lake Tana subbasin using downscaled GRACE data. The study suggested a general decrease in
soil moisture and groundwater storage over time. Ayehu et al. (2019) developed a residual soil
moisture prediction model using stepwise cluster analysis using a combination of Sentinel-1 SAR,
MODIS NDVI, and DEM data as input parameters. Sinshaw et al. (2020) used the SWAT
hydrological model along with Sentinel 2 satellite images and modified the normalized difference
water index (MNDWI) combined with the OPtical TRApezoid Model (OPTRAM) model to
estimate soil moisture. Damtie et al. (2022) used the water cloud model (WCM) model and

Sentinel 1A data to estimate soil moisture.
2.2.  Machine Learning Algorithms for Irrigated Area Mapping

Reliable information on the distribution of irrigated cultivated land is essential for grain yield
estimation, water resource management, and drought risk assessment and for enhancing medium-
to long-term land and water resource planning (Basukala et al., 2017; Ren et al., 2021; Xie and
Lark, 2021; Zhu et al., 2024). Official reports on irrigated areas are unreliable because of
inconsistent and inaccurate data collection methods and are often unavailable for public use (Ajaz
et al., 2019). In addition, reports are not updated periodically, as enormous costs and time are
required to enumerate irrigated land regularly (Massari et al., 2021). Satellite remote sensing is
considered among the most effective means of earth observation and comprehensive information

acquisition technology for mapping the extent of irrigation in an area (Xu et al., 2024).

Mapping small-scale irrigated agriculture in a complex landscape with fragmented cultivated plots
managed by smallholder farmers in places such as Ethiopia is challenging (Mohammedshum et
al., 2023; Vogels et al., 2019a). Doubts about the reliability of irrigated area mapping arise from

variations in accuracy resulting from the spectral signature overlap between irrigated and non-
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irrigated fields, methods, and datasets used for classification (Bwambale et al., 2022; Zhang et al.,
2022). Irrigated areas can be mapped using single date or time series images during crop growth.
Using a single date image is unreliable because it does not account for the spatial and temporal
variations in planting dates (Gao et al., 2018). Studies have shown that temporally dense time
series images improve classification accuracy (Demarez et al., 2019). The accuracy of mapping
with optical time series is reduced in high-altitude and mountainous areas with contrasting climates
because of high cloud cover (Demarez et al., 2019; Gao et al., 2018; Khatami et al., 2020). One
possible way to overcome this challenge is to use a fusion of SAR data capable of penetrating
clouds with optical imagery. The fusion of different datasets improved classification accuracy, as
demonstrated in earlier studies (Bazzi et al., 2021; Demarez et al., 2019; Pageot et al., 2020;
Zurgani etal., 2021). SAR is particularly important because of its sensitivity to changes in moisture
content and is not affected by weather conditions or illumination (Bazzi et al., 2021; Massari et
al., 2021; Modanesi et al., 2022). The use of vegetation indices, a combination of various
vegetation indices, and the incorporation of ancillary precipitation and slope data improved the
accuracy of irrigated area mapping (Abera et al., 2021; Deines et al., 2019; Magidi et al., 2021;
Xiang et al., 2019; Zurgani et al., 2021).

Advancements in cloud-based spatial data management systems such as the Google Earth Engine
(GEE) (Gorelick et al., 2017) have improved the speed and accuracy of irrigated area mapping
(Deines et al., 2019; Ketchum et al., 2020; Magidi et al., 2021; Xie and Lark, 2021; Zhang et al.,
2022; Zurgani et al., 2021). GEE allows rapid data processing without high-performance personal
computers or much data storage space (Ferreira et al., 2021). Despite the improvements and
widespread application of machine learning algorithms, conflicting results have been reported in
studies comparing classification methods (Maxwell et al., 2018; Modanesi et al., 2022), thereby
demanding a thorough evaluation of the accuracy and uncertainties of the classification algorithms.

Studies on mapping smallholder irrigated areas in many sub-Saharan African countries are limited
and often underestimate the actual extent of smallholder irrigation. A case in point is Ethiopia
(Chandrasekharan et al., 2021; Conlon et al., 2022; Mohammedshum et al., 2023; Vogels et al.,
2019a, 2019b; Yimer et al., 2024). Yimer et al. (2024) used Sentinel-1 time series to map irrigated
areas in the Bilate and Gumara watersheds using random forest classification. Abera et al. (2021)

used SAVI and NDVI to distinguish irrigated and non-irrigated croplands in the Lake Tana Basin.
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By applying the random forest (RF) algorithm and object-based image analysis using SPOT6
imagery, Vogels et al. (2019a) separated smallholder irrigation and large-scale irrigation in the
Central Rift Valley. The International Water Management Institute (IWMI) conducted country-
wide irrigated area mapping using Landsat 8, MODIS NDVI, CHIRPS precipitation, NDWI, and
slope (Chandrasekharan et al., 2021). The existing studies have used limited and inconsistent
algorithms, indices, and data sources. The accuracy of machine learning algorithms for mapping
irrigated areas has yet to be thoroughly examined for smallholder farms, particularly mountainous
areas. Therefore, it is necessary to evaluate the performance of machine learning classification
algorithms concerning the inputs and spatiotemporal variations (Basheer et al., 2022; Conlon et
al., 2022).

2.3.  Remote Sensing based Actual Evapotranspiration Estimation using the Google

Earth Engine Platform

Agricultural water management at the field and scheme levels requires spatiotemporal
quantification of consumptive water use or actual evapotranspiration (ETa) (Anapalli et al., 2019).
However, measuring ETa in the field is challenging because of the complex nature of the
phenomenon, which is influenced by several factors, such as climatic conditions, human activities,
and the ecohydrological processes of a watershed (Wanniarachchi and Sarukkalige, 2022).
Additionally, field measurements of ETa are costly and limited in spatial and temporal coverage.
Therefore, improving the practicality and accuracy of ETa estimation, such as via the use of
emerging remote sensing technologies, is vital for sustainable agricultural water management.
These enhancements ease water allocation in irrigation with reasonable accuracy and improve crop

and hydrological model simulations (Elshaikh et al., 2018; Zappa et al., 2021).

Recent developments in remote sensing have eased the estimation of ETa by overcoming the
limitations of expensive ground-based techniques and providing high-resolution spatial and
temporal data with extensive coverage (Abiodun et al., 2018; Elsayed et al., 2022). A considerable
number of evapotranspiration (ET) models have been developed to estimate ETa using remote
sensing imagery and the surface energy balance principle. However, these models require

extensive data storage and substantial computational resources (Mhawej and Faour, 2020).
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Google Earth Engine (GEE) has enabled the implementation of various evapotranspiration (ET)
models at high spatial and temporal resolutions. It achieves this goal by providing improved access
to global imagery, geophysical, and climate datasets, resulting in faster data processing through its
powerful computing resources and analysis tools (Gorelick et al., 2017; Pan et al., 2023). Different
evapotranspiration models have been applied using the GEE platform (Abunnasr et al., 2022; Allen
et al., 2015; Jaafar et al., 2022; Laipelt et al., 2021; Mhawej and Faour, 2020; Senay et al., 2022).

The accuracy of the ETa estimate is notably affected by the spatial resolution of the landcover
dataset used, as it is a key parameter in determining the values attributed to biophysical properties
(Abiodun et al., 2018; Fan et al., 2020). Higher-resolution landcover data allow a more detailed
and realistic representation of the distributions and characteristics of different landcover classes,
which in turn improves the estimation of ETa (Dile et al., 2020; Radeloff et al., 2024). Conversely,
low spatial resolution landcover datasets can introduce significant uncertainties in ETa estimation,
particularly for smallholder farmers and mountainous regions (Li et al., 2021). The MODIS land
cover dataset is not capable of discriminating agricultural land used for hot/cold pixel selection
because of subpixel heterogeneity, where a significant amount of sloping land is cultivated (Eggen
et al., 2016; Leroux et al., 2014). Thus, the use of a higher-resolution landcover dataset is critical

for accurately modeling agricultural water management in smallholder farming systems.
2.4.  Assessment of Irrigation Performance via Remote Sensing

Water scarcity in irrigation areas is a concern, particularly in sub-Saharan Africa, where the
combination of limited irrigation infrastructure and poor management contributes to inefficient
water use and low water productivity (Eshete et al., 2020; Gebul, 2021; Sawadogo et al., 2020;
Wamala et al., 2023). Only 18% of the irrigation projects in sub-Saharan Africa deliver over 75%
of their planned irrigated area (Higginbottom et al., 2021). Addressing water scarcity can be
achieved by improving irrigation efficiency, enabling more water available in fields to grow crops,
thereby increasing overall performance and productivity (Abera et al., 2019; Pereira et al., 2012).
Assessing the performance of existing irrigation systems is instrumental in realizing Sustainable
Development Goals (SDGs 1 and 2), which state “end poverty in all its forms everywhere” and
“end hunger, achieve food security and improved nutrition, and promote sustainable agriculture”

(Poudel et al., 2021; Redicker et al., 2022).
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Ensuring the sustainability of irrigated agriculture requires a thorough assessment of irrigation
schemes' water management and increasing on-farm water use efficiency (Fernandez et al., 2020).
This involves employing reliable and cost-effective methods to evaluate their performance in terms
of irrigation service delivery and land and water resource use, as well as identifying areas for
necessary interventions (Elshaikh et al., 2018; Eshete et al., 2020). The traditional approach to
assess the performance of irrigation schemes relies on labor-intensive, costly, and time-consuming
data measurements from field campaigns subjected to interference from the local population.
Additionally, challenges arise from inadequate data quality and poor record-keeping systems
(Eshete et al., 2020; Fernandez et al., 2020; Mamba and Shongwe, 2022; Sawadogo et al., 2020;
Taghvaeian et al., 2018; Wamala et al., 2023).

Remote sensing data have been increasingly used as a cost-effective method for assessing
irrigation performance globally (Ahadi et al., 2013; Ahmad et al., 2009; Akhtar et al., 2018; Awan
et al., 2011; Bashe et al., 2023; Bastiaanssen and Bos, 1999; Chukalla et al., 2022; Karimi et al.,
2019; Santos et al., 2010; Zwart and Leclert, 2010). Remote sensing offers an efficient means of
evaluating irrigation performance, providing comprehensive spatial and temporal coverage, which
is particularly beneficial for data-scarce regions such as Sub-Saharan Africa (Blatchford et al.,
2020b). Remote sensing data, combined with little ground-based information, can provide valuable
insights into the functioning of irrigation systems, identify areas of inferior performance, and guide

improvements in water management practices (FAO and World Bank, 2022; Karatas et al., 2009).

In Ethiopia, efforts have been made to assess the performance of smallholder irrigation systems,
mainly focusing on operational performance, such as the hydraulic performance of these schemes,
through direct field measurements (Abera et al., 2019; Alemie et al., 2023; Awulachew and Ayana,
2011; Ayele et al., 2021; Haileslassie et al., 2016). However, the potential of remote sensing data
for performance studies for evaluating small-scale irrigation schemes remains largely unexplored,
with only a limited exploration of this approach (Bashe et al., 2023; Blatchford et al., 2020b).
Remote sensing products, such as the FAO database to monitor water productivity through open
access remotely sensed derived data (WaPOR), have been applied to analyze water productivity
and performance assessment in irrigation schemes (Chukalla et al., 2022). However, the widely
available WaPOR datasets at resolutions of 100 m and 250 m cannot capture irrigation variability

and heterogeneity in the small-scale fields that dominate African agriculture. These datasets are
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not recommended for plots smaller than 2 ha (Blatchford et al., 2020b). Thus, alternative high-
resolution remote sensing ETa estimation methods are needed to assess the performance of
fragmented small-scale irrigation fields. In addition, such assessment efforts require considering
the infrastructure requirements for time series analysis, such as data storage and processing power,

posing significant challenges.

2.5. Challenges of Using Remote Sensing Data in Hydrology and Water

Management

Even though remote sensing is a desirable alternative to data-scarce regions such as the UBN basin,
it faces several challenges. The absence of in situ data is needed for the validation and calibration
of remote sensing estimates (Agutu et al., 2019; Seyoum, 2018). Additionally, there is a shortage
of high-quality ground weather data (Wegayehu and Muluneh, 2023), resulting in inaccurate
satellite precipitation estimation (Taye et al., 2023) and inaccessible scant in situ observations in
high mountainous terrain (Bartsotas et al., 2018; Bayissa et al., 2021). Furthermore, there is limited
availability of direct observations of data such as ET across Africa (Weerasinghe et al., 2020). The
discontinuity of ground data due to topography and conflict limits the accuracy and consistency of

measurements in remote areas (Belayneh et al., 2020).

Remote sensing data usage encounters various challenges, including limited spatial and temporal
resolution, susceptibility to atmospheric interference, and the inability to penetrate dense cloud
cover. These issues are further compounded by difficulties in detecting small-scale features, sensor
inherent limitations, and distinguishing between land cover types with similar signatures. (Tamiru
and Wagari, 2022; Tesfaye et al., 2023). Mixed land use can introduce inaccuracies in remote
sensing data (Gumindoga et al., 2014). Measuring subsurface features and processes is another
challenge (Agutu et al., 2019; Khaki and Awange, 2020). Remote sensing struggles with real-time
data capture and penetrating dense vegetation, as highlighted by Anteneh et al. (2022) and Duguma
& Duguma (2022). It cannot measure certain atmospheric variables, such as humidity and surface
and subsurface runoff (Abera et al., 2017). The limited spatial resolution also affects measurement
precision and the capability to provide detailed information on water quality or composition
(Kansara et al., 2021). Near real-time monitoring is also hampered by limited spatial and temporal

resolutions (Bayissa et al., 2021).
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Expertise in remote sensing data interpretation and analysis is essential (Leta et al., 2022), but the
interpretation of complex features poses difficulties, potentially leading to errors and inaccuracies
(Andualem and Demeke, 2019; Duguma and Duguma, 2022). The acquisition and processing of
high-resolution imagery is costly and time-consuming (Mekonnen et al., 2018). The limited
availability of satellite images for certain periods and reliance on combining different data sources
for analysis are additional challenges (Bewket, 2002). Some products suffer from minimal

temporal coverage (Weerasinghe et al., 2020).

Uncertainties in sensor-derived parameters and a scale mismatch between remote sensing and
ground measurements are critical issues (Blatchford et al., 2020a; Dile et al., 2020). Reliance on
assumptions and parameterization in ET estimation methods for data interpretation introduces
uncertainties and measurement problems in heterogeneous landscapes (Alemu et al., 2014;
Blatchford et al., 2020a), and potential biases and uncertainties exist in satellite retrieval
algorithms (Abdelmoneim et al., 2020; Gebremichael et al., 2010). Consequently, the accuracy
and performance of remote sensing products vary across regions and seasons (Abera et al., 2016;
Ahmad et al., 2020).

Integrating remote sensing with in situ data in hydrological studies provides a more comprehensive
understanding of hydrological processes, enhancing the accuracy of models and improving the
spatial and temporal coverage of hydrological variables (Abera et al., 2016; Ahmed et al., 2011;
Ayehu et al., 2019; Lubczynski et al., 2024; Zou et al., 2017). Integration mechanisms include bias
correction, data fusion from various sources, machine learning, and statistical downscaling (Jiang
and Wang, 2019; Worglul et al., 2018). However, the challenges include data compatibility due to
differences in measurement techniques and formats, spatial and temporal mismatches, error
propagation and uncertainty, and the choice of suitable data integration approach and hydrological
model, which present additional research challenges (Ibrahim et al., 2024; Lakew, 2020).
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3. MATERIALS AND METHODS

3.1. Study Area Description
3.1.1. Location and topography

This study focused on the Jedeb watershed, which originates at 3936 m and extends to the Temcha
River at 1486 m above sea level. The watershed covers 867 km? across the Sinan, Machakel, Debre
Elias, and Gozamin districts of the East Gojjam Zone of the Amhara Regional State of Ethiopia
(Figure 3.1). The area of the watershed above the Yewula gauging stations is approximately 305
kmz. The Jedeb watershed is located around the northwest part of Debre Markos town and 302 km
from Addis Ababa. The upstream part of the watershed is characterized by mountainous and highly
separated terrain with steep slopes, whereas undulating topography and gentle slopes characterize

the central and downstream parts (Asrade et al., 2024; Getnet and Mulu, 2021).
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Figure 3-1. Location map of the Jedeb watershed with meteorological and hydrological

gauging stations

18



3.1.2. Climate and hydrology

The climate of the Jedeb watershed belongs to the subtropical climate regime characterized by a
highly uneven seasonal precipitation distribution (Figure 2.2). The area includes all traditionally
classified agroecological zones: “wurch”, “dega”, and “woyna dega”. The area has three distinct
seasons: the main rainy season, “Kiremit” (June--September), the dry spell “Bega” (October--
February), and a short rainy period, “Belg” (March-May). The main rainy season, from June to
September, accounts for more than 75% of the annual rainfall. The two rainy seasons in the region,
the small Belg rains in spring and the main kiremt rains in summer have significant implications
for agriculture (Ademe et al., 2021). The area's long-term mean annual minimum and maximum
temperatures are 10.44°C and 24.27°C, respectively. The long-term mean annual rainfall of the
watershed is 1371 mm, and the mean annual discharge in the Jedeb catchment is 7.9 m®/s (Tekleab
etal., 2015).
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3.1.3. Land Use and Land Cover

The Jedeb watershed comprises mainly rainfed crops (43.84%) and rangeland (38.61%), with
forests covering 8.49% and irrigated land covering 5.74% of the watershed. Bare land covers
2.51%, built-up areas cover 0.74%, and water bodies cover only 0.07% (Mekonnen et al., 2024).
The watershed faces severe land degradation problems, such as overgrazing, deforestation, climate

variability, and unsustainable agricultural practices (Getnet and Mulu, 2021).
3.1.4. Soil and geological information

The major soil types in the Jedeb watershed are luvisols, nitosols, and vertisols. Chromic vertisols
cover 319 kmz (36.76%), followed by pellic vertisols cover 264 kmz2 (30.48%), eutric nitisols cover
163 km? (18.81%), and chromic luvisols cover 92 km? (10.62%). The less common soils include
leptosols 16 km?2 (1.79%) and chromic cambisols 9 km? (0.98%) (Figure 2.3). The soil textures
primarily consist of loam (84.85%), clay (5.12%), and sandy loam (10.03%) (Asrade et al., 2024).
The geological formations include Precambrian (0.12%), Cretaceous—Jurassic (14.64%), Tertiary
extrusive, and intrusive (85.24%) formations (Manderso et al., 2023).
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3.1.5. Irrigation development

Agriculture is predominantly crop-livestock mixed systems on small, independent farms
averaging 0.5 hectares, with farmers growing tef, maize, and wheat, supplemented by barley and
potato for local use (Simane et al., 2013). The area experiences intense land pressure due to an
increasing population and an agriculture-based economy entirely dependent on smallholder, low-
input—output agriculture (Ademe et al., 2021). Irrigation development is crucial for enhancing
agricultural productivity, reducing dependence on rain-fed farming, and contributing to poverty
alleviation (Amede, 2015; Awulachew et al., 2007). In the Jedeb watershed, seven small-scale
irrigation schemes have been built, and from December to May, potato, maize, onion, garlic,
cabbage, and wheat are produced using irrigation. (Table 2.1). The Shimburit small-scale irrigation
scheme is considered for the irrigation performance assessment study.

The Shimburit micro earth fill dam irrigation scheme was constructed on the Shimburit River, a
tributary of the Jedeb River at 10.38° N latitude and 37.40° E longitude northwest of Debre Markos
town at approximately 56 km in the Debre Elias district, East Gojjam zone of the Amhara Regional
State, Ethiopia (Figure 2). The scheme covers a total area of 425 ha and a command area of 270
ha and was designed for 25 years. The scheme was constructed in 2015 and benefits 780
households with parcel sizes ranging from 0.125 to 1 ha. The water supply to farmers is managed
by government development agents every seven days and controlled through water user
associations, and the irrigation method used by farmers is furrow. Over 88% of the irrigated area

was covered by wheat during the study period in the Shimburit irrigation scheme.

Table 3.1. Small-Scale Irrigation Schemes in the Jedeb Watershed

Location (Decimal Degree) Command Area
Scheme Name Structure
Latitude (N) | Longitude (E) (ha)
Afkira Weir 10.43 37.54 40
Jedeb 04 Weir 10.39 37.40 66
Yewula Weir 10.41 37.58 192
Kulech Weir 10.37 37.60 117
Atmina Weir 10.54 37.73 25
Wonka Weir 10.35 37.68 30
Shimburit Dam 10.38 37.37 325
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3.2. Data and Sources

Various spatial datasets have been utilized, including Sentinel 2 surface reflectance and Sentinel 1
SAR satellite images, Landsat 8 surface reflectance data, reanalysis data, digital elevation models,
surface reflectance data, land cover data, ground truth data, crop production data and hydroclimatic
data. The irrigated area classification was performed using Sentinel-2 multispectral and Sentinel-
1 SAR images available on the GEE platform. Sentinel-2 provides multispectral imagery in 13
spectral bands with a spatial resolution of 10-60 meters. A total of 31 atmospherically corrected
surface reflectance (Level 2A) scenes with cloud cover of less than 20% were used. To minimize
the impact of clouds further, median images were used to avoid clouds. All bands except the coastal
aerosol (band 1) were used in the classification process. The Sentinel-1 C-band Synthetic Aperture
Radar Ground Range Detected (SAR GRD), which is ortho-corrected, was used. Seventeen scenes
from a descending orbit, vertical transmit/vertical receive (VV), and vertical transmit/horizontal
receive (VH) polarizations were obtained during the irrigation season from November 2021 to
May 2021. The slope of an area significantly influences the accuracy of irrigation classification by
affecting the choice of irrigation methods, land development processes, design of irrigation
systems, plant adaptation, and drainage requirements (Hagos et al., 2022). Irrigated land is
generally flat and uses furrow irrigation from an earthen dam, weir diversion, and pumps. Thus,
the NASADEM digital elevation model (DEM) (NASA JPL, 2020) was used to extract the slope.

The temporal relationships of rainfed and irrigated areas with rainfall patterns are significantly
different (Chandrasekharan et al., 2021). The accuracy of irrigation mapping is limited by the
amount of rainfall received during the irrigation season (Bwambale et al., 2022). Therefore,
Climate Hazards Group InfraRed Precipitation with Station (CHIRPS) (Funk et al., 2015) data,
which demonstrated better performance than alternative products at monthly and seasonal

timescales (Malede et al., 2022b), were used.

A field campaign to obtain the ground truth data was performed during the 2021/22 irrigation
season using the KoboCollect app (the mean accuracy of the GPS points collected was 4.3 m). In
data-poor locations, high-resolution PlanetScope quarterly composite base maps of the season
were used for additional training point generation (Planet Team, 2017). The Central Statistics

Agency’s religious institution’s location data were used to locate natural forests in the area. A total
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of 1,929 ground truth points were collected, and the distribution of samples for each class was

determined by area coverage and heterogeneity (Table 3.2).

Table 3.2. Definitions of land use and land cover (LULC) classes

Code Class Description Samples
1 Bare land Land with exposed soil, sand, or rocks 106
2 Built-up Settlements and other man-made structures 90
3 Rainfed Crop Farming areas that rely on rainfall for water 400
4 Forest Natural (church) forests, eucalyptus, and other plantations 353
5 Irrigated area g:ljﬁ]ppss fruit trees, and grasslands irrigated by river diversion and 425
6 Rangeland  Grazing fields with grass and scattered shrubs 532
7 Water Reservoir and river 23

Various spatial datasets, including Landsat 8 surface reflectance, reanalysis of climate data, digital
elevation model, surface reflectance, and land cover, have been utilized to automate
evapotranspiration estimation via SEBALIGEE and SEBALIGEEpy. Landsat 8 Operational Land
Imager (OLI) and Thermal Infrared Sensor (TIRS) atmospherically corrected surface reflectance
and land surface temperature image collection with the highest data quality available (Level 2 Tier
1) were used to derive the normalized difference vegetation index (NDV1), albedo, and leaf area
index (LAI).

The European Centre for Medium-Range Weather Forecasts Reanalysis v5 — Land (ERA5-Land)
provides high-resolution information on 50 surface variables from 1950 to the present (Mufioz-
Sabater et al., 2021). The monthly aggregate dewpoint temperature, surface temperature, and wind
speed at a spatial resolution of 0.1° (~10 km) were used. The 90-m Shuttle Radar Topographic
Mission (SRTM) version 4 digital elevation model (DEM) (Jarvis et al., 2008) was used to
calculate the altitude and slope for SEBALIGEE/SEBALIGEEpy and to generate hydrological
response units (HRUs) combined with land use and soil data in the SWAT+ model. The soil data
were collected from the Ministry of Water and Energy of Ethiopia and are based on the FAO soil
classification system (FAO-ISRIC, 1990). The daily Moderate Resolution Imaging
Spectroradiometer (MODIS) land surface reflectance (MOD09GAV061) dataset (Vermote and
Wolfe, 2021) at a 1 km resolution was used to estimate the mean monthly cloud cover, ranging

from O for cloudy areas to 1 for cloudless sky conditions, and to calculate sunshine hours. Another
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product of MODIS, the annual global land cover type (MCD12Q1v061) dataset with 500 m
resolution (Friedl and Sulla-Menashe, 2022), was used to identify agricultural lands for hot/cold
pixel identification in the SEBALIGEE model. However, the MCD12Q1 land cover with a single
pixel covering 2.5 ha is too coarse to capture the heterogeneity of small-scale agriculture, such as
Ethiopia, with an average farm size of 0.95 ha and approximately 40% less than 0.5 ha (FAO,
2016; Headey et al., 2014). Thus, the SEBALIGEEpy model utilizes high-resolution annual
dynamic world land cover data derived from Sentinel-2 satellite imagery using deep learning
(Brown et al., 2022), where a 10 m resolution is more likely to capture detailed variations among

fields for hot and cold pixel selection.

Using high-resolution land use data increases the accuracy of ETa estimation through better HRU
representation in hydrological models (Dile et al., 2020b). Therefore, a 10 m resolution landcover
with 90% overall accuracy and a kappa coefficient (agreement between the observed and classified
data indicating the reliability of the classified image) of 0.87, incorporating Sentinel 1 and 2
satellite imagery prepared using GEE using a random forest algorithm (Mekonnen et al., 2024a),
was used for the SWAT+ model. Additionally, the monthly ETa and decadal land cover
classification product with 30 m resolution from the FAO’s Water Productivity through Open
access of Remotely sensed derived datasets (WaPOR version 2.1) (FAO, 2020) were used for
comparison with the SEBALIGEEpy ETa of crops in the Koga irrigation scheme.

The SWAT+ hydrological model uses hydroclimatic data to simulate various water balance
processes. Daily meteorological data (rainfall, maximum and minimum temperatures, relative
humidity, sunshine hours, and wind speed) for 30 years (1992-2022) at the Debre Markos,
Dembecha, Debre Elias, and Rob Gebeya meteorological stations were used. The observed
discharge data (1994--2004) for Jedeb at the Yewula gauging station were used for calibration and
validation. Meteorological and discharge data were collected from the Ethiopian Meteorology
Institute (EMI) and the Ministry of Water and Energy (MoWE).

The FAO’s portal to monitor water productivity through open access remotely sensed derived data
(WaPOR version 2.1) covers Africa and the Near East regions in near-real time from 2009 until
the end of 2023 (FAO, 2020). WaPOR version 2.1 datasets are available at the continental scale
(Level 1 at 250 m), country scale (Level 2 at 100 m), and project level (Level 3 at 30 m). The
methodology used for computing the ETa of WaPOR is based on the ETLook method
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(Bastiaanssen et al., 2012). WaPOR v2.1 Level 3, given its higher spatial resolution than levels 1
and 2, is suitable for irrigation water management in smallholder areas. The WaPOR database
version 2 provides ETa, evaporation, transpiration, interception, net primary productivity, total
biomass production, gross and net biomass productivity, phenology, and land cover classification.

Point-based and distributed data were collected and estimated to assess the irrigation performance
of the Shimburit small-scale irrigation scheme. Remote sensing should be used alongside
traditional methods, such as in situ monitoring, for improved accuracy, with associated costs
considered by planners (Foster et al., 2020). The Shimburit design documents were collected from
the East Gojjam Zone Water Irrigation and Energy Office. Scheme-level assessments may not
accurately reflect the actual performance of an irrigation system at the field level, and comparisons
of ETa across an entire area, including both cropped and non-cropped areas, can be misleading
(Akhtar et al., 2018). Therefore, of the 518 wheat growers, 41 farmers with farm sizes larger than
0.30 ha who had grown wheat for two consecutive seasons (2021/22 and 2022/23) were selected
for field-level analysis. Thus, irrigated fields were delineated using the latest Google Earth Pro
high-resolution image with small-scale irrigation expert and global positioning system (GPS)
points collected with the Kobo Toolbox application using a smartphone. The daily discharge data,
crop growth data, growing season data, field size data, and harvested amounts were collected from
the Yegidad Kebele Agriculture Office.

Table 3.3. Summary of the datasets used

Dataset Spatial Resolution ~ Temporal Resolution Temporal Coverage  Dataset
Provider
Sentinel 2 10 m 5 days 03/2017 — to date ESA
Sentinel 1 10 m 6 days/12 days 2014 —to date ESA
CHIRPS 5km Daily 1981 — to date UCSB/CHG
WaPOR 30m Monthly FAO
EC Monthly 2017 — 2018 AmeriFlux
Discharge Monthly MoWE
Meteorology Daily 1992 — 2022 EMI
SRTMDEM 30m USGS
Landsat 8 30m 16 days 03/2013 — to date USGS
GPS points 2021/22 Field
Collection
Production 2021/22 — 2022/23 DA office
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3.3.  Comparison of GEE Machine Algorithms for Mapping Smallholder Irrigated
Areas

3.3.1. Image preprocessing and classification

Cloud masking was applied to the Sentinel-2 images using the quality assessment (QA60) band.
Temporal aggregation from satellite data over a certain period allows for effectively utilizing
multitemporal data for land cover mapping (Carrasco et al., 2019). Thus, the median Sentinel-2
image during the irrigation season was used. Principal component analysis (PCA) was applied to
reduce the dimensionality of the data and identify the directions of maximum variance to improve
the classification (Vidal et al., 2016). Studies have shown that spectral indices can effectively
capture the patterns of various crops and land uses (Abera et al., 2021; Demarez et al., 2019). The
monthly NDVI (Tucker, 1979) time series from November to May was calculated using the GEE
platform. The SAVI (Huete, 1988) is more accurate in identifying irrigated pixels (Abera et al.,
2021), as the NDVI1 is more affected by the shading and moisture content of the soil (Neale et al.,
2021). NDRE (Gitelson and Merzlyak, 1994) has been proven to be more helpful in optimizing
harvest times and capturing irrigation irregularities, as it is sensitive to foliar pigments (Jorge et
al., 2019; Pageot et al., 2020). NDWI (Gao, 1996) captures spatiotemporal patterns in surface
moisture status, reducing confusion between irrigated crops and non-irrigated fields (Ouattara et
al., 2020). Therefore, to get the most out of each index, a combination of monthly NDVI, SAVI,
NDRE, and NDWI was used in the irrigation season (Equations (3.1)—(3.4)).

__ PNIR—pRed

NDV] = ———— 3.1
PpNIR+pRed
SAV] = LNIR-pRed 3.2
PpNIR+pRed
NDRE = PNIR—pVRE 3.3
pNIR+pVRE

pGreen—pNIR

NDWI = 3.4

pGreen+pNIR

While Sentinel-1 GRD scenes in the GEE catalog have undergone thermal noise correction,
radiometric calibration, and terrain correction preprocessing steps, additional processing is
recommended for optimal use. This includes additional border noise correction, multi-look refined

Lee filter speckle filtering using a 5 x 5 kernel, and terrain normalization, as suggested by Mullissa
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et al. (2021). The mean of the irrigation season and monthly mean of VV and VH were also

prepared.

In recent years, machine learning algorithms have been widely used to map irrigated areas
(Ketchum et al., 2020; Magidi et al., 2021; Zurgani et al., 2021). The commonly used algorithms,
CART (Breiman et al., 1984), GTB (Friedman, 2001), RF (Breiman, 2001), and SVM (Cortes and
Vapnik, 1995) classifiers in the GEE, are used for the 2021/2022 irrigation season. CART is a
decision classification tree method that simplifies decision-making and regression analyses by
recursively separating nodes based on predetermined thresholds, dividing input data into subsets,
and generating trees using all but one of those subsets (Basheer et al., 2022). RF is an ensemble
classifier that uses multiple decision trees by sampling from the training dataset with replacement,
and at each tree node, a random subset of variables is tested to partition the data into more
homogeneous subsets on the basis of the variable yielding the highest increase in data purity. The
final classification is determined by a majority vote from all the trees, with the label assigned by
the majority of trees becoming the final result (Li et al., 2022). RF is widely used in irrigated area
mapping (Magidi et al., 2021; Mohammedshum et al., 2023; Mpakairi et al., 2023; Zurgani et al.,
2021). GTB involves the iterative combination of weak learner ensembles, gradually minimizing
the loss function to make stronger predictions (Biswas et al., 2023; Friedman, 2001). The SVM
classifier generates an optimal hyperplane that separates multiple classes and focuses exclusively
on the training samples closest in the feature space to the optimal boundary between the classes
(Maxwell et al., 2018). For this study, the linear kernel of the SVM classifier was found to be

accurate.

Variable importance scores are used to identify important input variables to capture irrigation
patterns accurately over time and space (Xu et al., 2019). The variable importance score was
calculated for the GEE-supported variable importance calculation for the CART, GTB, and RF
algorithms. The relative importance score was calculated for the CART, GTB, and RF algorithms
via the built-in explain() function of GEE to understand how useful each feature is in predicting
the defined classes. The calculated importance scores are expressed as percentages for a better

comparison among different algorithms.

Four sets of images were used: the seasonal median of Sentinel-2 data referenced as “optical only”;

the seasonal median of Sentinel-2 data and the monthly vegetation indices referenced as “optical
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with vegetation indices”; the seasonal median of the optical and seasonal and monthly mean of
SAR data referenced as “optical and SAR”; and the optical, SAR and vegetation indices with
auxiliary data (mean rainfall and slope) referenced as “optical, SAR, vegetation indices and

auxiliary data”.

Each classification algorithm was evaluated in terms of overall accuracy (OA), the kappa
coefficient, the producer’s accuracy (PA), and the user’s accuracy (UA) (Congalton, 1991; Foody,
2002) (Equations (3.5-3.8)) calculated from a confusion matrix implemented in GEE. Each
classifier was trained with 70% and validated with 30% of the reference GCPs. To understand the
classifiers’ performance in different contexts, the accuracy was assessed across the two major
agroecological zones (“Dega” and “Woyna Dega”), where irrigation calendars vary slightly. The
parameters were adjusted to avoid overfitting until the difference between the training and

validation overall accuracies was less than 5%.

Number of Correctly Classified Samples

Overall Accuracy (OA) = 3.5

Number of Total Samples
Overall Acuuracy—Estimated Chance Agreement
kappa (k) = Y g 3.6
1-Estimated Chance Agreement
UA = Number of Correctly Classified Samples in each Class 3.7
- Number of Samples Classified to that Class '

Number of Correctly Classified Samples in each Class

PA = f y f p 38

" Number of Samples from Reference Data in each Class

3.4. Adapting the SEBALI Evapotranspiration Model for Smallholder Irrigation

Making the SEBALIGEE model, which was originally based on JavaScript and is available in
additional programming languages such as Python, can broaden its accessibility to a wider range
of users and applications. Python is one of the most popular programming languages widely used
in the hydrologic/atmospheric sciences and geospatial data analysis (Irving, 2019). On the other
hand, JavaScript-based GEE applications can be difficult to operationalize because of their
dependency on a specific development environment. Therefore, there is a significant advantage in
rewriting the SEBALIGEE JavaScript code in Python to increase the model's applicability within
the broader scientific community in water management. By providing SEBALIGEE in Python, the
maintenance effort required for the model can be significantly reduced, allowing easy
implementation of new processes using its extensive Python library designed for remote sensing

and hydrological analysis (Stacke and Hagemann, 2021). For example, the geemap package (Wu,
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2020) simplifies landcover mapping a dynamic world (Brown et al., 2022). Additionally, the GEE
Python API can be easily integrated with ArcGIS Pro and QGIS, as each software uses Python as

the scripting language.

In this study, we used corrected OpenET (Volk et al., 2023) eddy covariance flux tower ETa data
over agricultural lands and recent records (2017--2018) to evaluate the performance of
SEBALIGEEpy (Table 3.4). The calculated footprint area for each eddy covariance flux tower
after Chu et al. (2021) was used to extract the ETa from the SEBALIGEE and SEBALIGEEpy

results for comparison.

Table 3.4. Description of the eddy covariance flux tower sites used

Site ID Lat Long Records Climate DOI

US-Bil  38.0992  -121.4993 01/2017-12/2018 Csa 10.17190/AMF/1480317
US-Bi2  38.1091 -121.5351 05/2017-12/2028 Csa 10.17190/AMF/1419513
US-Ro5 44.6910  -93.0576 03/2017-12/2018 Dfa 10.17190/AMF/1419508
US-Ro6  44.6946 -93.0578 03/2017-12/2018 Dfa 10.17190/AMF/1419509

Csa stands for Mediterranean, mild with a dry, hot summer, and Dfa stands for Humid Continental:

humid with severe winter, no dry season, and hot summer.

SEBALIGEEpy results were compared with the water balance ETa from the SWAT+ model in the
Jedeb watershed and remote sensing-based WaPOR level 3 ETa data in the Koga irrigation
scheme. This comparison was performed over seven irrigation seasons from 2015/2016 to
20201/22 in the Upper Blue Nile Basin, Ethiopia. The Koga irrigation scheme, which is located in
the Mecha district of the Amhara Region, is a large-scale irrigation scheme that supports
smallholder farmers and is geographically located between 11.33°N and 11.50°N (latitude) and
37.05°E and 37.15°E (longitude), with an average elevation of 1,980 m above sea level. The area
receives a mean annual rainfall of 1420 mm and an average temperature of 20°C (Yihune et al.,
2022). The irrigation scheme is supplied with water from the Koga dam, which has a storage
capacity of 83 million m3 and a reservoir surface area of 1750 ha. The Koga irrigation scheme has
a command area of 7000 ha, which is divided into 12 blocks. The main crops grown in the scheme
include wheat, potato, maize, cabbage, garlic, onion, and green peppers (Bashe et al., 2022;
Lewoyehu et al., 2023).
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3.4.1. SEBALI and SEBALIGEE ETa estimation

The surface energy balance for land-improved (SEBALI) model is an enhanced version of the
SEBAL model developed by Bastiaanssen et al. (1998a, 1998b) (1998) without soil-related inputs
(Mhawej et al., 2020a, 2020b). The main improvements in SEBALI over SEBAL include a
reduced number of inputs, automated selection of hot/cold pixels providing better internal
calibration, and the use of atmospherically corrected satellite images for the NDVI and albedo
(Mhawej et al., 2020a). SEBALLI uses the well-established surface energy equation, where the
latent heat flux as a proxy for ETa is calculated as a residual of net radiation (Rn), soil heat flux
(G), and sensible heat flux (H) (Equation 3.9).

AET = R, — G —H 3.9

The soil-related inputs of the SEBAL model are generally lacking in many countries around the
globe and are difficult to characterize from either modeling or remote sensing. Thus, SEBALI
eliminates the need for soil-related information, and these parameters via the water stress approach
to characterize vegetation moisture conditions and enables SEBALI to assess seasonal and annual
ET and biomass production (Allam et al., 2021; Mhawej et al., 2020a) (Equation 3.10).

Ws = £ 3.10

LE+H

where Ws is the water stress factor (Yuan et al., 2007), LE is the latent heat flux in W/m?

corresponding to the instantaneous ET, and H is the sensible heat flux (W/m?).

An enhancement in SEBALI compared with SEBAL involves adopting Hot/Cold pixel selection
specifically over agricultural regions, as suggested by the METRIC model (Allen et al., 2007),
resulting in improved internal calibration of the model (Mhawej et al., 2020a). The JavaScript-
based SEBALIGEE model uses a 500 m resolution MODIS land cover dataset and was calibrated

and validated in five countries using Eddy Covariance ET datasets (Mhawej and Faour, 2020).

3.4.2. SEBALIGEEpy model

This study made changes to the JavaScript SEBALIGEE model to improve its performance and
applicability. The model was translated to Python, and dynamic LULC (10 m resolution) (Brown

et al., 2022) was used as a source of land cover instead of the 500 m resolution MODIS land cover
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dataset, which represents a mix of different land cover types in heterogeneous areas, such as the
Ethiopian highlands. The MODIS land cover type (MCD12Q1) dataset could not discriminate
croplands due to subpixel heterogeneity in Sub-Saharan Africa (Leroux et al., 2014), and the ETa
results were too low and unrealistic in the Upper Blue Nile Basin when the SEBALIGEE model,
which uses MCD12Q1, was used. For example, in the Koga irrigation scheme, over seven
consecutive seasons, the maximum ETa is 35.04 mm/month for SEBALIGEE, 120.67 mm/month
for SEBALIGEEpy, and 99.31 mm/month for WaPOR, with mean seasonal ETa values of 114
mm, 542 mm, and 463 mm, respectively. The calendar python library is used to set the number of
dates in the month instead of filling in the number of dates for each month in the code. The code
can also be accessed and implemented using Google Colab without additional installation or by
adding the geemap package to ArcGIS Pro. The monthly outputs from SEBALIGEEpy include
ETa, albedo, NDVI, LST (Land Surface Temperature), LAI, and LULC which can be saved into

Google Drive or directly to a local disk.
3.4.3. SWAT+ hydrological model based ETa estimation

SWAT+ is an updated version of the widely used soil and water assessment tool (SWAT)
hydrological model that works as an extension of QGIS, offering a flexible spatial representation
of interactions and processes within a watershed (Bieger et al., 2017). Using soil, land cover, and
slope data, 86 unique HRUs (the smallest units used to calculate the hydrological properties of a
watershed) were generated using the dominant HRU method. The Penman—Monteith method
(Allen et al., 1998) was used to calculate reference evapotranspiration, and the Soil Conservation
Service (SCS) curve number (CN) method (NRCS, 2004) was used for surface runoff estimation.
The flow through the catchment area was routed using the Muskingum routing method (Gill,
1978). The SWAT+ model uses the water balance equation (Equation 3.11) to estimate the
hydrological processes of a catchment (Neitsch et al., 2011).

SW = SW, + Zji::l(Rday - qurf — ET, — Wseep — ng 3.11
where SW; represents the final soil moisture content, SWo represents the initial soil moisture
content, Raay represents precipitation on day 1, Qsurf represents Surface runoff on day i, ETa represents

evapotranspiration on day i, Wseep represents deep percolation and bypass flow exiting the soil

profile bottom on day i, and Qgw represents the amount of return flow on day i.
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The sensitivity analysis, calibration, and validation of the SWAT+ model (version 60.5.4) were
performed using the observed streamflow data with the SWAT+ Toolbox (version 1.0.5).
Parameter selection was based on sensitivity analysis using the Sobol method and the literature.
The percolation coefficient (perco), available water capacity of the soil layer (AWC), and SCS

runoff curve number (cn2) are the most sensitive parameters.

Table 3.5. List of calibrated parameters, their initial ranges, and fitted values for the SWAT+ model

Parameter  Description Change Min Max Fitted or
Type Adjustment
Value
perco Percolation coefficient Replace 0 1 0.98
awc Available water capacity of the Relative 0.01 1 +0.50
soil layer (mm_H20/mm) '
cn2 SCS runoff curve number Percentage 35 95 11%
bd Soil bulk density (mg/cm?®) Relative 0.9 2.5 +0.04
revap_min Threshold depth of water in the Relative 0 50 50
shallow aquifer (m) '
esco Soil evaporation compensation Replace 0 1 0.85
factor '
alpha Baseflow alpha factor (days) Relative 0 1 +0.03
k Saturated hydraulic Percentage  0.0001 2000 38%
conductivity (mm/hr) 0
cn3_swf  Pothole evaporation coefficient Replace 0 1 0.96
revap_co  Groundwater ‘revap’ Relative 0.02 0.2 +0.02
coefficient '

The model was calibrated with observed streamflow data from 1994--2001, and upon achieving
satisfactory agreement, it was validated for 2002--2004 using the same set of parameters. The
built-in objective functions in the SWAT+ toolbox Nash—Sutcliffe efficiency (Nash and Sutcliffe,
1970), percent bias (PBias), and root mean square error (RMSE) were used to evaluate model
performance. NSE quantifies the agreement between simulated and observed values, with 1
indicating perfect agreement and values < 0 suggesting that the observed average is a better
predictor than the model is by estimating the relative magnitude of residual variance compared
with the measured data variance (Dile et al., 2020). PBias measures the average bias of the

simulated values compared with the observed values, with positive values indicating
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overestimation, negative values indicating underestimation, and values closer to zero indicating
better model performance (Moriasi et al., 2007). The root mean square error (RMSE) is a common
metric in hydrology used to assess model performance by quantifying the average magnitude of
differences between simulated and observed values, with lower values indicating better agreement.
After calibration and validation with monthly streamflow data, the SWAT+ model demonstrated
good performance in simulating the observed streamflow. The model captured the general
streamflow pattern but overestimated the magnitude of the streamflow. Generally, the NSE values
during the calibration and validation periods exceeded 0.75, which is considered very good model
performance (Figure 3.4). Based on the SWAT+ results, the water balance is highly influenced by
ETa (628 mm), accounting for approximately 48% of the 1310 mm precipitation, whereas surface
runoff accounts for 19% (250 mm). This result is consistent with earlier research on the water
balance in the Abbay Basin, which revealed that ETa accounts for 49.50% of precipitation,

whereas surface runoff contributes 22.43% of precipitation to streamflow (Takele et al., 2022).

NSE =0.78 NSE =0.87
RMSE = 3.55 RMSE =3.01
PBias = 7.96 PBias = 15.94
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Figure 3.4. Observed and simulated streamflow of the Jedeb River at the Yewula gauging station
for the calibration (1994-2001) and validation (2002—-2004) period using the SWAT+ model.
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3.4.4. Validation of SEBALIGEEpy ETa estimates

The RMSE, mean absolute error (MAE), and coefficient of determination (R?) were used to
identify the systemic bias in the ETa datasets. R2 indicates the proportion of variance in observed
data explained by the model, ranging between 0 and 1, with higher values denoting less error, and
typically values above 0.5 show acceptable agreement between subject variables (Dile et al., 2020;
Moriasi et al., 2007). MAE measures the average absolute difference between the predicted and
actual values, which helps identify the accuracy and reliability of the model used (Angelini et al.,
2021). NSE and PBias are not used to evaluate ETa due to NSE sensitivity to large values caused
by the squared difference, and PBias is disproportionately influenced by a few outliers (Dile et al.,
2020; Gupta et al., 2009).

3.5.  Remote Sensing based Irrigation Performance Assessment

In three main steps, irrigation performance indicators are derived from the SEBALI
evapotranspiration model and field data. First, monthly reference evapotranspiration (ETo), actual
evapotranspiration (ETa), and water productivity (WP) were estimated using the SEBALIGEEpy
model. Second, the seasonal ETa, seasonal crop evapotranspiration (ETc), and seasonal
productivity are calculated from monthly layers between the start of the season (SOS) and the end
of the season (EOS). ETc is derived from reference evapotranspiration (ETo) and the crop
coefficient (Kc) of wheat, which was predominantly grown during the 2021/22 and 2022/23
irrigation seasons. Finally, the irrigation performance indicators are analyzed by integrating
CHIRPS satellite precipitation data, SEBALI seasonal outputs, and ground-based harvest index

and discharge data.

Several performance indicators have been developed to quantify irrigation performance using
satellite remote sensing that can be applied across different scales, with input data requirements
varying on the basis of the scale and complexity of the assessment (Bashe et al., 2023; Chukalla
et al., 2022; Wamala et al., 2023). In this study, adequacy (relative evapotranspiration, relative
water supply), equity (CV of evapotranspiration), the depleted fraction, the overall consumed ratio,
and productivity (production per hectare and crop water productivity) were employed. These
performance indicators were selected based on data availability and are further explained below.

Indicators that involve water volume recorded at the scheme level include the overall consumed
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ratio (OCR), depleted fraction (DF), and relative water supply (RWS), along with adequacy,

equity, and productivity assessed at the field level.

The adequacy indicator serves to quantify the sufficiency of water delivery to a designated
command area, meeting the specified requirements, evaluating the reduction in ETa, and
representing the degree of agreement between actual water use and crop water requirement (CWR)
(Akhtar et al., 2018; Wamala et al., 2023). Relative evapotranspiration (RET) and relative water
supply (RWS) were used to evaluate adequacy. These indicators were selected based on the ease
of data collection and the applicability of remote sensing data.

RET is a seasonal ETa ratio to ETo (Equation 3.12) applied to identify regions experiencing crop
stress and water shortages throughout the irrigation season (Poudel et al., 2021). Adequacy is
categorized as good for the range of 0.8 < RET < 1, acceptable for the range of 0.68 < RET < 0.8,
and poor for RET < 0.68 (Akhtar et al., 2018; Karimi et al., 2019).

RET = 3.12

ET,

The RWS was used as an indicator of the adequacy of irrigation water delivery, comparing the
supplied water with crop water demand, indicating whether there is enough irrigation water supply
or not (Alemie et al., 2023; Usman et al., 2020). The RWS assesses the delivery performance of

irrigation water and is estimated as follows (Equation 5.13):

Ve+Pyg
ET,

RWS = 3.13

RWS represents the relative water supply, V¢ represents the volume of irrigation delivered (mm),
and Pg represents the gross precipitation amount. The performance is classified as inadequate or
water-stressed if the RWS is less than 0.9, optimal if the RWS falls between 0.9 and 1.2, and excess
if the RWS exceeds 1.2 (Haj-Amor et al., 2018).

Equity in irrigation water distribution is a crucial aspect of irrigation management that assesses the
evenness of consumption among fields or users within an irrigation scheme (Chukalla et al., 2022;
Elnmer et al., 2018; Kharrou et al., 2013). Equity is classified as good when the coefficient of
variation (CV) ranges from 0 to 10%, fair from 10 to 25%, and poor when it exceeds 25%
(Chukalla et al., 2022; Karimi et al., 2019).
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The depleted fraction serves as an indicator for assessing the gross water balance of irrigable areas,
reflecting variations in actual water utilization by crops and quantifying disparities in the water
balance across the study area (Karatas et al., 2009; Sawadogo et al., 2020). The depleted fraction
quantifies the amount of water lost during transportation or due to low application efficiency
(Awan et al., 2011). It is estimated as follows (Equation 3.14):

DF = ETq,

Pg + V¢

3.14

where DF is the depleted fraction, Pg is the gross rainfall (mm), and Vc is the volume of irrigation
delivered (mm). The irrigation supply data for the main canal were used. The acceptable range for
the DF varies from 0.6 to 1.1 (Bastiaanssen et al., 2001), whereas the critical value falls between
0.5and 0.7 (Bashe et al., 2023).

The overall consumed ratio (OCR) is a performance indicator used to assess the efficiency of
irrigation systems that quantifies the degree to which crop irrigation requirements are met (Abera
et al., 2019; Bastiaanssen et al., 2001). The OCR is calculated as follows (Equation 3.15):

ETc—Pe

OCR = 3.15

where OCR is the overall consumed ratio, ETc is the crop evapotranspiration, Pe is the effective
precipitation, and V¢ is the volume of water supplied to the command area in mm. The effective
rainfall was calculated using the U.S. Department of Agriculture's Soil Conservation Service
formula. The amount of water supplied to the command area (Vc) was measured by the float
method at the outlet of the Shimburit dam. If the OCR values are >1, the scheme has a deficit to
meet CWR and excess water is released if the OCR is <1 (Abera et al., 2019).

Land productivity (LP) is defined as biomass production or actual crop yield per unit of land
(Chukalla et al., 2022), whereas water productivity (WP) is described as the gain in biomass or
marketable crop yield during the growing season per unit of water used by the crop through
evapotranspiration (Bastiaanssen and Bos, 1999; Fernandez, 2023; Fernandez et al., 2020). Water
productivity is estimated using SEBALIGEE, an open-source system that uses the Google Earth
Engine to estimate evapotranspiration rates, biomass production, and water productivity. Biomass
water productivity (WPb) is derived by dividing total biomass production by the amount of
irrigation water consumed or actual evapotranspiration (ETa), expressed in kg/m® (Safi et al.,
2023) (Equation 3.16).
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Biomass ProductionxHI
BW, = 3.16

ET,

The harvest index (HI), the harvested portion of the accumulated dry matter (Bastiaanssen and
Steduto, 2017) of wheat, is 0.3008 for the Kekeba variety in the area (Sewenet et al., 2021). The
results were compared with two-season land and water productivity data from 41 wheat fields

collected from the Kebele Agriculture Office following Islam et al. (2023) (Equation 3.17).

Crop yield (kg ha™1)
10XETgs

CWP = 3.17

The crop yield is defined as the harvested yield recorded, and the ETas is the evapotranspiration
from the start of the season (SOS) to the end of the season (EOS). The conversion factor, 1072,

converts ETa from mm to m® ha™%.
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4. RESULTS AND DISCUSSION

4.1.  Smallholder Irrigated Area Mapping using Google Earth Engine
4.1.1. Relative importance of inputs

The variable importance results revealed that, for the CART classifier, the top three key features
are the third principal component (pc3) (16.36%), followed by the blue band (B2) (11.08%), and
the NDVI in March (ndviMar) (10.18%) is of relative importance. For the GTB model, the NDRE
in December (ndreDec) was the most important with 7.38%, followed by the SAVI in January
(saviJan), with 7.18% and the pc3, with 6.93%. For the RF model, the most important feature was
the NDW!I in December (ndwiDec), with a value of 4.11%, followed by the NDRE in December
(ndreDec) and pc3, with values of 3.58% and 3.51%, respectively (Table 4.1). The full list of
importance values is presented in Figure 4.1.

Table 4.1. Top 15 important variables for the CART, GTB, and RF classifiers

CART GTB RF
Rank Bands Importance Bands Importance Bands Importance

(%) (%) (%)
1 pc3 16.36 ndreDec 7.38 ndwiDec 4.11
2 B2 11.08 saviJan 7.18 ndreDec 3.58
3 ndviMar 10.18 pc3 6.93 pc3 351
4 ndviMay 8.55 B5 6.29 B12 3.12
5 ndwiApr 8.44 B4 5.83 B3 2.98
6 ndreFeb 7.06 ndviNov 5.62 B2 2.80
7 B6 7.00 ndwiDec 5.02 B11 2.66
8 ndreDec 5.65 ndwiNov 3.54 ndwiJan 2.57
9 ndviNov 5.42 ndreMar 3.49 ndviDec 241
10 B12 4.40 B2 3.09 saviJan 2.30
11 VVmay 4.03 saviApr 3.07 saviApr 2.26
12 ndwiDec 3.97 VH 2.81 ndwiMar 2.16
13 saviJan 2.76 B11 2.67 ndwiNov 2.07
14 ndwiMar 2.06 B12 2.60 ndviNov 2.07
15 saviApr 1.81 ndviApr 2.15 B5 2.06
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Figure 4-1. Chart of RF algorithm variable importance.

4.1.2. Accuracy comparison among classifiers

The accuracy metrics (Table 4.3), derived from the error matrix presented in Table 4.2, indicate
that the RF algorithm performed the best, followed by the SVM, GTB, and CART algorithms,
which use optical, SAR, vegetation indices, and auxiliary data composites. PCA on Sentinel-2
optical bands resulted in significant improvements in the accuracy of classification. The first three
algorithms produced nearly similar maps representing the area well (Figure 4.2). The RF
classification algorithm had an OA of 0.89 and a kappa coefficient of 0.86, with both the UA and
PA for all LULC classes exceeding 0.80 except for the “built-up” class (PA = 0.74). The GTB
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classification also achieved an OA of 0.89 with a 0.86 kappa coefficient, and the UA and PA were
above 0.80 for all classes except “rangeland” (PA = 0.75). The SVM algorithm showed high
classification accuracy, with an OA and a kappa coefficient of 0.88 and 0.85, respectively. The
PAs for all classes were above 0.80 except for the “bare land” and “built-up” classes (0.78), and
the UA for all classes was above 0.80. The CART algorithm is the least accurate among the tested
algorithms, with an OA of 0.86. It also had a lower PA for “built-up” land (0.74) and a low UA
for “bare land” (0.60) (Table 3.4). In the “irrigated area” class (Figure 4.4), the PA of the RF,
SVM, and GTB algorithms was 0.91, whereas CART (0.82) performed the lowest. The UA is the
RF (0.95), followed by the GTB (0.92), SVM (0.91), and CART (0.90). The code generated to
classify irrigated areas can be used with minimum effort to modify them at small-scale or large-

scale levels.

Table 4.2. Confusion matrix of classification for the 2021/22 irrigation season

CART GTB
Class |1 3 4 5 6 7 Class |1 2 3 4 5 6 7
1 27 |0 2 0 1 2 0 1 26 |0 2 0 2 2 0
2 2 20 |5 0 |0 0 0 2 0 23 |3 0 0 1 0
3 6 1 100 |1 2 10 |0 3 2 1 100 | 2 3 12 |0
4 0O |0 |0 97 |0 6 0 4 0O |0 |O 89 |1 13 |0
5 5 0 1 6 104 |11 |0 5 2 0 1 5 107 |12 |0
6 5 0 |0 11 |8 136 | 0 6 0O |0 |4 9 0 147 | 0
7 0O |0 |0 0 |0 0 7 7 0O |0 |O 0 0 0 7

RF SVM
Class |1 2 |3 4 |5 6 7 Class |1 2 |3 4 |5 6 7
1 27 |0 1 0 |2 2 0 1 25 |0 1 0 5 1 0
2 0 22 | 4 0 |0 1 0 2 1 21 | 4 0 0 1 0
3 2 1 101 |1 |4 1 |0 3 2 1 103 | 2 2 10 |0
4 0O |0 |0 93 |1 9 0 4 0 |0 1 93 |3 6 0
5 2 0 1 5 114 |5 0 5 1 0 1 4 116 |5 0
6 0O |0 |3 9 2 146 | 0 6 0O |0 |4 11 |2 143 | 0
7 0O |0 |0 0 |0 0 7 7 0O |0 |O 0 0 0 7

The distribution of irrigated areas is uneven, where most of the irrigated land is in the middle-
altitude areas of the Debre Elias, Machakel, and Gozamin districts. Compared with other districts,
Senan District has limited irrigation activity, as the watershed area in the district is mountainous
and frosty afro alpine. Approximately half of the watershed’s total area is used for agriculture, and
5.7% is currently irrigated (Table 4.3).
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Table 4.3. Comparison of the accuracies of the classification algorithms used

ML Algorithm Class PA (%) UA (%) Area (ha) Weight (%)
1 0.84 0.60 8922 10.29
2 0.74 0.95 1433 1.65
CART 3 0.83 0.93 33036 38.08
OA (%) =0.85 4 0.94 0.84 7806 9.00
Kappa coefficient = 0.81 5 0.82 0.90 4477 5.16
6 0.85 0.82 31013 35.75
7 1.00 1.00 56 0.06
1 0.75 0.92 1460 1.68
2 0.89 0.96 821 0.95
GTB 3 0.85 0.91 39746 45.82
OA (%) =0.87 4 0.92 0.87 7936 9.15
Kappa coefficient = 0.84 5 0.91 0.92 5141 5.93
6 0.92 0.85 31465 36.27
7 1.00 1.00 174 0.20
1 0.84 0.84 2181 2.51
2 0.81 0.96 642 0.74
RF 3 0.84 0.91 38029 43.84
OA (%) =0.89 4 0.90 0.87 7367 8.49
Kappa coefficient = 0.86 5 0.91 0.95 4976 5.74
6 0.92 0.84 33488 38.61
7 1.00 1.00 62 0.07
1 0.78 0.86 2509 2.89
2 0.78 0.95 590 0.68
SVM 3 0.86 0.90 42540 49.04
OA (%) =0.88 4 0.90 0.85 8267 9.53
Kappa coefficient = 0.85 5 0.91 0.91 4201 4.84
6 0.89 0.86 28571 32.94
7 1.00 1.00 66 0.08
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Figure 4-2. Irrigated area map of the Jedeb watershed (a) GTB, (b) RF, and (c) SVM.
4.1.3. Effect of inputs on accuracy of classification

Table 4.5 presents the performance of four classification methods (CART, GTB, RF, and SVM)
on four different sets of data. The classification with ‘‘optical only” is the least accurate, whereas
“optical, SAR, vegetation indices, and auxiliary data” resulted in the best accuracy. The OA
slightly improved when optical and SAR images were combined. However, the use of temporally
aggregated vegetation indices improves accuracy and is more important than the use of SAR data
(Table 4.4). It has been reported that the integration of temporally aggregated SAR, multispectral
data, and vegetation indices improved the accuracy of classification (Bazzi et al., 2021; Carrasco
et al., 2019; Vizzari, 2022). Our findings align with similar studies conducted in the basin, as
demonstrated by Abera et al. (2021). Dense temporal vegetation indices are valuable because of
the noticeable differences in greenness between irrigated land and other land uses (Xie and Lark,
2021). The incorporation of auxiliary data, i.e., rainfall and slope data, slightly improved the
accuracy of all the algorithms. Overall, the RF classifier is a consistent and best-performing

algorithm with various sets of inputs for mapping smallholder irrigated areas.
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Table 4.4. Accuracy of different sets of inputs used.

Optical only Optical and Opti_cal and_ Opti_cal, SAR, VI _V_egetation
Classifier SAR Vegetation Indices Indices, and Auxiliary Data
OA Kappa OA Kappa OA Kappa OA Kappa
CART 0.74 067 078 0.72 085 0.82 0.86 0.82
GTB 080 075 0.83 0.78 0.88 0.85 0.89 0.86
RF 081 076 081 0.77 0.88 0.85 0.89 0.86
SVM 066 056 0.69 0.60 0.87 0.83 0.88 0.85

Figure 4.3 shows the NDVI patterns of forests, rainfed crops, and irrigated land during the
2021/2022 irrigation season. As the transition month from rainfed to irrigation, November served
as a baseline, and the forest class was used as a reference to understand the variations between
rainfed and irrigated lands. The values for irrigated areas increase (lemon green color) at the end
of December (planting) and begin to decline in April (harvest month for the first-round irrigation).
The NDVI of the rainfed cropland (brown color) remains low and increases slightly in April due

to small amounts of rain that allow herbaceous plants grow and disappear due to plowing in May.
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Figure 4-3. Temporal NDVI profile for the rainfed crop, irrigation, and forest classes in the

2021/22 irrigation season (SOS is the start of the season, and EOS is the end of the season).
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4.1.4. Effect of agroecology on the accuracy of classification

The rainfed crop growing period in Dega and the irrigation calendar in Woyna Dega usually
overlap. Thus, the classifiers were tested using two major agroecology zones where irrigation and
rainfed seasons are expected to be distinct within the same zone. The results indicated that the RF
classifier performed best in the Dega (OA = 0.83) region, whereas the GTB was superior for
Woyna Dega (OA = 0.88). This observation implies that the accuracy of different algorithms varies
across agroecological zones. In general, better results were achieved with Woyna Dega than Dega
because of the high impact of cloud cover on high-altitude areas (Conlon et al., 2022) (Table 4.5).

Table 4.5. Overall accuracy and kappa coefficient agroecology.

- Woyna Dega Dega
Classifier
OA Kappa OA Kappa
CART 0.73 0.66 0.72 0.65
GTB 0.89 0.86 0.84 0.79
RF 0.83 0.78 0.83 0.79
SVM 0.84 0.79 0.81 0.76

4.1.5. Challenges in mapping smallholder irrigated areas

Detecting irrigated areas at high altitudes is difficult because of high cloud cover and differences
in species grown with different irrigation calendars due to high variability in elevation (different
crop types) (Khatami et al., 2020; Vogels et al., 2019a). The crop residues collected as fodder and
fuel by farmers and rainfed croplands become bare surfaces, and rangelands are highly degraded,
resulting in greater errors in accuracy than other classes (Getnet and Mulu, 2021; Tekleab et al.,
2014). The ‘built-up’ class had the lowest PA across all four algorithms due to the small size of
the objects and was composed of heterogeneous surfaces (Osgouei et al., 2019). For example, the
rocks exposed at quarry sites were classified as built-up rocks. Gully rehabilitation plantations are
classified as irrigation in degraded Dega areas; seedlings of eucalyptus; afro-alpine areas (irrigated
grass for forage due to crop damage by frost); and rainfed crop growing periods that overlap with
the irrigation calendar at medium altitudes, leading to overestimations of irrigated areas. Similar
challenges were reported where the valley bottoms were classified as irrigation (Chandrasekharan
et al., 2021). Moreover, object-based image analysis and neural networks could result in better
results (Basukala et al., 2017; Conlon et al., 2022; Vizzari, 2022; Vogels et al., 2019Db).
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The accuracy of classification algorithms may be affected by training and validation data quality
and quantity limitations in terms of the representativeness of the training data (Magidi et al., 2021;
Zurgani et al., 2021). Another critical factor is the optimal selection of months to include in the
composite (Weitkamp et al., 2023). The data used were limited to the dry season only due to
computational resource limitations where per-user memory limitations affected dimensionality
reduction, such as PCA over large datasets (Zurgani et al., 2021). High-resolution imagery could
achieve better accuracy (Vogels et al., 2019a). The lack of reported statistics on irrigated areas at
the watershed level limits the accuracy of these methods.

4.2.  SEBALI Model for Estimating Smallholder Irrigation ETa
4.2.1. Validation of SEBALIGEE and SEBALIGEEpy ETa against EC data

The data from all the EC stations were combined, and SEBALIGEEpy yielded lower RMSE (39.52
mm/month) and MAE (29.93 mm/month) compared to SEBALIGEE (RMSE of 43.03 mm/month
and MAE of 30.99 mm/month), indicating more accurate ETa estimation (Figure 4.4). The
percentage of missing records at the validation sites was 9-11% when the improved version
(SEBALIGEEpy) was used and 14-29% when the SEBALIGEE model was used.
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Figure 4.4. Comparison between estimated (SEBALIGEEpy (left) and SEBALIGEE (right)

models) and measured (EC) actual evapotranspiration (ETa).
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Moreover, the distribution of SEBALIGEEpy estimates is generally narrower than that of EC Flux
ETa but wider than that of SEBALIGEE, indicating a balance between capturing variability and
providing consistent estimates (Figure 4.5). SEBALIGEEpy also performed better across different
seasons, with 11.95% more images processed as Tier 1 in Collection 2 than in Collection 1 Tier 1,
which was used by SEBALIGEE (Crawford et al., 2023). This minimized the impact of clouds, as
the median monthly Landsat 8 data were used for the LST and vegetation parameters that could
be masked due to clouds. However, the results suggest that the impact of LULC data resolution
varies across different sites. Higher-resolution land cover data lead to more accurate estimations,
whereas coarser-resolution data may perform better in flat areas, with less variability in LULC.
Considerable variability was observed in performance across different sites and seasons. The
seasonal analysis highlights the sensitivity of the model to temporal changes. The best performance
of the SEBALIGEEpy model was observed at the US-Bi2 EC flux tower site in spring, with an
RMSE of 14.79 mm/month, an MAE of 5.85 mm/month, and an R? of 1.00. The worst performance
of the model was observed at the US-Ro5 site in the winter season, with an RMSE of 73.34
mm/month, an MAE of 42.04 mm/month, and an R? of 0.66 (Table 4.6).

Table 4.6. Validation results of the SEBALIGEEpy and SEBALIGEE models in comparison with

AmeriFlux data

SEBALIGEEpy (10 m LULC) SEBALIGEE (Original)
Site ID RMSE MAE e RMSE MAE ”
(mm/month) (mm/month) (mm/month) (mm/month)
US-Bil 30.17 21.00 0.86 58.61 48.66 0.86
US-Bi2 39.86 32.86 0.61 48.10 32.95 0.63
US-Ro5 36.27 27.16 0.80 21.89 15.79 0.75
US-R06 51.82 40.80 0.79 28.35 22.39 0.78
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Figure 4.5. Violin plots representing the comparison of measured (EC) and modeled (SEBALIGEE

and SEBALIGEEpy) actual evapotranspiration (ETa). The vertical black line indicates the

interquartile range, and the white horizontal line indicates median values.

4.2.2. Evaluating SEBALIGEEpy-based ETa in smallholder areas

SEBALIGEEpy achieved an RMSE of 48.58 mm/month, an MAE of 47.98 mm/month, and an R?
of 0.86 compared with SWAT+ simulated ETa at the Jedeb watershed. These results suggest that
SEBALIGEEpy performs well compared with the established models, showing its potential for

accurate ETa estimation. In December and January, ETa was low due to minimal precipitation,

whereas in April and May, the vegetation greened, and crops grew, gradually increasing ETa as
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irrigated crops reached the optimal height. The average seasonal ETa for the agroecological zones
is 555.25 mm for Woyna Dega, 492.21 mm for Dega, and 344.69 mm for Wurch.

The sample points used for land cover classification in the Jedeb watershed for seven different
LULC classes (Mekonnen et al., 2024) were used to assess the levels of variability in ETa. The
average ETa of bare soil was 457.46 mm (£30.08 mm), that of towns and settlements was 448.52
mm (£50.08 mm), rainfed croplands had the lowest at 416.73 mm (+£49.69 mm), that of forests
was 514.36 mm (£54.92 mm), that of irrigated areas was 508.37 mm (£39.23 mm), that of grazing
lands was 449.10 mm (£56.76 mm), and that of water bodies was the highest at 623.62 mm (+30.36

mm).
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Figure 4.6. Mean seasonal ETa (2016--2022) of different land uses estimated using the
SEBALIGEEpy model in the Jedeb watershed, Upper Blue Nile.

SEBALIGEEpy resulted in an RMSE of 24.57 mm/month, an MAE of 18.51 mm/month, and an
R? of 0.64 compared with WaPOR-L3 for seven consecutive irrigation seasons (2016--2022) in
the Koga irrigation scheme. In the seasonal comparison, the RMSE was 66.94 mm/season, the
MAE was 63.06 mm/season, and the R? was 0.92. Using the WaPOR decadal land cover

classification, the crops grown using irrigation were wheat, maize, potato, vegetables, and mixed
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crops. The mean seasonal water consumption estimated using SEBALIGEEpy for wheat, maize,
potato, vegetables, and mixed crops was 576 mm, 565 mm, 556 mm, 533 mm, and 567 mm,
respectively. In the 2016/17 season, May data was missing because of high cloud cover. The mean
seasonal water consumption estimated using WaPOR data for wheat, maize, potato, vegetables,

and mixed crops was 569 mm, 683 mm, 663 mm, 664 mm, and 589 mm, respectively.

Across the seven seasons considered, both datasets show relatively consistent patterns in the ETa
values for each crop; slight fluctuations are noticeable, indicating potential variations in the input
data, model parameters, and processing methodologies. Generally, SEBALIGEEpy ETa tends to
have slightly lower values than does WaPOR ETa for most crops and seasons. The WaPOR-
estimated ETa also exhibited high variability among fields with high standard deviations (Figure
4.7).
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Figure 4.7. Seasonal water consumption (a) WaPOR and (b) SEBALIGEEpy ETa from six years
(2016--2022) during the irrigation season (December--May) in the Koga Irrigation Project.

4.2.3. Effectiveness of remote sensing-based ETa estimation

Evapotranspiration models inherently contain some degree of uncertainty that can arise from
numerous factors, including limitations of remote sensing instruments, resolution of data, methods
used for data processing, spatial and temporal variations, cloud cover, and inaccuracies in climatic
data (Doherty et al., 2022; Li et al., 2021; Senay et al., 2022). Land cover is an important parameter
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for the SEBALIGEEpy and SWAT+ models, as it determines the values allocated to the
biophysical properties (Abiodun et al., 2018; Dile et al., 2020). Sensor-derived parameters from
satellite images may also have uncertainties (Cheng et al., 2023). The differences in the ETa values
in the current study between the water balance and energy balance models resulted from the
differences in the climate parameter inputs and land cover datasets used. ERA5 is a model-based
dataset, so it may not always perfectly match the observations (Munoz-Sabater et al., 2021).
Reanalysis products are viable alternatives to climate data in data-scarce locations. However,
limitations exist due to the spatial resolution and observations used for reanalysis model

development (Gleixner et al., 2020).

The water balance model ETa estimates rely on rainfall processes because it is the major model
driver, capturing only rainfall-based (green) ETa while capturing only rainfall-based (green) ETa.
In contrast, the energy balance models capture both rainfall-based ET (green) and rainfall-
independent ET (blue) using land surface temperature to partition the radiant energy at the surface
into heat and ET fluxes, regardless of the source type (Velpuri and Senay, 2017). As a result, the
SEBALIGEEpy ETa estimate was greater than the SWAT+ model-simulated ETa estimate. Water
balance methods are also sensitive to errors in precipitation data (Zhang et al., 2016). Uncertainties
also arise from the lack of recent ground truth data for SWAT+ model calibration and validation.
The limitations of the SWAT+ model for estimating ETa, including errors in weather data, can
lead to errors in ETa estimates, and a simplified representation of vegetation may not accurately
capture the complex interactions between vegetation and the environment (Parajuli et al., 2022).
The other variation arises from the contrasting algorithms employed by WaPOR and SEBALI,
with WaPOR utilizing a two-source algorithm sensitive to soil moisture, whereas the SEBALI

model adopts a one-source algorithm sensitive to LST (Javadian et al., 2019).

The ETa estimates are assumed to represent predominantly vegetation systems in the study area
(Allen et al., 2011). The higher spatial resolution of the land cover data likely provides a more
detailed and accurate representation of the heterogeneous surface characteristics in the area, aiding
in the selection of hot and cold pixels and resulting in good model performance (Alawi and Ozkul,
2023). The choice of land cover resolution is crucial, as it affects the accuracy and model fit and

should be aligned with the specific requirements and topography.

Despite its minor limitations, SEBALIGEEpy can be used for water resource management for
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smallholder irrigation systems. With minimal ground data, it can be used to assess irrigation
performance and water productivity at the field and scheme levels. This assessment could help
identify areas with water scarcity and inefficiencies for improving irrigation infrastructure and
practices and support the sustainable expansion of irrigation. The model outputs can be used for
advisory services by estimating irrigation water requirements and identifying yield and
productivity gaps so that smallholder farmers can make more informed decisions, monitor drought
conditions by detecting changes in ETa patterns, and advise farmers on irrigation adjustments

during dry periods to prevent crop stress and yield losses.
4.3. Evaluation of Irrigation Performance and Water Productivity
4.3.1. Analysis of ET and crop water use

The seasonal ETa and precipitation for wheat over two seasons, 2021/22 and 2022/23, are
presented in Table 4.7. It shows variations between seasons, with a slight decrease in ETa and an
increase in precipitation. At the scheme level, in the 2021/22 irrigation season, ETa was 441.2 +
48.74 mm, and it was 432 + 4.68 mm in the 2022/23 irrigation season. For wheat fields,
specifically, in the 2021/22 season, the ETa was 441.2 + 5.39 mm, suggesting less variability
among wheat-growing farmers. During the 2022/23 season, ETa was 432 + 4.68 mm, a slightly
lower mean and standard deviation, suggesting a more consistent pattern of evapotranspiration due
to cluster farming on irrigated wheat (Table 5.1). Water consumption has decreased due to rainfall
availability in the 2022/23 season. The maximum ETa occurred in March in both seasons when
the wheat fully developed, and the minimum ETa and high variability occurred in December. The
planting month and less variability occurred in February, indicating more consistent water

consumption (Figure 5.3).
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Table 4.7. Monthly actual evapotranspiration (ETa), reference evapotranspiration (ET0),
precipitation (P), and effective precipitation (Pe) for the 01/12/2021 to 30/04/2022 and 01/12/2022
to 30/04/2023 irrigation seasons

Month ETa (mm) ETo (mm) ETc (mm) P (mm) Pe (mm)
Dec-21 69.9+4.16 103.5 31.04 10.5 10.3
Jan-22 76.9+251 112.2 85.30 22.9 221
Feb-22 78.6 £1.65 112.5 128.26 16.7 16.3
Mar-22 108.5 £ 2.62 140.6 132.15 41.4 38.7
Apr-22 100.9+2.78 151.8 62.24 41.9 39.1
Season Total 441.2 +5.39 621.9 438.99 133.3 126.5
Dec-22 69.9+2.71 104.2 31.26 14.1 13.1
Jan-23 76.9+191 106.5 80.93 11.9 11.7
Feb-23 78.6 +£1.49 109.5 124.81 12.1 11.9
Mar-23 108.5+2.73 142.2 133.64 64.8 58.1
Apr-23 100.9 + 2.58 146.6 60.10 84.5 73.1
Season Total 432 +4.68 609.9 430.73 187.3 167.9
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Figure 4.8. Actual evapotranspiration (ETa) for the 2021/22 and 2022/23 irrigation seasons at the

Shimburit Irrigation Scheme
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4.3.2. Analysis of performance indicators

In the 2021/22 irrigation season, the coefficient of variation (CV) ranged from a minimum of
2.01% to a maximum of 6.34%, with an average value of 1.90%, and from 1.90% to 3.89%, with
an average value of 1.63%, for the 2022/23 irrigation season at the scheme level. For the wheat
fields sampled in the 2021/22 season, the coefficient of variation (CV) ranged from a minimum of
0.26% to a maximum of 3.46%, with an average value of 1.23%, and from 0.20% to 4.82%, with
an average value of 1.09%, for the 2022/23 season. The highest variability is recorded in December
of both irrigation seasons due to differences in the planting dates between farmers. The seasonal
time scale CV has decreased compared with the monthly scale because of the aggregated
variability arising from planting dates. This shows less variability in evapotranspiration rates,
suggesting that water use efficiency does not vary significantly during this season between wheat
growers and within the field. The seasonal RET was 1.00 on 2021/22 and 1.04 on 2022/23,
indicating that the scheme has an adequate water supply (Figure 4.9). The maximum RET is also
in December in both irrigation seasons. The RWSs were 1.56 and 1.73 for the two consecutive
seasons, implying an excess water supply in both seasons. The slight increase in the RET and RWS
values was due to increased rainfall in the 2022/23 irrigation season (Table 4.9). The DF values

were 0.65 and 0.60 for the two seasons, indicating stable water storage.

2021/22 2022/23

10.398

10.383

10.368

37.37 37.39 37.41 37.37 37.39 37.41

Figure 4.9. Relative evapotranspiration (RET) during the 2021/22 and 2022/23 irrigation seasons
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The OCR was low at 0.54 and 0.43 for the 2021/22 and 2022/23 irrigation seasons, respectively.
Conveyance losses accompany this; the conveyance efficiency is 62% for the main canal. The
OCR (efficiency) varied highly between months. It was low at the start of the season (December
and January) and in the middle of the season (February), when water was consumed efficiently at
the vegetative stage. The OCR is high when the wheat is in its vegetative stage (February and
March). In the 2022/23 season, the OCR was low (especially in April), resulting from the release
of similar amounts of water from the dam throughout the season without an analysis of the monthly
crop water requirements, even when rainfall was available. The monthly fluctuations in
precipitation contributed to these variations in the two seasons. The analysis reveals dynamic
patterns in water consumption efficiency and supply adequacy across months. A lot of tail-water
runoff was observed at the tails of the fields, implying that the crop needs to be using a significant
portion of the inflow (\Vc). Concerns arise about efficiencies and depleted fractions during certain
months, emphasizing the necessity for sustainable water management strategies. The issue in the
Shimburit scheme is that a constant amount of water is released every month during the irrigation

season regardless of the crop water requirements (Table 4.8).

Table 4.8. Performance metrics, including the coefficient of variation (CV), relative
evapotranspiration (RET), relative water supply (RWS), depleted fraction (DF), and overall
consumed ratio (OCR), for the 2021/22 and 2022/23 irrigation seasons

Month CV (%) RET RWS DF OCR
Dec-21 6.3 2.12 1.41 1.50 0.58
Jan-22 30 0.99 1.83 0.54 0.45
Feb-22 20 0.64 1.07 0.60 0.91
Mar-22 25 0.80 1.32 0.61 0.66
Apr-22 27 1.64 2.75 0.60 0.14

Seasonal Average 1.90 0.71 1.56 0.65 0.54
Dec-22 3.9 231 153 1.51 0.48
Jan-23 25 0.98 1.80 0.55 0.50
Feb-23 19 0.65 1.07 0.61 0.92
Mar-23 25 0.84 1.50 0.56 0.49
Apr-23 26 1.73 3.60 0.48 -0.20

Seasonal Average 1.63 0.74 1.73 0.60 0.43

In the 2021/22 season, the crop water productivity (CWP) of wheat estimated from harvested data

collection ranged from a minimum of 0.30 kg/m?® to a maximum of 1.25 kg/m?, with a mean value
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of 0.74 kg/m?, whereas the CWP estimated from the SEBALI biomass estimate ranged from a
minimum of 0.39 kg/m? to a maximum of 1.07 kg/m?, with a mean value of 2.49 kg/m®. Similarly,
for the 2022/23 season, the CWP from the harvested data varied between 0.14 kg/m?® (minimum)
and 0.86 kg/m?® (maximum), with a mean value of 0.48 kg/m3. The CWP estimated using the
SEBALI model ranged from a minimum of 0.34 kg/m? to a maximum of 2.25 kg/m?, with a mean
of 0.96 kg/m®.

The water productivity analysis suggested good water productivity and water management
practices by farmers producing wheat, even though the SEBALIGEEpy model overestimated it
due to some outliers had high CWP estimates (Figure 4.10). In the 2021/22 season, the land
productivity of the sample fields ranged from a minimum of 1.33 tons/ha to a maximum of 5.53
tons/ha, with an average value of 3.25 tons/ha. In the 2022/23 season, land productivity ranged
from 0.6 tons/ha to 3.73 tons/ha, with an average of 2.08 tons/ha. Wheat production (tons/ha) has

declined due to untimely rainfall during harvest, whereas the CWP has been relatively consistent.
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Figure 4.10. Box plot showing the crop water productivity estimated from remote sensing and field

measurements
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where CWPb_2022 and CWPb_2023 represent CWP estimated using remote sensing, and
CWP_2022 and CWP_2023 represent the CWP estimated from yield collected from the field for
the 2021/22 and 2022/23 seasons, respectively.

4.3.3. Effectiveness and limitations of remote sensing in irrigation performance

assessment

The remote sensing method employed to evaluate spatiotemporal irrigation performance and water
productivity at the field level with minimal ground-based measurements was found to be efficient.
Remote sensing provides useful information to decision-makers, water managers, and farmers to
improve the management of water resources and realize food security in smallholder farming
systems (Bashe et al., 2023). Compared with ground-based performance assessments, remote
sensing-based methods reduce the cost of evaluating irrigation performance and have the potential
for scalability (Chukalla et al., 2022; Karimi et al., 2019).

The analysis of the irrigation performance indicators revealed that the Shimburit irrigation scheme
had good equity and adequate water distribution among different fields and crops. However, the
OCR and DF values were low due to excessive water release during the land preparation and
harvest periods, indicating that the water from the irrigation supply was not fully consumed
(Bastiaanssen et al., 2001). This is also attributed to excessive water release from the dam
throughout the irrigation season due to the absence of a properly functioning distribution system.
The scheme faces issues of excessive water loss, especially during the start of the irrigation season,
and necessitates infrastructure development and management to mitigate losses and enhance
overall efficiency, which is a common problem among schemes in the area (Abera et al., 2019;
Bashe et al., 2023). The increase in crop water productivity (CWP) and the decrease in reported
land productivity are due to extreme weather conditions (rain damage) during the harvest period
in the area.

The OCR quantifies the degree to which crop irrigation requirements are met by irrigation water
(Abera et al., 2019; Bos et al., 2005). The OCR (efficiency) values of the schemes were 0.54 and
0.43 in the 2021/22 and 2022/23 irrigation seasons, respectively, indicating that water was released
in excess of the CWR. The results are relatively similar to those of other related irrigation
performance assessment studies in the area (Alemie et al., 2023; Ayele et al., 2021; Belay et al.,
2022; Yihune et al., 2022). Alemie et al. (2023) reported that the efficiency of the scheme was
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44%. Similarly, Ayele et al. (2021) reported that the overall efficiency was 51.75% for the Lower
Fetam scheme and 47.71% for the Leza scheme. Overall performances of 50% and 51% were
reported for the small-scale irrigation schemes of Mugie and Fesas (Belay et al., 2022). The overall
efficiency of the Inguti unit in the Koga irrigation scheme was found to be 46.3% (Yihune et al.,
2022). The global CWP of wheat categories is low (< 0.75 kg/m3), medium (> 0.75 to < 1.10
kg/m?), and high (> 1.10 kg/m?3) (Foley et al., 2020). The Shimburit irrigation scheme had a low to
medium good CWP during the 2021/22 and 2022/23 irrigation seasons and had room for

improvement if well managed.
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Figure 4.11. Monthly coefficient of variation (CV), depleted fraction (DF), overall consumed ratio
(OCR), relative ET (RET), and relative water supply (RWS) for the 2021/22 and 2022/23 irrigation

seasons

Despite the many benefits of using remote sensing techniques for irrigation performance
assessment, there is still a gap between research projects and practical applications (Taghvaeian et
al., 2018). Data collected at the scheme or field level are often sparse, and when available, they
are frequently unreliable or difficult to access (Nikam et al., 2020). Limitations in the remote
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sensing method applied include variations in planting dates among farmers, which have led to
inconsistencies in the values of the performance indicator. The spatial resolution of climate data,
such as CHIRPS (5 km) and ERAS5 (11 km) data, may also introduce errors. Under different field
management conditions by farmers, crop-specific parameters, such as the harvest index, can
significantly vary (Chukalla et al., 2022). Generally, the accuracy of irrigation performance
indicators relies on the availability and quality of data, and data scarcity may result in less robust
results (Fernandez et al., 2020). Thus, higher-resolution satellite images are favored for local-scale
applications despite accessibility and cost constraints. The accuracy of the evapotranspiration
model for estimating biomass can also be affected by the complexity of the study area and the

accuracy of the parameters derived from remote sensing datasets (Mingxing et al., 2020).

The project is facing and will face challenges that will reduce its performance. The mean annual
irrigation water demand is expected to increase due to climate change-induced decreases in future
precipitation and temperature increases (Worku et al., 2023b). Over the past six years, the
Shimburit reservoir has experienced a 7.5% decrease in capacity due to excessive sedimentation
(Endalew and Mulu, 2022). Weak institutional, technical, and human capacity to manage the
scheme and preparedness for high variability in space and time conditions, such as untimely
rainfall, affects water use efficiency (Eshete et al., 2020; Nakawuka et al., 2017). These challenges
necessitate urgent attention and strategic interventions to ensure project sustainability and

effectiveness under changing climatic and environmental conditions.

58



5. CONCLUSION AND RECOMMENDATION

5.1. Conclusion

Remote sensing has proven effective in addressing hydrological applications, particularly in filling
data gaps and providing reliable information for water resource management. However, challenges
such as limited validation datasets and regional variability in satellite rainfall estimates persist.
There is a need for further exploration of alternative models and continuous improvement in

remote sensing technology to increase accuracy and applicability.

Research on smallholder irrigation mapping has demonstrated the effectiveness of fusing
multitemporal and multispectral data, particularly using multitemporal synthetic aperture radar
(SAR) and machine learning algorithms. However, mapping smallholder irrigation remains
challenging because of the fragmentation of land and varied management practices. Careful input
data and algorithm selection are crucial for accurately mapping irrigated areas.

The operationalization of the SEBALI model using Python and high-resolution land cover data
shows promising results in estimating evapotranspiration rates, albeit with limitations in data
frequency. Continuous refinement and integration of multiple data sources are necessary to

mitigate uncertainties.

Assessment of small-scale irrigation scheme performance using remote sensing reveals insights
into water resource management and identifies areas for improvement. While schemes such as
Shimburit provide an adequate water supply, efficiency improvements are needed to ensure
sustainability. Remote sensing offers valuable information for decision-making and continuous

evaluation of irrigation schemes.

In conclusion, remote sensing and machine learning algorithms and advanced modeling techniques
present valuable tools for addressing hydrological challenges and improving irrigation
management in Ethiopian highlands. Continuous research and technological advancements are
necessary to further harness the potential of remote sensing for sustainable water resource

management and agricultural development.
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5.2.

Recommendations

On the basis of the findings of this study, the following recommendations are suggested:

Vi.

Efforts should be made to improve the coverage and quality of validation datasets for
remote sensing products, including streamflow measurement stations and the establishment
of flux towers for ETa monitoring.

To mitigate the uncertainties associated with remote sensing-based models, there is a need
to integrate data from multiple sources, including ground-based observations and model
simulations. This integrated approach can help improve the accuracy and reliability of
remote sensing-derived estimates.

Irrigation mapping using machine learning should be performed frequently to evaluate the
extent of irrigation in the schemes built and the sustainability of irrigation development.
Continuous performance evaluation is critical for the sustainability of small-scale irrigation
schemes. The developed framework can be applied in a time series manner.

Investment in canal infrastructure development and the implementation of soil and water
conservation measures can reduce sedimentation and increase water use efficiency.
Efforts should be made to increase the capacity of stakeholders, including researchers,
water managers, and decision makers, in the utilization of remote sensing technologies for
hydrological and irrigation management. In this context, collaboration between academia,
government agencies, and international organizations can facilitate knowledge exchange

and technology transfer.
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Appendices

Appendix A: Meteorological Stations

Station Station Latitu Longitu Elevati Station
Code Name de de on Description
1 Debre 10.33 37.74 2440 Level 1
Markos
2 Dembecha 10.55 37.48 2117 Level 2
3 Debre Elias 10.30 37.47 2140 Level 2
4 Robgebeya 10.55 37.87 2940 Level 4

Appendix B: Monthly Stream Flow Measurement of Jedeb River at Yewula River Gauging
Station

Year | Jan | Feb | Mar | Apr | May | Jun Jul Aug | Sep Oct Nov Dec
1990 | 0.15 | 0.48 | 0.17 | 0.20 | 0.17 | 0.61 | 1542 | 1758 | 18.25 | 2.05 | 0.56 0.27
1991 | 049 | 0.24 | 0.52 | 2.03 | 0.87 | 453 | 2547 |44.70 | 32.97 | 456 |131 0.92
1992 | 047 | 0.11 |0.01 |0.14 |1.25 |3.12 |15.62 | 29.49 | 22.98 | 13.07 | 5.94 7.39
1993 | 1.02 | 0.75 | 046 |1.92 |5.10 |10.72 | 31.67 | 32.19 | 19.15 | 27.37 | 10.32 | 7.56
1994 1190|127 {091 |0.77 | 283 | 797 |2149 | 3490 |20.76 |3.76 |1.61 0.93
1995 | 2.16 { 0.82 | 0.86 |1.62 |3.42 |6.11 |20.30 | 16.90 | 15.08 | 4.84 | 251 1.65
1996 | 2.16 | 0.37 | 0.81 |1.96 |3.32 |519 |19.10 | 19.34 | 16.26 | 7.37 | 2.85 2.77
1997 | 242 | 2.08 | 1.88 | 2.56 | 3.22 |4.26 |14.89 | 18.60 | 11.13 | 6.01 | 6.99 5.14
1998 | 1.08 | 0.84 | 050 |0.43 | 0.62 |0.84 |9.08 |2289 | 2481 | 2161 | 3.36 2.04
1999 | 1.88 | 1.37 |0.95 | 0.85 |1.13 |3.07 |12.86 |19.27 | 11.13 | 8.30 | 2.38 1.16
2000 | 0.51 | 0.29 | 0.17 | 044 | 048 | 211 [958 |17.97 |9.28 |5.19 1.55 0.68
2001 | 0.34 | 0.10 | 0.20 | 0.30 | 0.27 | 211 |12.67 | 2476 |7.44 |208 |0.73 0.21
2002 | 0.30 | 0.07 | 0.23 |0.17 | 0.05 |2.72 |15.96 | 2951 |9.15 |1.88 |235 1.57
2003 {159 | 131|173 |130 (032 |332 |19.26 | 34.26 | 10.86 | 1.69 | 3.97 2.93
2004 | 2.27 | 120 | 1.64 | 248 | 195 |5.62 |16.00 | 23.45 | 13.34 | 7.98 | 4.00 2.87
2005 | 2.23 | 1.72 | 258 | 184 |2.00 | 296 |17.04 | 24.56 | 34.59 | 8.605 | 4.02 2.78
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Appendix C: Production data of farmers for 2021/22 and 2022/23 Seasons

Code Lat Long Size (ha) 2021/22 Production 2022/23 Production
01 322096 | 1149150 0.375 9 4
02 322252 | 1149108 0.556 25 15.5
03 322884 | 1148911 0.75 38 26
04 322478 | 1149165 0.5 15 9
05 322901 | 1148768 0.41 32 20
06 322823 | 1148971 0.375 12 5
07 321956 | 1149049 0.451 19 12
08 321799 | 1148871 0.375 8 6
09 321937 | 1148961 0.5 16 7
10 322390 | 1149205 0.375 10 7
11 322311 | 1148988 0.56 22 15
12 322293 | 1149131 1 45 32
13 322009 | 1149017 0.5 22 15
14 322341 | 1149142 0.375 12 8
15 322514 | 1148856 0.5 18 10
16 321857 | 1148840 0.5 12 7
17 322598 | 1148852 0.5 12 7
18 321729 | 1148882 0.375 12 7
19 321629 | 1148974 0.375 8 5
20 322618 | 1148922 0.375 12 8
21 321963 | 1148719 0.5 12 8
22 321976 | 1149293 0.556 22 12
23 322184 | 1149187 0.375 12 8
24 322057 | 1149305 0.759 42 25
25 321993 | 1148736 0.5 10 9
26 322395 | 1149124 0.325 8 7
27 321755 | 1149401 0.375 14 10
28 321974 | 1149120 0.375 18 14
29 321845 | 1149389 0.375 18 12
30 322235 | 1148849 0.375 10 4
31 321604 | 1149004 0.556 18 14
32 321840 | 1149021 1 27 19
33 321968 | 1149177 0.75 28 19
34 322585 | 1149130 0.75 34 19
35 322257 | 1148864 0.375 8 6
36 322432 | 1149149 0.5 8 3
37 321922 | 1149316 1 27 18
38 322138 | 1149172 0.375 13 7
39 322065 | 1148860 0.375 5 3
40 322504 | 1148902 0.375 10 8
41 322099 | 1148904 0.5 16 9
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2020), Debre Markos, Ethiopia.

Assistant Lecturer at Debre Markos University for GIS and remote sensing, Fundamentals
of soils, Introduction to Hydrology courses (July 2014-November 2016), Debre Markos,
Ethiopia.

Instructor at Bure Agriculture Technical Vocation Education Training, Burie, West
Gojjam, Ethiopia (April 2013-July 2014)

Junior Instructor at Agarfa Agriculture Technical Vocation Education Training, Agarfa,
Bale, Ethiopia (November 2010—March 2013)
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