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A B S T R A C T

Accurate estimation of irrigation water use and supply is essential for effective irrigation management, yet 
irrigation withdrawals remain largely unmetered and unreported in many schemes. This study applied a remote 
sensing–based approach to quantify irrigation water use and supply in the Amibara Irrigation Scheme, Ethiopia. 
The irrigation component of crop evapotranspiration (Blue ET) was partitioned from a high-resolution Landsat- 
based ETa product using the Water Accounting Plus (WA+) framework. Blue ET estimates were then integrated 
with irrigation efficiency parameters to derive remote sensing–based irrigation supply (RbIS) at block, canal and 
scheme scales. Crop type maps for 2010 and 2024 and a digitized irrigation layout provided the spatial basis for 
assessing irrigation performance using relative evapotranspiration (RET) and relative irrigation supply (RIS) 
metrics. Crop mapping revealed a substantial decline in the gravity-fed irrigated area from 9941 ha in 2010 to 
4532 ha in 2024. RbIS showed reasonable agreement with reported irrigation supply in 2010 (R² = 0.58) and 
measured supply in 2024 (R² = 0.77), although supply was consistently underestimated. The extent of irrigation 
water deficits increased between 2010 and 2024, with the proportion of cotton blocks experiencing water deficits 
rising from 40% to 67%. Key informant interviews and focus group discussions corroborated the observed 
irrigation water deficits in 2024, supporting the remote sensing–based assessment. Moreover, RET and RIS 
revealed spatial variability in irrigation performance across irrigation canals, suggesting potential under and 
over-supply of irrigation. Overall, the proposed approach provides a scalable framework for assessing irrigation 
water use and supply in data-scarce irrigation schemes.

1. Introduction

Accurate estimation of irrigation water use and supply is essential for 
effective water management and for promoting evidence-based, equi
table, and efficient water allocation (Ji et al., 2025; Muturi et al., 2025; 
Zipper et al., 2024). However, obtaining reliable measurements remains 
a persistent challenge, particularly in regions where irrigation with
drawals are neither metered nor consistently reported (OECD, 2015). 
Even when the physical locations of abstractions are known, the 
installation and maintenance of in-situ metering devices face significant 

technical, financial, and political constraints (Foster et al., 2020; Ji et al., 
2025; Rinaudo et al., 2016). These challenges are especially pronounced 
in many African irrigation schemes, where limited monitoring infra
structure constrains reliable assessment of irrigation water use and 
supply.

Remote sensing provides an opportunity to complement limited 
ground-based monitoring by enabling spatially explicit estimation of 
agricultural water use across large geographic areas (Mekonnen et al., 
2024; Zhang et al., 2022; Zwart and Leclert, 2010). Most remote sen
sing–based approaches rely on actual evapotranspiration (ET) to 
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quantify crop water consumption, making ET a key variable for irriga
tion monitoring. Advances in satellite observations and ET modelling 
have led to the development of several operational ET products, 
including WaPOR (FAO, 2020), MOD16 ET (Mu et al., 2011), SSEBop 
(Senay et al., 2013; Senay et al.,2020), and GLEAM (Miralles et al., 
2011). These products provide long-term spatial explicit datasets that 
have been widely applied for agricultural water-use assessment and 
irrigation management.

Despite their potential, most globally available remotely sensed ET 
datasets face two key limitations that constrain their use in operational 
irrigation management. First, their coarse spatial resolution limits the 
ability to assess water use at the plot or field scale, where irrigation 
decisions are made. Second, uncertainties associated with the underly
ing ET algorithms, input data quality, and sensor characteristics can 
introduce biases into ET estimates (Dile et al., 2020; Mekonnen et al., 
2022; Tran et al., 2023). These uncertainties underscore the need for 
validating remote sensing–based estimates of irrigation water use 
against reliable ground observations to assess their accuracy and ensure 
their suitability for operational applications. However, such validation 
is further complicated by the limited availability of independent ob
servations at operational scales.

Several studies have evaluated remote sensing-based irrigation water 
use estimates against ground-based observations (Ji et al., 2025; Zipper 
et al., 2024). For example, Ji et al. (2025) compared irrigation water use 
derived from high-resolution ET datasets with the reported groundwater 
withdrawal volumes, highlighting the potential of the remotely sensed 
ET estimates for operational water management. Similarly, Zipper et al. 

(2024) assessed irrigation water use at field, water-right, and regional 
scales, underscoring the importance of scale when validating 
remote-sensing ET products. While these studies offer valuable insights 
into consumptive use, direct comparisons between ET-based water use 
and reported irrigation supply remain challenging because the two 
variables represent different components of the water balance. Remote 
sensing–derived ET represents the actual water consumed by crops, 
whereas reported irrigation supply reflects the gross volume of water 
diverted or delivered to an irrigation scheme, including conveyance and 
other non-consumptive losses. As a result, direct comparison between 
these variables is inherently challenging. Additional uncertainties arise 
from inaccuracies in reported supply records and from spatial and 
temporal mismatches, since ET is typically estimated at pixel scale, 
while irrigation supply is commonly reported at canal or scheme levels.

To address these challenges, this study integrates remotely sensed 
estimates of consumptive water use with irrigation efficiency informa
tion to reconstruct irrigation water supply, which is then evaluated 
against available canal- and scheme-level water delivery records. 
Beyond validation, this study provides a spatially explicit assessment of 
irrigation water use and supply across scheme, canal, and irrigation- 
block scales. This multi-scale assessment enables the identification of 
spatial variations in irrigation performance and water distribution that 
may not be apparent from scheme-level analyses alone, thereby com
plementing previous studies (e.g., Abera et al., 2019; Asres, 2016; Bashe 
et al., 2023; Ji et al., 2025; Mekonnen et al., 2024; Yadeta et al., 2022; 
Zipper et al., 2024) that have mainly focused on scheme-scale water use 
assessments.

Fig. 1. Location of the Amibara Irrigation Scheme and annual geomedian Landsat composites for the single tile covering the study area, showing the progression of 
Prosopis juliflora development 2010− 2024.
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Building on this multi-scale framework, the present study aims to: (i) 
estimate spatially explicit irrigation water use and supply across scheme, 
canal, and block, scales in the Amibara Irrigation Scheme; (ii) compute 
key irrigation performance indicators using remote sensing-based water- 
use estimates; and (iii) examine the potential of alternative water 
management scenarios to improve irrigation water use. By generating a 
comprehensive multi-scale evaluation of irrigation water use and sup
ply, this study provides an analytical foundation for evidence-based 
irrigation water management. The findings support the development 
of targeted interventions to improve irrigation performance and 
contribute to broader national objectives related to irrigation system 
rehabilitation and long-term water security.

2. Materials and methods

2.1. Study area

The Amibara irrigation scheme is located in the Afar Regional State 
of Ethiopia, specifically in Amibara Woreda (district), along the right 
bank of the Awash River's alluvial plain. The scheme receives its water 
from the Awash River through a diversion weir located upstream of 
Melaka Sedi town, as well as from several pumping stations located 
along the river downstream of Melka Werer town. Geographically, this 
large-scale irrigation scheme is situated between latitude 9.231◦N and 
9.487◦N, and longitude 40.098◦E and 40.264◦E (Fig. 1).

Initiated in 1978 and completed in 1984, the Amibara irrigation 
scheme covers approximately 15,000 ha, of which 10,300 ha are irri
gated via gravity flow from the diversion weir upstream of Melka Sedi, 
while the remaining area is served by multiple downstream pumping 
stations (World Bank, 1990). The dominant crop in the scheme is cotton, 
and the irrigation method used is furrow irrigation. The topography of 
the region is predominantly flat to gently sloping (0.5–2%), with an 
average elevation of 740 m above mean sea level, making it suitable for 
large-scale agricultural development. The vegetation is dominated by 
the invasive tree species Prosopis juliflora, reclassified as Netluma julifora, 
which was introduced in the early 1980s to combat desertification 
(Shiferaw et al., 2021). Well-adapted to the semi-arid climate, this 
species has spread aggressively and become ecologically disruptive, 
negatively affecting native biodiversity and agricultural productivity 
(Shiferaw et al., 2021; Zeray et al., 2017).

The rainfall pattern of the study area is characterized by a bimodal 
rainfall pattern, with a long rainy season from July to September and a 
shorter rainy season from March to May. Temperatures are generally 
high throughout the year, with maximum daytime temperatures 
reaching up to 37 ◦C in June, while minimum temperatures decline to 

around 15 ◦C in December.

2.2. Data

All the datasets used in this study are summarized in Table 1. Both in 
situ and remotely sensed datasets were used for crop type mapping, 
irrigation layout digitization, and estimating irrigation water use and 
supply.

2.2.1. In situ data
In situ data were collected from multiple sources. These datasets 

included daily climatic data (rainfall and pan evaporation), river 
discharge records, irrigation water supply measurements, soil moisture 
observations, and reported irrigation water withdrawal data.

Daily climate data, including rainfall and pan evaporation, were 
obtained from the Melka Werer Agricultural Research Center, located in 
the Amibara Irrigation Scheme, Afar Regional State, Ethiopia. The 
observed rainfall data were used to validate multiple remotely sensed 
rainfall products, following the approach of Mekonnen et al. (2023), 
after which the most suitable product was selected for further analysis. 
Pan evaporation measurements were used to estimate reference 
evapotranspiration (ETo), which served as input for estimating crop 
water requirements.

Daily discharge data were sourced from the Ministry of Water and 
Energy and used to estimate the long-term monthly dependable flow at 
the scheme diversion site. Dependable flow refers to the river discharge 
equaled or exceeded at a given probability of exceedance and represents 
the amount of water that can be reliably diverted for irrigation. In this 
study, the 80% dependable flow (Q80) was adopted, consistent with the 
design standard used for the original diversion weir. The estimated 
monthly Q80 flow was then compared with the weir’s design diversion 
capacity (13.2 m³ s⁻¹) to evaluate whether the available river flow can 
reliably meet the scheme’s original design water demand. This assess
ment is particularly important because the irrigation scheme was con
structed more than three decades ago, and current hydrological 
conditions may differ from those assumed in the original design.

Irrigation water supply was monitored from December 2024 to 
March 2025 in a 6-ha experimental plot (Fig. 1), as observed irrigation 
water supply data have not been available for the scheme since 2011. 
The experimental plot was located in the central part of the scheme 
where cotton is the predominant crop and furrow irrigation is the pre
vailing irrigation method. We assumed that this plot was representative 
of the dominant irrigation practices within the scheme. Irrigation water 
delivered to the plot was measured using a Parshall flume installed at the 
field inlet. A total of 43 irrigation applications were monitored. The 

Table 1 
Dataset used for this study.

Class Dataset Temporal/spatial (m) 
resolution

Data availability 
-period

Source

In situ Climate data Daily 2001–2024 Melka Werer Agricultural Research 
Center

Discharge data Daily 1991–2014 Ministry of Water and Energy
Crop coefficient (kc) including planting and harvesting dates for 
the major crops

Seasonal - Melka Werer Agricultural Research 
Center

Irrigation water supply Seasonal 2010,2024/25 IWMI
Soil moisture before and after an irrigation event - 2024/25 IWMI
Reported water withdrawal data in volume Monthly (July-September) 2010–2011 Awash Basin Authority

Remote 
sensing

CHIRPS rainfall data (CHIRPS v2) Daily/5000 2010–2024 (Funk et al., 2015)
High resolution SSBop ETa from Landsat imagery Monthly/30 2010–2024/25 (Senay et al., 2022)
High resolution land cover Yearly/100 2010–2024 IWMI
WaPOR reference ETo Decadal/100/ 2010–2024 FAO (2020)
Saturated soil water content 0.0025/Static ​ Simons et al., (2020)
Net primary production (NPP)-MOD 17 0.005/8-day 2010–2024 Zhao et al. (2005)
Gross primary production (GPP) MOD 17 0.005/8-day 2010–2024 Zhao et al. (2005)
Leaf area index (MODIS 15) 0.005/8-day 2010–2024 Myneni et al. (2002)
Others remote sensing inputs for WA + (annex 1) ​ ​ -
Digital irrigation layout ​ ​ IWMI
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spatial coordinates of the irrigated areas were also recorded, as indi
vidual irrigation events covered only portions of the 6-ha experimental 
plot. These irrigation water supply data were used to evaluate the 
remote sensing–based irrigation water supply estimates and derive 
irrigation application efficiency. In addition, reported irrigation supply 
data obtained from the former Awash Basin Authority were used to 
further validate the remote sensing-based irrigation supply estimates for 
2010.

In situ soil moisture measurements were also conducted within the 
experimental plot and used as input to estimate irrigation application 
efficiency. Root-zone water storage was determined from soil samples 
collected before irrigation and 48 h after irrigation. The 48-hour interval 
was selected because the study area is predominantly characterized by 
clay soils, which have low drainage rates following irrigation. This in
terval allows excess water to drain and soil moisture to stabilize closer to 
field capacity, thereby providing a more representative measure of root- 
zone water storage (Nasta et al., 2023). Soil moisture was determined 
using the gravimetric method from composite samples collected from 
the 0–90 cm soil profile at five locations distributed along the plot di
agonals. Gravimetric moisture content was calculated on a mass basis 
and converted to an equivalent water depth using soil bulk density and 
effective root-zone depth.

2.2.2. Remote sensing datasets
Several remote sensing datasets were used in this study. Landsat 5, 7, 

8, and 9 imagery, acquired from the USGS earth explorer (EarthE 
xplorer), were used to create high-resolution evapotranspiration (ETa) 
estimates for the period 2010–2025 and to develop crop type maps. In 
addition, multiple remotely sensed datasets were integrated into the 

Water Accounting Plus (WA+) framework to partition actual evapo
transpiration into green ET (rainfall-based water use) and blue ET 
(irrigation-based water use) using a soil moisture balance approach. A 
summary of the remote sensing datasets used in the WA + analysis is 
provided in Annex 1.

2.3. Methods

The overall workflow of this study is presented in Fig. 2. The work
flow consists of four main components: (i) generation of high-resolution 
ETa, (ii) partitioning of ETa into green and blue ET and comparison with 
irrigation water application data, (iii) estimation of representative irri
gation efficiency, and (iv) multi-scale irrigation performance 
assessment.

2.3.1. Creating a high-resolution ETa dataset
We created a high-resolution (30 m) ETa product from Landsat im

agery to assess field-scale irrigation water use. The Landsat scenes were 
processed through the EROS Science Processing Architecture (ESPA) on- 
demand platform, which applies the Simplified Surface Energy Balance 
Operational (SSEBop) algorithm (Senay et al., 2016,2020, 2022). SSE
Bop integrates multispectral remote sensing data with meteorological 
inputs to estimate ETa, as described in Eqs. 1–2: 

ETa = ETf ∗ K ∗ ETo (1) 

ETf = 1 − γs(Ts − Tc) (2) 

Where ETf is the evapotranspiration fraction, ETo is the reference 
evapotranspiration for a grass surface (mm/day), and k is a scaling 

Fig. 2. Overall workflow of the study. Blue ET refers to the irrigation-derived component of actual evapotranspiration, while green ET represents the rainfall-derived 
component. WA + denotes the Water Accounting Plus framework. RIS and RET refer to Relative Irrigation Supply and Relative Evapotranspiration, respectively. RS 
refers to remote sensing.
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factor. ETf is derived from the relationship between surface temperature 
(Ts) and the cold (Tc) and hot (Th) boundary temperatures. Detailed 
descriptions of the SSEBop algorithm are provided in earlier studies (e. 
g., de Andrade et al., 2021; Senay et al., 2013). The step-by-step pro
cedure for estimating high-resolution ETa using the SSEBop algorithm 
through the Landsat on-demand processing platform is provided in 
Annex 2.

In this study, Landsat images (Path 167 and Row 054) with cloud 
cover of up to 52% were acquired for the period 2010–2025, resulting in 
a total of 524 scenes. These images were processed to generate spatially 
distributed ETa estimates. However, persistent cloud contamination 
introduced substantial spatial gaps in the ETa datasets. To address this 
limitation, a two-step gap-filling procedure was applied separately for 
each calendar month. First, all available ETa rasters for a given month 
across the study period were aggregated to generate a long-term pixel- 
wise monthly median composite. This composite served as a robust 
month-specific reference, reducing the influence of cloud-related 
anomalies while preserving the seasonal characteristics of ETa. Sec
ond, any remaining gaps in the monthly median composite were filled 
using a focal median filter within a moving spatial window. The window 
size was determined iteratively to ensure complete gap filling while 
preserving local spatial variability and minimizing excessive smoothing. 
Finally, cloud-contaminated pixels in each monthly ETa raster were 
replaced with values from the reconstructed monthly median composite, 
resulting in spatially complete ETa datasets for subsequent analyses. 
Similar focal-statistics approaches have been widely applied to recon
struct remote sensing products such as evapotranspiration, land surface 
temperature, and energy balance datasets (Senkondo et al., 2019; Siabi 
et al., 2022; Wang et al., 2022).

2.3.2. Partitioning of Blue ET from high-resolution ETa
Several approaches have been proposed for estimating blue ET: the 

soil water balance model (Karimi et al., 2013), the Budyko framework 
(De Boer, 2016), the coupled Energy balance-Water balance approach 
(Velpuri and Senay, 2017) and the Van Eekelen method (van Eekelen 
et al., 2015). In this study, a simplified soil water balance model 
embedded within WA + was applied to partition total ETa into green 
and blue ET. A detailed description of the WA + framework is available 
in previous studies (e.g., Dembélé et al., 2023; Karimi et al., 2013; 
Mekonnen et al., 2026; Owusu et al., 2024)

Within the WA + framework, green ET refers to evapotranspiration 
derived from rainfall stored in the root zone, whereas blue ET refers to 
evapotranspiration sustained by water supplied through managed 
sources, including rivers, reservoirs, lakes, and groundwater (Mekonnen 
et al.,2026). The partitioning is based on a monthly root-zone soil 
moisture balance that accounts for antecedent soil moisture, effective 
precipitation, actual evapotranspiration, percolation losses, and surface 
runoff. Rainfall-derived soil moisture is assumed to satisfy evapotrans
piration demand first, and any remaining water demand that cannot be 
met from rainfall is attributed to irrigation and classified as blue ET. 
Consequently, green ET and blue ET together account for total actual 
evapotranspiration.

Blue ET was estimated using the soil moisture accounting procedure 
embedded within WA + , as described in Eqs. (3–5): 

ETblue =

{
0, if (SMt ≥ 0)

(SMt × − 1) if (SMt < 0) (3) 

ETgreen =

{
ETa if (SMt > ETa)

ETa − ETblue if (SMt < ETa)
(4) 

SMt = SMt− 1 +(P − I)t − (ETa − I)t − QPt − QSr (5) 

Where SMt is the soil moisture at time t, calculated using a soil water 
balance approach that incorporates the previous day's soil moisture 
(SMt− 1), effective precipitation (defined as precipitation minus 

interception, (P - I), actual evapotranspiration (ETa), percolation losses 
(QPt), and surface runoff (QSr). ETgreen represents the portion of ETa 
derived from rainfall stored in the root zone. In rainfed landscapes, SMₜ 
is zero or positive, but it becomes negative when ETa exceeds the 
available soil moisture, indicating the contribution of additional water 
sources (i.e., irrigation), which is attributed to Blue ET.

Accurate partitioning of ETa into green ET and blue ET was essential 
because the study period coincides with the main rainy season, when 
crops received water from both rainfall and supplementary irrigation. 
Thus, total ETa reflected the combined contributions of these two water 
sources and could not be directly attributed to irrigation. Partitioning 
ETa into green and blue components allowed the irrigation-derived 
water use to be isolated from rainfall-derived evapotranspiration, 
thereby improving the estimation of irrigation water use and supply 
from remotely sensed ETa.

2.3.3. Irrigation layout and crop type mapping
An accurate irrigation layout map is essential for evaluating scheme 

performance across multiple spatial scales. However, no complete dig
ital layout of the study area was available. To address this gap, the 
irrigation layout was reconstructed by integrating high-resolution im
agery with scanned legacy blueprints. The canal network and field 
boundaries were digitized, and the resulting layout map was verified in 
consultation with the enterprise managing a large portion of the scheme.

To support the analysis of irrigation water use, crop type maps were 
developed for 2010 and 2024. These years were selected to represent 
two contrasting operational states of the Amibara irrigation scheme. The 
year 2010 corresponds to a period when the scheme was operating 
closer to its original design capacity, whereas 2024 represents the cur
rent condition following major disturbances, including the 2020 floods 
and the expansion of invasive tree species, Prosopis juliflora. Crop types 
were identified through visual interpretation of Landsat and Sentinel− 2 
imagery, supported by high-resolution imagery from Google Earth and 
field survey.

For the 2010 map, crop identification was facilitated by the pre
dominantly monocropped agricultural system, in which cotton was the 
dominant crop. Cotton fields could be differentiated relatively clearly 
from the limited number of other land-cover classes, including settle
ments, trees, and shrubs, based on their spatial configuration, field 
characteristics, and spectral appearance. Land-use and crop maps for 
2024 were produced through manual visual interpretation of satellite 
imagery rather than automated image classification. The interpretation 
integrated multi-temporal Sentinel− 2 imagery, seasonal NDVI profiles, 
field boundaries, and expert knowledge of the agricultural production 
system. Cotton fields were independently verified against farm man
agement logbooks containing field identification numbers and corre
sponding crop records. Permanent land-cover classes, including 
settlements, flooded areas, trees, shrubs, and experimental plots of the 
research center, were identified based on their stable spatial charac
teristics and contextual information. Other crop types, including vege
tables, date palms, and mixed crops, were distinguished based on their 
seasonal spectral responses, field characteristics, and visual interpreta
tion of multi-temporal imagery.

Efforts were also made to identify unauthorized irrigated areas, 
defined as (i) irrigated lands located outside the scheme boundaries and 
(ii) irrigated lands within the scheme boundaries that abstract water 
directly from the main canal without authorization. These data were 
used to estimate the volume of unauthorized abstraction from the main 
canal.

2.3.4. Estimation of irrigation efficiency
Field application and conveyance efficiencies were estimated from in 

situ observations and used to derive the overall irrigation efficiency of 
the scheme. These efficiencies were determined by integrating soil 
moisture measurements, canal discharge measurements, and continuous 
monitoring of irrigation water applied to a representative experimental 
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plot. However, continuous monitoring of canal flow and soil moisture 
across the entire Amibara Irrigation Scheme was not feasible because of 
logistical constraints, the absence of functional flow metering structures, 
and the large spatial extent of the scheme. Consequently, the available 
soil moisture and canal discharge measurements were used to estimate 
field application efficiency (Eq. 6) and conveyance efficiency (Eq. 7), 
respectively.

Cotton cultivated under furrow irrigation is the dominant cropping 
system across the scheme, and irrigation practices are relatively uniform 
among irrigation blocks. Given this, the field application efficiency 
derived from the experimental plot and the conveyance efficiency esti
mated from canal measurements were assumed to be representative of 
the average irrigation efficiency of the scheme. This assumption enabled 
the estimation of scheme-wide irrigation water supply in the absence of 
spatially distributed measurements of irrigation efficiency.

Application efficiency (Ea- Eq. 6) was calculated as the ratio of the 
volume of irrigation water stored within the crop root zone (WSr) to the 
total volume of water applied to the experimental plot (WA): 

Ea =
WSr
WA

(6) 

where WSr represents water stored in the root zone and WA denotes the 
irrigation water applied to the plot (Fig. 2). The application efficiency 
derived from in situ observations (Eq. 6) was compared with the remote 
sensing–derived efficiency, which was estimated using blue ET and the 
measured irrigation water supply.

Conveyance efficiency (Ec- Eq. 7) was estimated from discharge 
measurements conducted along selected reaches of the main and sec
ondary canals using a current meter (Fig. 2), and computed as: 

Ec =
Vf
Vt

(7) 

where Ec is water conveyance efficiency (%), Vf is the volume of irri
gation water at the downstream reach, and Vt is the volume of irrigation 
water at the upstream reach. Efficiency values obtained at different 
canal sections were averaged to estimate system-level conveyance effi
ciency.

The overall irrigation efficiency of the scheme was estimated as the 
product of application ,conveyance, distribution efficiencies. For the 
2024/2025 irrigation season, the average field application efficiency 
measured at the experimental plot was 0.48, compared with 0.45 esti
mated using the remote sensing–based approach, indicating good 
agreement between the two estimates. Given the availability of direct 
field observations, the measured application efficiency (0.48) was 
adopted for subsequent analysis. The average conveyance efficiency was 

0.82 and distribution efficiency (Ed) was assumed to be 0.82. Based on 
these values, the overall irrigation efficiency of the scheme was esti
mated at 32%. This value is lower than the original design efficiency of 
49% (Halcrow, 1983). For the 2010 irrigation season, an overall irri
gation efficiency of 43%, reported by Sahle (2009), was adopted.

2.3.5. Estimation of remote sensing-based irrigation water supply (RbIS)
The remote sensing-based irrigation water supply (RbIS) was esti

mated by dividing blue ET with irrigation efficiency. RbIS was calcu
lated using Eq. (8), following the approach proposed by Ji et al. (2025). 

RbIS =
Blue ET

IE
(8) 

where RbIS is a remote sensing-based irrigation water supply, and IE is 
overall irrigation efficiency.

Monthly RbIS estimates were generated for 2010 and 2024. Since 
RbIS estimation is sensitive to irrigation efficiency, a representative 
scheme-wide irrigation efficiency value was selected for each study year 
and applied uniformly across the scheme. This approach was necessary 
because spatially distributed data on irrigation water withdrawals and 
irrigation efficiency were unavailable. It further assumes that irrigation 
performance does not vary substantially among irrigation blocks. This 
assumption is considered reasonable for the Amibara Irrigation Scheme, 
where furrow irrigation is the dominant irrigation method, cotton oc
cupies most of the cultivated area, and irrigation management practices 
are generally similar across the scheme. Nevertheless, the use of a uni
form irrigation efficiency value does not capture local variations in 
irrigation performance, and spatial variations in RbIS should therefore 
be interpreted with this limitation in mind.

Moreover, RbIS for unauthorized irrigated areas was estimated by 
identifying irrigated croplands located outside the officially designated 
command areas or not registered within the irrigation scheme. Blue ET 
from these areas was aggregated to quantify total irrigation-related 
consumptive water use and then adjusted using the scheme-level irri
gation efficiency to estimate the corresponding irrigation water 
abstraction.

2.3.6. Estimation of crop water requirements
Crop water requirements (ETc) were estimated for cotton and onion 

crops. Based on local agronomic information, cotton has a growing 
season of 165 days and is planted on 1 May, whereas onion has a 
growing season of 100 days and is planted on 1 August. ETc was esti
mated for each crop over its respective growing season.

Crop water requirements were calculated as follows: 

ETc = Kc ∗ ETo (9) 

Table 2 
Summary of irrigation performance indicators used in this study.

Indicator Performance 
dimension

Definition Formula Class Interpretation Reference

Equity Water distribution 
uniformity

Measures the uniformity of water 
consumption across blocks or 
users within the irrigation 
scheme

Equity =

Sd(ETa)
Mean(ETa)

Good: CV ≤ 10% Fair: 
10% < CV ≤ 25% 
Poor: CV > 25%

Lower values indicate more 
equitable water distribution; 
higher values reflect uneven 
/poor water distribution

(Chukalla et al., 
2022; Karimi 
et al., 2019)

RET (Relative 
Evapotranspiration)

Crop water 
adequacy

Ratio of actual 
evapotranspiration to crop water 
requirement over the irrigation 
season

RET =
ETa
ETc

Good: 0.8 < RET 
≤ 1.0 Acceptable: 
0.68 < RET ≤ 0.8 
Poor: RET ≤ 0.68

Identifies areas experiencing 
water stress or adequate crop 
water use

(Karimi et al., 
2019; Poudel 
et al., 2021)

RIS (Relative 
Irrigation Supply)

Supply–demand 
balance

Ratio of irrigation water supplied 
to net irrigation demand

RIS =
RbIS
IrrD

Deficit: RIS < 0.99 
Optimal: 0.99 ≤ RIS 
≤ 1.01 Excess: RIS 
> 1.01

Higher values indicate 
oversupply, whereas lower 
values indicate undersupply.

(Usman et al., 
2020;Haj-Amor 
et al. 2018)

Notes:ETais actual evapotranspiration derived from high-resolution remote sensing; ETcis crop water requirement estimated from reference evapotranspiration and 
crop coefficients; RbISis remote sensing-based irrigation supply derived from blue ET; IrrDis irrigation demand computed as ETcminus effective rainfall. Effective 
rainfall was estimated using the FAO-recommended USDA Soil Conservation Service method.
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where, Kc is the crop coefficient, and ETo denotes the reference 
evapotranspiration determined from pan evaporation data obtained 
from Melka Werer Agricultural Research Center with a pan coefficient 
(Kp) of 0.75. This Kp value was locally calibrated by the Melka Werer 
Agricultural Research Center through comparison with FAO− 56 Pen
man–Monteith estimates derived from available climatic observations. 
Seasonal crop water requirements were calculated by summing daily 
ETc values over the respective crop growing period.

2.3.7. Irrigation performance indicators
Several irrigation performance indicators have been developed to 

assess scheme performance by integrating remote sensing data with in 
situ observations (Chukalla et al., 2022). In this study, Equity, Relative 

Evapotranspiration (RET), and Relative Irrigation Supply (RIS) were 
selected as key indicators because they provide complementary insights 
into irrigation system performance by evaluating water distribution, 
crop water adequacy, and the balance between irrigation water supply 
and crop demand. These indicators were computed at block, canal, and 
scheme levels to capture the spatial variability in irrigation perfor
mance. Definitions, calculation formulas, and classification thresholds 
for each indicator are presented in Table 2.

Using these three performance indicators, irrigation performance 
was compared between 2010 and 2024. To ensure spatial comparability 
between the two years, the 2010 irrigation performance maps were 
masked using the 2024 cotton cultivation extent, thereby restricting the 
analysis to areas cultivated with cotton in 2024. This approach ensured 
that differences in irrigation performance reflected temporal changes 
rather than variations in the spatial extent of cultivated areas.

2.3.8. Assessments of water management scenarios
A scenario-based analysis was co-developed with the Ethiopian 

Ministry of Irrigation and Lowlands (MILLs) to support planning and 
decision-making for the Amibara Irrigation Scheme. The analysis eval
uated alternative water management options to quantify potential water 
savings and identify opportunities to improve irrigation water use effi
ciency under existing hydrological and operational constraints.

Three scenarios were developed to estimate potential water savings 
from improved irrigation efficiency, and to assess whether the saved 
water could support expansion of the irrigated area (Table 3). The 
performance of each scenario was compared with the baseline condition 
to evaluate the effectiveness of the proposed management strategies. 
Across all scenarios, a consistent cropping pattern was assumed, with 
cotton cultivated during the main irrigation season (May–October) and 
onion during the secondary irrigation season (December–March). This 
cropping pattern was adopted based on the original scheme design 
document and the crop production priorities of MILLs.

The scenario analysis incorporated crop water requirements, water 
availability at the diversion weir, irrigation efficiency, the design intake 

Table 3 
Summary of irrigation management scenarios evaluated to improve irrigation 
performance in the Amibara irrigation scheme.

Scenario Description

Baseline Represents the original baseline conditions, assuming no invasive tree 
species, a design irrigation efficiency of 49%, and a command area of 
10,000 ha.

Scenario 
1

Assumes improved irrigation efficiency and higher cropping intensity 
by shifting from furrow irrigation to sprinkler and drip irrigation 
systems. An irrigation efficiency of 75% is assumed for sprinkler 
systems (Howell, 2003) and 85% for drip systems (Keller and Bliesner, 
2001; Burt et al., 1997).

Scenario 
2

Assumes that the existing furrow irrigation system is upgraded by 
integrating low-cost soil moisture sensors, improving irrigation 
efficiency from the design value of 49–60% through better irrigation 
scheduling and reduced water losses (Pramanik et al., 2021).

Scenario 
3

Assumes a mixed irrigation system combining furrow and sprinkler 
irrigation. In this scenario, 5000 ha are irrigated using improved furrow 
irrigation at 60% efficiency, and 5000 ha are irrigated using sprinkler 
irrigation at 80% efficiency with low-cost soil moisture sensors. This 
scenario improves water-use efficiency while reducing investment costs 
by upgrading existing furrow systems and gradually introducing 
sprinkler irrigation.

Fig. 3. Irrigated areas served by the gravity-fed canal network and pumping systems in the Amibara irrigation scheme.
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capacity of the diversion weir, and downstream environmental flow 
requirements. Following Goshime et al. (2021), environmental flow 
requirements were defined as 20% of the long-term mean monthly flow 
and reserved to support downstream ecosystem needs. In all scenarios, 
water availability at the diversion site was represented by the 80% 
dependable flow derived from the flow-duration curve.

2.3.9. Key informant interview and focus group discussion
Key informant interviews (n = 16) and focus group discussions 

(three groups of seven participants each) were conducted in the study 
area, involving a total of 37 participants. To capture diverse perspectives 
across the irrigation scheme, participants were purposively selected 
from different locations within the scheme. Participants included rep
resentatives from the Amibara Irrigation farm enterprise, local small
holder farmers, irrigation investors managing leased land, officials from 

the Ministry of Irrigation and Lowlands, researchers from the Melka 
Werer Agricultural Research Center, and local government administra
tors. These engagements provided insights into the key challenges 
affecting irrigation water use and management, their underlying causes, 
and the operational practices influencing water distribution within the 
scheme. Information obtained from the key informant interviews and 
focus group discussions was subsequently used to interpret, validate, 
and complement the remote sensing–based estimates of irrigation water 
use, irrigation water supply, and irrigation performance.

3. Results and discussion

3.1. Digitization of the scheme layout

Digitization of the Amibara irrigation scheme identified 

Fig. 4. Crop type maps for 2010 and 2024. Areas classified as shrubland are predominantly occupied by the invasive tree species, Prosopis juliflora.
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approximately 1306 irrigation blocks (Fig. 1). Of these, 451 blocks are 
supplied by pump-based systems that abstract water directly from the 
Awash River, while the remaining 855 blocks are served by a gravity-fed 
distribution network. The gravity system conveys water from the main 
canal through a hierarchical network consisting of 13 secondary canals 
and their associated tertiary canals.

Fig. 3 summarizes the command areas served by each secondary 
canal and pumping station. Among the secondary canals, SC2 has the 
largest irrigated area (1531 ha), followed by SC11 (1223 ha), whereas 
SC5 serves the smallest command area (204 ha). Within the pump-fed 
system, pumping stations 3 and 7 serve the largest irrigable areas. As 

the objective of this study was to evaluate the performance of the 
gravity-fed irrigation system, all subsequent analyses were restricted to 
the 855 blocks served by the gravity-fed canal network.

3.2. Crop type mapping

Crop type maps are presented in Fig. 4 and the corresponding area 
statistics are summarized in Table 4. In 2010, cotton was the over
whelmingly dominant crop, accounting for 92% of the total scheme 
area. By 2024, the cropping pattern had become more diversified, with 
cotton accounting for 33% of the scheme area and vegetables occupying 
approximately 13%. In addition, perennial crops such as banana (3 ha) 
and papaya (9.5 ha) were introduced, although they occupied only a 
small proportion of the scheme area.

Non-crop land cover types, particularly shrubland, expanded mark
edly from 3.7% (501 ha) in 2010 to 35.2% (4866 ha) in 2024. This 
expansion is largely attributed to farm abandonment, salinity buildup, 
and the rapid spread of Prosopis juliflora, which was further exacerbated 
by the 2020 flood. Fallow land also increased substantially, reaching 
15% (2,060 ha) in 2024, thereby reducing the area available for crop 
production and potentially affecting overall agricultural output. 
Concurrently, the gravity-fed irrigated area declined from 9941 ha in 
2010 to 4532 ha in 2024. In addition, about 160 ha of cultivated land 
was detected outside the official scheme boundary and was classified as 
unauthorized irrigated land.

3.3. Estimation and Validation of RbIS estimates

3.3.1. Validation using measured irrigation water supply data (2024)
Fig. 5 illustrates the spatial distribution of seasonal blue ET estimated 

across the Amibara irrigation scheme for 2010 and 2024. The results 
reveal notable changes in irrigation water consumption patterns over 
time, with mean seasonal blue ET decreased from 379 mm season− 1 in 
2010 to 342 mm season− 1 in 2024.

The accuracy of the RbIS estimates was evaluated by comparing 
them with the measured irrigation water supply data collected from the 
experimental plot during the 2024/25 irrigation season (Fig. 6 right). 

Table 4 
Proportion of land cover types of Amibara irrigation scheme in 2010 and 2024. 
Irrigated areas under gravity and pumping irrigation systems are presented, with 
pumping system values indicated in brackets.

Class LULC Type 2010 2024

Area in ha % Area in ha %

Irrigated Cotton 9747.5 
(2850.6)

92.32 3165 
(1324.7)

32.49

Vegetables ​ - 1190(565) 12.71
Research plot 187.6 (0) 1.37 31.3 (0) 0.23
Date 5.9 (0) 0.04 6.6 (0) 0.05
Banana - - 3.1 (0) 0.02
Papaya - - 9.5 (0) 0.07
Other crops - - 67.3 (33.6) 0.72
Cotton 
flooded

- - 59.4 (0) 0.43

Subtotal ​ 9941 
(2850.6)

93.73 4532 
(1923.3)

46.71

Non 
irrigated

Shrubland 501.2 3.67 4866.4 35.21
Fallow - - 2060.1 14.9
Bare land 
saline

3.9 0.03 3.9 0.03

Grass - - 20.5 0.15
Trees 56.7 0.42 65.6 0.48
Settlement 292.9 2.15 348.4 2.52

Subtotal ​ 854.7 6.27 7364.9 53.28
Total 13,646.40 100 13,820.20 100

Fig. 5. Spatial distribution of seasonal Blue ET in the Amibara irrigation scheme for cotton in 2010, and for cotton and vegetable crops in 2024.
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The comparison showed strong agreement between estimated and 
observed irrigation water supply at the field scale (R² = 0.77, p < 0.01). 
For example, in January 2025, the measured irrigation supply was 
11,651 m³ month⁻¹ , while the corresponding RbIS estimate was 
9375 m³ month⁻¹ . Overall, the results demonstrate that the RbIS 
approach can reliably capture temporal variations in irrigation water 
supply.

3.3.2. Validation using historical irrigation water supply records (2010)
To further evaluate the reliability of the RbIS estimates, they were 

compared with reported canal-level irrigation water supply data for 
2010 (Fig. 6). The results showed a moderate agreement between esti
mated and reported value (R² = 0.58). Bias analysis indicated that RbIS 
generally underestimated the reported irrigation supply. Similar dis
crepancies between remotely sensed and reported irrigation estimates 
have been reported in previous studies (Ji et al., 2025; Zipper et al., 
2024). The observed differences may be attributed to uncertainties in 
remote sensing–derived evapotranspiration estimates (Mekonnen et al., 
2022; Zhang et al., 2022; Zhu et al., 2022), assumptions regarding 
irrigation efficiency (Lankford, 2023), unaccounted conveyance and 
operational losses, and potential inaccuracies or inconsistencies in re
ported irrigation withdrawal data.

Interestingly, agreement between measured and estimated irrigation 
supply at the experimental plot (Fig. 6 right) was substantially stronger 
than that observed between reported and estimated irrigation supply in 
2010 (Fig. 6 left). This suggests that part of the discrepancy may be 
associated with uncertainties in the reported irrigation supply data and 
the aggregation of water-use records across larger spatial units. Despite 
these limitations, the overall agreement between RbIS estimates and 
observed data indicates that the remote sensing–based approach can 
provide reliable estimates of irrigation water supply and support the 
monitoring and assessment of irrigation performance in data-scarce 
irrigation schemes.

3.4. Block-level irrigation performance assessment (2024)

Fig. 7 illustrates the spatial variability in irrigation performance 
across irrigation blocks for the 2024 irrigation season. Equity was 
generally moderate to good, with 57% of irrigation blocks classified as 
good equity, 37% fair equity, and only 6% poor equity. Nevertheless, 
irrigated areas with fair and poor equity remained evident, indicating 

persistent disparities in water distribution across the scheme.
The RIS maps show that irrigation deficits predominated across the 

scheme, with 63% of irrigation blocks receiving less water than 
required, compared with 5% classified as optimal and 32% as excess. 
Irrigation deficits were observed throughout the scheme and were not 
limited to downstream areas. Contrary to the commonly observed 
head–tail inequity in gravity-fed irrigation systems, where upstream 
users often secure preferential access to water (Janssen et al., 2011), 
several upstream blocks experienced severe irrigation deficits during 
2024 season (Figs. 7 and 8). Field observations indicated that these 
deficits were primarily caused by infrastructure deterioration. Canal 
siltation and malfunctioning control gates reduced conveyance capacity 
and disrupted water delivery, even in areas located close to the diversion 
point. In contrast, several blocks in the middle and lower parts of the 
scheme received adequate or excessive irrigation water. This pattern 
suggests that irrigation outcomes were influenced more by infrastruc
ture deterioration and operational failures than by systematic head
–to–tail competition alone.

Findings from key informant interviews and focus group discussions 
corroborate the remote sensing–based assessment. Respondents consis
tently reported water shortages and intense competition to secure timely 
irrigation. They identified canal siltation, aging infrastructure, inade
quate drainage maintenance, and excessive weed growth within the 
canal network as the primary underlying causes.

In terms of RET, irrigation performance was relatively better, with 
42% of the irrigated area classified as acceptable and 33% as good, while 
25% fell within the poor category (Fig. 7). By contrast, RIS indicated that 
irrigation deficits were widespread across the scheme. This contrast 
suggests that irrigation supply and crop water adequacy do not neces
sarily follow the same spatial patterns, highlighting the importance of 
assessing both indicators when evaluating irrigation performance. 
Similar discrepancies have been reported in previous studies (Levidow 
et al., 2014; Molle et al., 2016). These discrepancies may be associated 
with poor water distribution uniformity, suboptimal irrigation sched
uling, soil-related limitations that restrict infiltration and root-zone 
water storage (Ferreira and Gonçalves, 2007; Gu et al., 2020; Priori 
et al., 2021), and inadequate field preparation, which can lead to highly 
variable within-field water distribution and localized waterlogging or 
deficits (Devkota et al., 2015). In addition, differences in the threshold 
values used to classify RET and RIS may partly explain some of the 
observed discrepancies.

Fig. 6. Validation of remote sensing–based irrigation water supply (RbIS) estimates against observed irrigation water supply at canal (left) and field (right) scales. 
The left panel shows the comparison with reported canal-level irrigation supply data for 2010, while the right panel shows the comparison with measured irrigation 
supply at the experimental plot during the 2024/25 irrigation season. The dashed line indicates the 1:1 relationship and the red line indicates the fitted regres
sion line.
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Table 5 further quantifies irrigation performance by crop type. Cot
ton covered 3165 ha, of which 23% was classified under poor RET and 
40% as acceptable RET. In terms of irrigation supply, 26% of cotton 
blocks received excess irrigation relative to the seasonal net irrigation 
requirement of 720 mm. Vegetables occupied 1190 ha, with irrigation 
deficits affecting 40% of the area and acceptable RET observed in 51%. 
Excess irrigation occurred more frequently in vegetable blocks than in 
cotton blocks, indicating greater mismatches between irrigation supply 
and crop water requirements.

3.5. Comparison with historical block-level performance (2010)

Fig. 9 presents the spatial distribution of Equity, RET, and RIS across 
cotton irrigation blocks in 2010 and 2024, enabling a direct comparison 
of irrigation performance between the two years. Equity improved 
noticeably between the two years. In 2010, most irrigation blocks were 
classified as poor to fair (69%), with only a few localized areas exhib
iting good equity (31%). By 2024, the proportion of blocks classified as 
fair and good increased (76%), indicating a more balanced distribution 

of irrigation water across the scheme. Although areas with poor equity 
persisted, suggesting that spatial disparities in water distribution remain 
an important management challenge in the scheme.

The spatial patterns of RET differ from those observed for RIS. In 
2010, poor RET (60%) dominated much of the scheme, indicating that 
crop water requirements were not adequately met in many irrigation 
blocks. In 2024, a larger proportion of irrigation blocks fell within the 
acceptable and good RET (77%) categories, reflecting improvements in 
crop water consumption relative to crop water requirements.

In contrast, RIS revealed a substantial increase in irrigation deficits, 
with the proportion of cotton blocks experiencing deficit irrigation 
increasing from 40% in 2010 to 67% in 2024. In 2010, both deficit and 
excess irrigation were widespread, indicating considerable spatial 
variability in irrigation water supply across the scheme. Overall, these 
findings suggest that although water distribution became more equi
table and crop water adequacy (RET) improved, the volume of irrigation 
water supplied relative to crop demand declined.

Fig. 7. Block-level Irrigation performance assessment for cotton (one season: May to October 15, 2024) and vegetables (August to November 5) under a gravity 
irrigation system. Water flows from south to north.
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3.6. Canal level irrigation performance assessment (2024)

Considering the irrigation efficiency of the scheme, irrigation water 
supply at the canal level was tracked for 2024, and the results are pre
sented in Fig. 10. The box plot reveals substantial variability in irrigation 
water supply among the canals, with notable differences in median 
values. On average, canal-level RIS was 0.8, indicating that irrigation 
water supply across the scheme was generally below crop water re
quirements. Most canals operated under deficit conditions, except for 
secondary canals 6, 10, and 13, which exhibited excess supply. Key 
informant interviews and focus group discussions with scheme operators 
and farmers corroborated these findings, highlighting persistent canal- 
level inefficiencies and uneven water distribution as major constraints 
on water availability across the command area.

Moreover, our results show that blocks served by secondary canals 1 
and 2 experienced substantial irrigation deficits (Fig. 8). These shortages 
appear to be driven by two main factors. First, severe siltation within the 
canal network has reduced conveyance capacity and limited water dis
tribution efficiency, as sediment deposition obstructs flow and lowers 
the volumes delivered to downstream blocks. Second, malfunctioning 
canal gates further exacerbate the problem by restricting water delivery. 
Both issues were observed during our field observations.

The RIS indicator further highlights issues of over- and under- 
irrigation supply relative to crop water requirements, reflecting vary
ing levels of water stress or surplus across the system. Such spatial 
heterogeneity in irrigation performance is commonly observed in large- 

scale irrigation schemes, where uneven canal management and main
tenance often result in inefficiencies and inequitable water distribution 
(Chukalla et al., 2022; Hashemy Shahdany et al., 2018; Ketsela et al., 
2024; Wamala et al., 2023).

Table 6 shows the seasonal irrigation water supply delivered through 
the main canal (MC) and secondary canals (SC) for cotton (May–Oc
tober) and Vegetable (August–November) crops. The irrigation water 
supply varied considerably among canals, ranging from 0.28 Mm³ sea
son⁻¹ to 3.74 Mm³ season⁻¹ with a total irrigation supply of 28.5 
Mm³ season⁻¹ . The total water supply (irrigation supply and effective 
rainfall) was estimated at 33.2 Mm³ season⁻¹ . Unauthorized abstraction 
from the main canal was estimated at 1.84 Mm³ season⁻¹ in 2024, irri
gating 271 ha of which 160 ha of unauthorized cropland outside the 
scheme boundary and 111 ha within the scheme drawing water directly 
from the main canal without authorization.

3.7. Impacts of alternative water management scenarios

Before conducting the scenario analysis, water availability at the 
diversion site was assessed using the 80% dependable flow, and the 
results are presented in Fig. 11. The results show that the 80% 
dependable flow exceeded the design intake capacity of the diversion 
weir (13.2 m³ s⁻¹), indicating that water availability at the diversion site 
is not a limiting factor for irrigation water supply in the scheme.

The potential water savings and opportunities for irrigated area 
expansion in the Amibara irrigation scheme under different 

Fig. 8. Upstream irrigation blocks experienced water deficits due to siltation and malfunctioning gates. MC stands for main canal, and SC refers to secondary canal. 
Water flows from south to north.

Table 5 
Distribution of cotton and vegetable crop areas across relative evapotranspiration (RET) and relative irrigation supply (RIS) performance classes for 2024.

RET (Cotton) RIS (Cotton) RET (Vegetable) RIS (Vegetable)

Class Area (Ha) Class Area (Ha) Class Area (Ha) Class Area (Ha)
Poor 722 Deficit 2217 Poor 473 Deficit 719
Acceptable 1277 Optimal 142 Acceptable 602 Optimal 39
Good 1166 Excess 806 Good 115 Excess 432
Total 3165 ​ 3165 ​ 1190 ​ 1190
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modernization scenarios are summarized in Table 7, while detailed 
calculations are provided in Annex 3.

Consistent with broader irrigation modernization evidence (FAO, 
1997; Howell, 2003), the scenarios demonstrate that adopting improved 
irrigation technologies can substantially reduce water losses. Across the 
assessed interventions, total water savings range from 46 to 105 
Mm³ (Table 7), indicating considerable scope to enhance irrigation ef
ficiency. These savings not only improve the internal performance of the 
scheme but also create opportunities to increase the irrigated area using 
the conserved water. In a basin where upstream abstractions are 
increasing, such as the Awash River Basin where the Amibara scheme is 
located, the conserved water could also serve as a strategic buffer to 
maintain reliable diversion flows at the weir site.

The scenario results reveal important differences in both water- 
saving potential and the level of technological investment required. 
Upgrading furrow irrigation with low-cost soil moisture sensors could 
save approximately 46 Mm³ of water annually, while a hybrid fur
row–sprinkler system could increase savings to 71 Mm³ . Although the 
additional water savings are relatively small, both interventions offer 
opportunities to improve irrigation efficiency while utilizing much of 
the existing infrastructure. Such approaches may provide practical op
tions for enhancing irrigation performance where large-scale moderni
zation is financially or operationally challenging.

Converting the entire scheme to sprinkler irrigation could save 86 
Mm³ , while transitioning to drip irrigation, the most efficient system 
assessed, could save 105 Mm³ . These findings align with the 

demonstrated efficiency benefits of pressurized irrigation systems 
(Howell, 2003). However, the greater water savings are accompanied by 
substantially higher investment costs, underscoring the need for careful 
cost–benefit and optimization analyses prior to large-scale imple
mentation. The scenario comparisons therefore offer both a quantitative 
assessment of potential water savings and a practical basis for priori
tizing interventions according to financial feasibility, management ca
pacity, and long-term sustainability objectives.

More advanced pressurized irrigation systems, such as sprinkler and 
drip irrigation, are commonly associated with high application effi
ciencies (75–85%) under well-managed and properly maintained con
ditions (Howell, 2003; Van Halsema and Vincent 2012). However, the 
realization of such performance is strongly dependent on local agro
nomic and infrastructural conditions. In environments characterized by 
elevated sediment loads and salinity, as in the Amibara scheme, main
taining sprinkler nozzles and drip emitters at optimal performance can 
be challenging without adequate filtration systems, routine mainte
nance, and technical capacity. These requirements imply that the 
adoption of such systems would also entail substantial operational 
management and institutional support, in addition to the initial capital 
investment. Therefore, while these technologies represent a 
high-efficiency benchmark, their practical feasibility should be consid
ered in the context of local biophysical constraints and long-term 
maintenance capacity

Beyond technological improvements, the analysis underscores the 
importance of addressing ecological pressures that constrain water 

Fig. 9. Comparison of block-level irrigation performance for the cotton crop in 2010 and 2024. To ensure spatial comparability between the two years, the 2010 
maps were masked to the 2024 cotton extent.
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availability. The invasive tree species Prosopis juliflora continues to 
expand aggressively across the scheme, consuming significant amounts 
of water and encroaching onto productive farmland (Shiferaw et al., 
2021). Its removal could release an additional 36 Mm³ of water, com
plementing the gains achieved through irrigation modernization. 
Moreover, converting cleared biomass into bioenergy, charcoal, live
stock feed, or construction materials presents an opportunity to offset 
removal costs while supporting local livelihoods. Integrating Prosopis 
management with irrigation modernization thus offers a dual pathway 

for enhancing water availability and promoting environmental and so
cioeconomic resilience within the scheme.

Together, these scenario-based findings provide a strong evidence 
base to guide MILLs in their revitalization efforts. They demonstrate not 
only the scale of potential water savings but also the trade-offs between 
cost, efficiency, and management complexity. Ultimately, prioritizing a 
balanced portfolio of interventions, combining ecological restoration, 
incremental efficiency improvements, and selective adoption of high- 
efficiency technologies will be essential for achieving long-term irriga
tion sustainability in the Amibara irrigation scheme.

3.8. Implications for agricultural water management

This study presents a multi-scale assessment framework that in
tegrates high-spatial-resolution evapotranspiration estimates with water 
accounting to partition total evapotranspiration into blue and green 
components and estimate irrigation water supply in largely unmetered 
irrigation systems. By combining irrigation water supply estimates with 
irrigation performance indicators, the framework enables spatially 
explicit diagnosis of water use, water supply adequacy, and irrigation 
performance across multiple management scales.

The combined analysis of RET and RIS revealed substantial spatial 
variability in irrigation performance, with some canal command areas 
experiencing persistent water deficits while others received excess irri
gation. Such information can help irrigation managers identify under
performing canals, prioritize maintenance and rehabilitation efforts, 
improve water delivery scheduling, and target interventions to areas 
where water shortages are most severe. The identification of unautho
rized irrigated areas and the estimation of approximately 1.84 Mm³ of 
unauthorized water withdrawals from the main canal further 

Fig. 10. Canal-level irrigation performance in 2024. For each canal, boxplots summarize the distribution of block-level values, where the box bounds represent the 
25th and 75th percentiles and the central line indicates the median. In the top panel, the red dashed line indicates the mean seasonal irrigation supply (577 mm) 
relative to the net irrigation requirement for cotton (720 mm), and the corresponding mean relative irrigation supply (RIS = 0.8) compared with the optimal value 
(RIS = 1).

Table 6 
Canal-level irrigation water supply estimated from remote sensing data for 
May–October 2024. Abbreviations: MC – main canal; SC – secondary canal; IS – 
irrigation supply; TWS – total water supply (IS plus effective rainfall).

Water 
Source

Area Served 
(Ha)

Water supply per season

IS 
(mm)

IS 
(Mm3)

TWS 
(mm)

TWS 
(Mm3)

MC 271.7 678.0 1.8 779.5 2.1
SC1 233.0 389.5 0.9 509.5 1.2
SC2 478.7 505.4 2.4 625.4 3.0
SC4 359.3 712.3 2.6 813.7 2.9
SC5 192.4 640.2 1.2 728.9 1.4
SC6 449.4 832.3 3.7 946.3 4.3
SC7 523.6 662.0 3.5 765.4 4.0
SC9 136.9 560.2 0.8 676.8 0.9
SC10 375.1 675.7 2.5 766.8 2.9
SC11 754.1 711.5 5.4 816.3 6.2
SC12 427.7 638.9 2.7 757.0 3.2
SC13 44.3 641.5 0.3 744.3 0.3
SC14 108.5 592.3 0.6 706.9 0.8
Total 4354.6 633.8 28.5 741.3 33.2
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demonstrate the potential of the approach to support compliance 
monitoring and improve water allocation efficiency.

The scenario analysis highlights opportunities to improve water 
productivity through enhanced irrigation efficiency. For example, 
improving irrigation efficiency from the current level of approximately 
32–60% through improved furrow irrigation management could save 
about 74 Mm³ of water annually, while sprinkler and drip irrigation 
systems could generate even greater water savings. These savings could 
be used to expand irrigation to currently uncultivated areas, improve the 
reliability of water supply to existing users, or enhance environmental 
flow protection during periods of water scarcity. The results therefore 
provide quantitative evidence to support decisions on canal rehabilita
tion, irrigation modernization, and investments in improved on-farm 
water management technologies.

Beyond Amibara, the framework provides a practical approach for 
irrigation performance assessment in data-scarce regions where irriga
tion withdrawals are largely unmetered and flow-monitoring infra
structure is limited. By combining remotely sensed evapotranspiration, 
water accounting principles, and irrigation efficiency estimates, the 
methodology enables the estimation of irrigation water supply and the 
diagnosis of irrigation performance at multiple spatial scales. However, 
successful application requires supporting datasets, including crop type 
maps, irrigation network layouts, and representative irrigation effi
ciency estimates. As such datasets become increasingly available 
through remote sensing and digital water management initiatives, the 
framework has strong potential to support operational irrigation moni
toring, water allocation planning, and evidence-based decision-making 
across large irrigation systems.

3.9. Limitations of the study

While the findings provide valuable insights into irrigation water 

management and rehabilitation planning in the Amibara Irrigation 
Scheme, the results should be interpreted within the context of the study 
assumptions and data availability. The estimation of RbIS relied on a 
representative scheme-wide irrigation efficiency parameter derived 
from field measurements of application efficiency and canal conveyance 
efficiency. Although this approach provides a practical basis for esti
mating irrigation water supply at the scheme scale, irrigation efficiency 
inevitably varies across the scheme because of differences in canal 
conditions, field management, and water delivery practices. Conse
quently, the spatial distribution of RbIS is influenced not only by spatial 
variations in blue evapotranspiration but also by the assumption of 
uniform irrigation efficiency. The identification of over- and under- 
supplied areas should therefore be interpreted as reflecting relative 
irrigation performance rather than precise field-scale estimates of irri
gation supply.

The use of a representative scheme-wide irrigation efficiency 
parameter was necessary because irrigation withdrawals are largely 
unmetered and many flow-measurement structures within the scheme 
are non-functional, preventing the derivation of spatially distributed 
irrigation efficiencies. Future applications of the framework could 
further improve the estimation of irrigation water supply by incorpo
rating spatially distributed irrigation efficiency values derived from 
additional field measurements or operational monitoring data as these 
become available.

The estimation of blue ET depends on remotely sensed evapotrans
piration and the assumptions embedded within the soil moisture algo
rithm embedded in WA + , meaning that any uncertainty in these inputs 
directly affects the reliability of the derived blue ET and irrigation 
supply estimates. Although the evapotranspiration datasets and parti
tioning methodology showed reasonable agreement with field obser
vations and reported irrigation supply data, uncertainties associated 
with evapotranspiration estimation, and gap-filling procedures may 
propagate into blue ET, and subsequently the derived irrigation water 
supply estimates. In addition, the use of a fixed pan coefficient to esti
mate ETo may introduce uncertainty into crop water requirement esti
mates, particularly under varying seasonal wind, humidity, and 
radiation conditions. Despite these assumptions and uncertainties, the 
integrated use of remote sensing, water accounting, field measurements, 
and irrigation performance indicators provides a robust framework for 
assessing irrigation water use and supply in data-scarce schemes.

4. Conclusion

This study presents a remote sensing–based approach to estimate 
irrigation water use and supply in the Amibara irrigation scheme for the 
years 2010 and 2024. High-resolution (30 m) Landsat-derived 

Fig. 11. Long-term average monthly flow at the weir site for the period 1991–2014.

Table 7 
The volume of water that could be saved by different water management 
scenarios.

Scenarios Water saved 
(Mm3/yr)

Potential net increase in 
irrigated cropland (ha)*

Scenario 1 (Sprinkler) 86 17,200
Scenario 1 (Drip) 105 19,500
Scenario 2 (Furrow and low-cost 

soil moisture sensors)
46 13,700

Scenario 3 (Furrow and 
Sprinkler)

71 15,800

* Compared to the design irrigated area of 10,000 ha.
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evapotranspiration data were integrated with the Water Accounting Plus 
(WA+) framework to partition the actual evapotranspiration into green 
and blue ET and derive RbIS. The approach was implemented at block, 
canal, and scheme scales using a digitized irrigation layout and crop 
type maps. Irrigation performance was subsequently evaluated at each 
scale using three indicators: Equity, RET, and RIS.

The good agreement between RbIS estimates and observed irrigation 
supply data demonstrates the potential of the proposed methodology for 
monitoring irrigation water supply in data-scarce irrigation schemes. 
The analysis indicates that irrigation performance in the Amibara Irri
gation Scheme has declined considerably since 2010, with water deficits 
becoming more widespread and irrigation supply increasingly insuffi
cient to meet crop water requirements. The coexistence of irrigation 
deficits, excess water applications, and unauthorized abstractions from 
the main canal highlights significant inefficiencies in water distribution 
and management. Addressing these inefficiencies through improved 
water allocation, infrastructure management, and monitoring of unau
thorized withdrawals could substantially enhance scheme performance 
and water productivity. Overall, the methodology developed in this 
study provides a scalable and practical framework for irrigation moni
toring in data-scarce schemes. Future studies would benefit from 
incorporating spatially distributed irrigation efficiency to improve the 
accuracy of remote sensing–based irrigation supply estimates.
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