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Abstract

In arid and semi-arid regions, where water is scarce and climatic variability is high, monitoring changes in irrigated land is
essential for ensuring food security and building resilience. However, few studies have assessed irrigation dynamics in the
Horn of Africa using remote sensing, and empirical data from Eritrea remain limited. This study investigates the spatio-
temporal dynamics of irrigated agriculture in two contrasting regions of Eritrea, Dighe and Gala Nefhi, using multi-temporal
Sentinel-2 imagery and Supporting climatic and agricultural datasets from 2015 to 2024. It aims to map the spatial distri-
bution of irrigated fields, assess their changes over time, and examine relationships with rainfall variability, horticultural
crop production, and market fluctuations by comparing trends throughout the study period. A supervised Random Forest
classification approach was implemented in Google Earth Engine, incorporating spectral indices and post-classification
comparison to quantify the Land Use/Land Cover (LULC) transitions. The classification was based on dry-season imagery
to distinguish irrigated from rainfed areas, with seven LULC classes identified. Overall classification accuracy ranged from
0.82-0.86 in Dighe and 0.87-0.89 in Gala Nethi, with Kappa coefficients of 0.70-0.81 and 0.85-0.86, respectively. Results
show a 115.5% increase in irrigated area in Dighe and 65.6% in Gala Nefhi. While Gala Nethi showed synchronized growth
in irrigation and horticultural crop production, Dighe exhibited inconsistent yields despite expanded irrigation. The study
shows that expanding irrigation alone cannot increase production without reliable water sources, favorable climate condi-
tions, and institutional support.
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1 Introduction

Land Use/Land Cover (LULC) change analysis plays a cru-
cial role in environmental sustainability studies by provid-
ing critical insights into landscape transformations driven
by anthropogenic and natural factors [45, 63]. Advances in
remote sensing technologies have improved LULC moni-
toring by delivering accurate, repeatable, and cost-effective
data over large areas [1, 24, 37]. High-resolution imagery,
machine learning algorithms, and cloud-based platforms like
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Google Earth Engine (GEE) now enable scalable, multi-
temporal analyses and the integration of spectral indices
to enhance classification accuracy [5, 29, 59, 69]. These
developments underscore the increasing potential of satellite
remote sensing to systematically capture land cover changes,
emphasizing the need for its wider application in monitoring
irrigated agriculture in data-scarce regions, where empirical
evidence concerning spatial dynamics and the sustainability
of land use remains limited.

Monitoring irrigated agriculture, which is vital for hor-
ticultural production in Sub-Saharan Africa, is crucial for
ensuring food security, effective water management, and
ecosystem sustainability [65, 68]. However, mapping irri-
gated fields using remotely sensed data at the local level
remains limited [70], and global datasets are too coarse for
local planning [30]. As a result, the extent and rate of change
in irrigated areas in data-scarce and fragmented farming
systems are poorly understood, which constrains effective
resource allocation.
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Satellite remote sensing offers an efficient way to moni-
tor irrigated lands using sensors such as Landsat, SPOT,
MODIS, and Sentinel-1/2 [7, 20, 67]. However, mapping
accuracy can be impacted by sensor resolution, spectral con-
fusion with rainfed crops, and different irrigation practices
[55]. Researchers have highlighted the value of using ancil-
lary datasets such as precipitation, evapotranspiration, and
crop calendars to support the interpretation of classification
results, thereby enhancing the reliability of mapping outputs
[35]. These inputs help capture when and where farmers
irrigate, reducing misclassification and improving the use
of remote sensing for irrigation monitoring.

In most African countries, the area under irrigation is tra-
ditionally measured through field surveys and reports from
local administrative offices. While useful at small scales,
these methods are labor-intensive, costly, and often imprac-
tical for national or regional-scale monitoring. The appli-
cation of high-resolution remote sensing technologies for
irrigation monitoring in sub-Saharan Africa remains limited
due to inadequate digital infrastructure, technical capacity,
and financial resources [9, 45]. Hence, most LULC studies in
Africa have focused broadly on agricultural land [27, 49, 50,
62], with relatively few efforts to isolate irrigated areas or
understand their patterns of change. However, some emerg-
ing studies, e.g., Mohammed et al. [44], Muluneh et al. [48]
have demonstrated the value of using remote sensing and
GIS to quantify the extent, type, and temporal dynamics of
irrigation, and to link these changes with climatic, socio-
economic, and policy drivers.

In the context of Eritrea, previous LULC studies have
focused on broad land cover categories such as forest cover,
land degradation, water balance, or general transition in
agricultural land, without treating irrigated land as a dis-
tinct class or primary focus of analysis [23, 40, 51]. Con-
sequently, there is limited empirical evidence on the tran-
sition and drivers of irrigated land expansion. This study
addresses this gap by applying multi-temporal Sentinel-2
imagery and Random Forest classification to map irrigated
land changes in two sub zobas (sub provinces), Dighe and
Gala Nefhi, between 2015 and 2024. Beyond spatial analy-
sis, it integrates horticultural yield data, rainfall anomalies,
price trends, and policy developments across this time to
examine how irrigation expansion aligns with production
dynamics and broader land use transitions. In doing so, the
study contributes to the limited body of research on irriga-
tion-focused LULC change in the Sub-Saharan Africa region
and provides practical insights for sustainable land and water
resource management in Eritrea.

In this study, irrigated land refers to land under full or
supplemental irrigation used for horticultural crop produc-
tion, as identified through LULC classification of multi-tem-
poral satellite imagery. Given the country’s semi-arid cli-
mate and unreliable rainfall patterns, nearly all horticultural

crop production in Eritrea is conducted under irrigation.
To guide the investigation, the study adopts a conceptual
framework that positions the area under irrigated horticul-
ture at the intersection of multiple influencing factors. These
include environmental drivers, economic and social incen-
tives, policy interventions, and infrastructural conditions
(Fig. 1). By integrating these dimensions, the study not only
quantifies changes in irrigated land but also link them within
a broader socio-environmental and institutional context.

The primary aim of this study is to quantify the changes
in irrigated land over time and assess its link with the pro-
ductivity of horticultural crops, land management, and
sustainability in Eritrea. Specifically, this research will:
(a) examine the spatial distribution of irrigated fields and
change over time using multi-temporal remote sensing data
and machine learning-based classification techniques (b)
assess how changes in irrigated area relate to rainfall vari-
ability, horticultural crop production, socio-economic con-
ditions, and policy shifts by comparing patterns and trends
across the study period.

By addressing these objectives, this study will enhance
the literature on the application of remote sensing for moni-
toring irrigated agriculture. It will provide empirical insights
into sustainable land and water management and support
evidence-based policy interventions in agricultural planning.

2 Methodology
2.1 Study Area

Eritrea, located in the Horn of Africa, has a diverse land-
scape with varying climatic conditions, ranging from arid
lowlands to moist highlands [23, 43]. Agriculture is a key
sector, with irrigation playing a crucial role in ensuring
food security, particularly in the production of horticultural
crops [17, 19]. The country is divided into six administrative
regions, known as zobas.

This study focuses on Dighe and Gala Nethi, two sub
zobas with contrasting agroecological, hydrological, and
socio-economic characteristics (Fig. 2). Dighe, located in
the western lowlands, lies within the Barka—Anseba catch-
ment, one of Eritrea’s major drainage basins [41, 47]. The
area is arid, with erratic annual rainfall ranging between
150-300 mm and average temperatures around 30 °C [14,
25]. Surface water sources are limited to the seasonal River
Barka and its tributaries, which flow only during the rainy
season [47]. Due to the flat terrain and high infiltration in
coarse sandy soils, dam construction is not feasible. As
a result, groundwater is the dominant irrigation source,
accessed through hand-dug wells and boreholes tapping
into unconsolidated alluvial aquifers. These aquifers have
varying development potential and salinity levels that often
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Fig. 1 Conceptual framework illustrating the key environmental, economic, social, policy, and infrastructural factors influencing the area under
horticultural crop production, developed by the authors
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Fig.2 Eritrea, showing the location of the study area, Dighe and Gala Nethi
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increase with depth and distance from riverbeds [17]. Horti-
cultural farms are concentrated along riverbanks, cultivating
seasonal crops such as onion and tomato, as well as peren-
nials like banana and citrus [25, 42].

In contrast, Gala Nefhi is situated in the central highlands,
which receive 450-800 mm of annual rainfall and experi-
ence a cooler average temperature of 22 °C [52]. Irrigation is
primarily based on Surface water stored in over 40 small to
medium-sized micro-dams, constructed by the government
and communities in recent decades [42]. When reservoir
levels are adequate, farmers can cultivate up to three crop-
ping seasons per year. Due to the fissured volcanic and crys-
talline basement aquifers, it has limited groundwater yield
and recharge potential compared to the alluvial systems of
the western lowlands [41]. Most farmers use furrow irriga-
tion with diesel pumps to grow mainly potatoes and leafy
vegetables [25].

Dighe and Gala Nefthi are the highest horticultural-pro-
ducing sub zobas in their respective regions [42], and their
contrasting environmental and socio-economic contexts
make them ideal for a comparative analysis of irrigated land
transformation in Eritrea.

2.2 Data Acquisition
2.2.1 Sentinel-2 Data Acquisition and Processing

This study utilized Sentinel-2 Level-2A Bottom-of-Atmos-
phere (BOA) reflectance imagery for the years 2015, 2018,
2021, and 2024, obtained from Google Earth Engine (GEE),
to analyze LULC changes. Since Level-2A products include
atmospheric, radiometric, and geometric corrections, addi-
tional preprocessing in this study was limited to cloud mask-
ing and the selection of clear-sky images to improve classifi-
cation accuracy [29, 44]. The study period (2015-2024) was
selected based on the availability of disaggregated horticul-
ture production data at Sub zoba level by crop type, which
is only available from 2015 onward. A three-year interval

Table 1 LULC classes used in the study area

was adopted to balance the need for detecting medium-term
land use changes, giving enough time between images to
detect real land use changes rather than seasonal and short-
term variations.

To ensure clear differentiation between irrigated and rain-
fed fields, all satellite images were acquired during January
or February of each respective year, which corresponds to
the dry season. This timing maximizes spectral contrast and
separability, as rainfed fields are typically fallow, while irri-
gated plots retain active vegetation due to continued water
application. It also reduces confusion with natural veg-
etation and cloud cover, which is common during the wet
season. This approach is particularly suitable for arid/semi-
arid regions like Eritrea, where there are clear distinctions
between irrigated and non-irrigated land during dry months.

2.2.2 Training Data

Ground truth data for training the Random Forest classi-
fier were obtained from two complementary sources. First,
high-resolution imagery from Google Earth and historical
satellite archives was visually interpreted to digitize all rep-
resentative LULC classes across the study periods (Table 1).
Second, additional training points were collected during a
field Survey in June 2024, where GPS-referenced observa-
tions were recorded to confirm irrigation status, crop type,
and field boundaries. These combined datasets enhanced
the accuracy and representativeness of the classification.
The dataset was randomly divided into two subsets: train-
ing (70%) and validation (30%). To minimise the influence
of spatial autocorrelation, training points were sampled in
R using the spsample() function with a minimum spacing
of 350 m between points. This distance threshold helped
maintain spatial independence between training and valida-
tion samples. This separation ensured that the data points
used to assess the model's accuracy were located in different
areas from those used for training, maintaining statistical
independence and minimizing spatial overlap between the

LULC Class Description
1 Bare land Exposed soil, rocky surfaces, degraded land with no or very little vegetation
2 Built-up Residential, industrial, socio-economic infrastructure, rural houses and mixed urban settlements, roads, and other

infrastructures

3 Grazing land

Where the dominant vegetation is grasses, used for grazing animals, with minimal tree (shrubs) cover, typically

characterized by open, herbaceous plant communities with less tree and shrub cover

4 Irrigated land
growth regardless of natural precipitation

5 Rainfed agriculture

Agricultural land that relies on irrigation water supply systems, ensuring consistent moisture availability for crop

Agricultural lands dependent on rainfall for crop growth, typically characterized by seasonal water availability and

varying productivity due to rainfall variability

6 Trees/forest

7 Water bodies Lakes, reservoirs, and rivers

Areas dominated by dense woody vegetation, including natural forests, woodlands, and planted trees
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two sets. Table 2 summarizes the number of training and
validation samples used for each LULC class and year in
both study areas.

2.2.3 Rainfall Data Acquisition and Variability Assessment

In addition to remote sensing data, rainfall was incorporated
as a key climatic variable to assess its influence on irrigated
land. Long-term annual rainfall records (1996-2024) were
obtained from the Ministry of Agriculture, based on data
from three rain gauge stations in Dighe and four in Gala
Nefhi. Station-level values were averaged to derive annual
rainfall for each sub zoba. Rain gauge station data were used
due to their higher reliability and the limited validation of
satellite-derived products like CHIRPS, which face accu-
racy challenges in Eritrea due to sparse and inconsistent
in-situ measurements. To evaluate both climatic variability
and deviations from historical norms, two complementary
metrics were used: the Coefficient of Variation (CV) and the
Standardized Rainfall Anomaly (SRA). The use of SRA and
CV provides a more comprehensive view of rainfall dynam-
ics, where CV reflects overall variability and SRA highlights
annual anomalies. This facilitates better contextualization of
rainfall conditions.

CV captures the relative inter-annual variability during
the study period (2015-2024) and was calculated using
Eq. 1:

cv=_2)x100
<”>X (1)

where;

6 is the standard deviation.

p is the mean annual rainfall.

SRA, which requires a long-term baseline, was computed
using data from 1996 to 2024 to assess whether a given year
was wetter or drier than average. It was calculated using

Eq. (2):

P, —
SRA, = —+—*

2
where;

P, is the rainfall in year t.

6 is the standard deviation (1996-2024).

p  is the long-term mean annual rainfall (1996-2024).

2.2.4 Horticultural Production and Market Price Data

Total horticultural production data for Dighe and Gala
Nefhi Sub zobas, covering the period from 2015 to 2024,
were obtained from the Ministry of Agriculture’s database
to examine how irrigation expansion aligns with crop yield
trends.

To examine how market dynamics relate to irrigation
expansion and production trends, a Horticultural Price Index
was used as an analytical tool. A price index is a standard

Table 2 Number of training and validation points used for supervised classification of each LULC class across the study period in Dighe and

Gala Nefhi
Sub Zoba LULC Class 2015 2018 2021 2024
Training  Validation = Training  Validation  Training  Validation  Training  Validation

Dighe Bare land 811 339 810 357 788 358 800 346
Built-up 51 25 89 50 146 65 191 72
Grazing land 2037 813 2030 812 1970 872 2028 804
Irrigated land 208 99 250 105 336 157 406 173
Rainfed agriculture 327 120 389 158 388 187 442 159
Trees/forest 173 79 237 79 303 130 293 147
Water bodies 18 11 20 9 44 10 58 19

Gala Nefhi ~ Bare land 573 214 540 241 544 237 560 221
Built-up 1366 546 1460 622 1474 607 1371 628
Grazing land 717 321 722 308 740 290 707 323
Irrigated land 658 293 721 321 802 296 743 333
Rainfed agriculture 1237 561 1208 592 1292 508 1238 562
Trees/forest 1112 466 1077 501 1095 483 1126 453
Water bodies 688 283 641 312 675 271 704 286
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economic tool used to track changes in the average prices
of a defined basket of goods over time [18]. In agricultural
research, it is commonly used to assess profitability trends,
supply responses, and market conditions influencing land
use and production decisions [8, 36]. By smoothing out
annual price fluctuations, the index enables a more meaning-
ful comparison between economic conditions, irrigated area,
and total horticultural output, offering insight into whether
observed production changes are economically driven.

A Horticultural Price Index was developed using the
five most widely produced crops in the area; tomato, onion,
potato, cabbage, and banana, selected for their consistent
dominance in local horticultural output during the study
period. Market price data, specifically mean annual prices
in Nakfa (ERN), the national currency of Eritrea, per
kilogram, were sourced from the Ministry of Agriculture
Strategic Information Division based on records from the
Asmara wholesale market, the main outlet for produce from
Dighe and Gala Nethi. The index was calculated as a simple
unweighted average, with 2015 as the base year.

The average price level of the selected horticultural crops
in year t (Price Index t) is calculated using Eq. (3).

P
—— | x100 3)
P2015

Price Index, =

where:

P, average price of the five selected crops in year t

P,y 5 average price of the five crops in the base year (2015)

2.3 Land Use/Land Cover Classification

A supervised classification approach was employed using
the Random Forest (RF) algorithm, a recognized classifica-
tion technique known for its high accuracy and robustness
in handling large datasets [16, 29, 35]. The classification

Table 3 Indices used in the study to improve the classification

process was done in Google Earth Engine (GEE), followed
by post-classification refinements to minimize errors and
misclassifications.

To improve classification accuracy and enhance class sep-
arability, a set of spectral indices was included as additional
input features. These indices were deliberately selected
based on their relevance to the spectral characteristics of
the target land cover classes (see Table 3). Testing the model
with and without spectral indices showed that their inclu-
sion improved overall classification accuracy, confirming
their role in enhancing feature separability. Gu & Zeng [24],
Mohammed et al. [44], Xiang et al. [72] are examples of
studies that effectively used spectral indices in the identifica-
tion of irrigated fields.

2.4 Accuracy Assessment

The classification accuracy was evaluated using a confu-
sion (error) matrix, which compared the classified images
with reference data. The accuracy assessment considered
key performance metrics, including Overall Accuracy,
percentage of correctly classified pixels (Eq. (4)), and
Kappa Coefficient, a measure of agreement beyond
chance (Eq. (5)) [10]. The Kappa Coefficient has been,
and continues to be, widely used in LULC classifica-
tion studies as a standard metric to evaluate the agree-
ment between classified maps and reference data while
accounting for chance agreement [12, 33, 39]. Despite its
broad application, some scholars have critiqued its useful-
ness, noting that it is often highly correlated with overall
accuracy and may offer limited additional insight [21].
Others also critique Kappa for combining quantity and
spatial allocation errors into a single metric, which can
obscure the true nature of classification inaccuracies [57].
To address these limitations and better understand the
performance of individual classes, user’s and producer’s
accuracies were computed for each year (Egs. (6) and
(7)), providing a more detailed evaluation of classifica-
tion reliability at the class level.

Index Formula Source
1 Normalized Difference Vegetation Index (NDVI) NDVI = % Rouse et al. [61]
(NIR+Red)
2 Enhanced Vegetation Index (EVI) EVI =25— (NIR-Red) Huete et al. [26]
(NIR)+(6Red—7.5 Blue)+1
3 Optimized Soil-Adjusted Vegetation Index (OSAVT) OSAV] = —WNVIR=Green) Rondeaux et al. [60]
(NIR+Red) +0.16
4 Leaf Area Index (LAI) LAl = — ln( NDVI max—NDVI_ ) iy [6]
NDVI max—NDVI min
5 Normalized Difference Built-up Index (NDBI) NDBI = gW’R*N’R Zha et al. [76]
WIR+NIR
Normalized Difference Water Index (NDWI) NDWI = M MCcFEETERS, [38]
reen+NIR
7 Modified Normalized Difference Water Index (MNDWI) MNDWI = g"—’“"—‘g"m" Xu, [73]
reen+SWIR
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Sum of major diagonal
Overall Accuracy = f maj g - x 100 4)

Sum of total correct pixels

Observed accuracy (Po) — Chance agreement (Pe

Kappa Coeffficient = y (Po) i (Fe) x 100 ®)
1 — Chance Agreement (Pe)
Producer’s Accuracy = Samples correctly identified in the column 100 (6)

Colunm Total

Samples correctly identified in the row (7

x 100

User’'s Accuracy =

Row Total

2.5 Land Use/Land Cover Change Detection
Analysis

The analysis of LULC change was conducted using a
combination of GEE for classification and R Statisti-
cal software version 4.1.3 [58] for quantitative change
assessment. After obtaining the final classified maps
from GEE, a comparative analysis was performed to
assess the percentage change in land cover area across
different periods. The percentage change in area for each
LULC class was calculated for the periods 2015-2018,
2015-2021, and 2015-2024, enabling the identification
of trends and the major periods of change across this
period. To give a better understanding of the temporal
change patterns of irrigated area, the Sen slope estimator
was applied, calculating the median rate of change across
all pairwise intervals.

To further analyze the spatial dynamics of LULC
transitions, a Post-Classification Comparison (PCC)
technique was applied to generate a LULC change transi-
tion matrix. This matrix, computed for 2015-2024, pro-
vides a detailed “from-to” change assessment, capturing
the extent of conversions between land cover classes,
such as the expansion or contraction of irrigated areas,
agricultural intensification, and loss of natural vegeta-
tion. PCC provides a pixel-level comparison across clas-
sified maps, thereby eliminating the need for radiometric
normalization between dates. It also facilitates the quan-
tification of specific land cover conversions, which is
crucial for understanding land dynamics over time [28].
The cross-tabulation matrix and associated loss and gain
statistics were calculated in R providing a more detailed
understanding of landscape transformations. Addition-
ally, an error matrix was computed to assess classifica-
tion accuracy and validate the reliability of the detected
changes.

@ Springer

To quantify the rate and direction of land cover transi-
tions across various LULC classes during the study period,
a rate of change was calculated using Eq. (8).

— 1 A2
r_<t2_t1>><ln<A_1> ®)

r=Rate of Change, A/ and A2 are land cover at time ¢; and
t, per year.

2.6 Data Analysis

The study employed a comparative trend analysis to exam-
ine how changes in horticultural production, rainfall vari-
ability, and market prices relate to the expansion of irri-
gated land over time. By analyzing the direction and rate
of change across these variables, the study offers a better
understanding of the factors influencing irrigated agriculture
in the study areas. Although rainfall, production, and price
index data were available for nine years, the irrigated area
was derived from LULC classification for only four years
(2015, 2018, 2021, and 2024). Due to the limited number of
observations for the irrigated area, no formal statistical tests
were applied to assess correlation or causality between the
irrigated area and the other variables (Fig. 3). However, to
assess potential relationships between rainfall variability and
observed production trends, an exploratory Pearson correla-
tion analysis was conducted for each sub-zoba.

3 Results
3.1 Accuracy Assessment
The overall and class-level accuracy was generally high,

with notable consistency observed in the classification of
water bodies and irrigated areas. In contrast, Built-up and
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Grazing land showed relatively low and inconsistent accu-
racy levels (Table 4).

3.2 LULC Change Dynamics

During the study period, grazing land was the dominant
LULC class in both sub zobas. Rainfed agriculture also
remained a major land cover type across the two sub zobas,
followed by varying levels of bare land in Dighe and built-up
areas in Gala Nefhi (see Tables 5 and 6). With minor fluctua-
tions, tree and forest cover remained relatively stable across
both Sub zobas. Irrigated land increased by 115.5% in Dighe
and 65.6% in Gala Nefhi, with annual growth rates of 8.53%
and 5.60% respectively (Tables 5 and 6), reflecting a shift
toward more intensive horticultural production.

The LULC classification maps for Gala Nethi and Dighe
from 2015 to 2024 (Figs. 4 and 5) illustrate distinct spatial
patterns and temporal dynamics across the study period. In

Gala Nefhi, a noticeable expansion in irrigated land (green)
is evident, particularly between 2018 and 2021, accompa-
nied by a gradual reduction in rainfed agriculture and bare
land. Dighe, irrigated areas are mainly concentrated along
the Barka River (seasonal river). These maps visually sup-
port the observed quantitative changes and confirm the dif-
fering land transformation trajectories in the two sub zobas.

3.3 Land Use/Land Cover Change Matrix (transition)

The Land Use/Land Cover (LULC) transition matrix
between 2015 and 2024 reveals notable spatial dynamics in
both Dighe and Gala Nefhi (Tables 7 and 8). Irrigated area
in Dighe displays a net gain of 54.4 km?, showing improved
persistence and expansion. Gala Nefhi also gains 13.87 km?
of irrigated area and a net loss in traditional land uses like
rainfed agriculture and grazing (Fig. 6). The Sen slope anal-
ysis indicated an annual increase of 5.56 km?/year in Dighe
and 1.55 km?/year in Gala Nefhi. These rates complement
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Table 4 Overall accuracy, Kappa coefficient, user’s and producer’s accuracy (%) for each LULC class across the study period in Dighe and Gala

Nefhi
Sub Zoba Year Accuracy LULC classes
Bare land Built up Grazing Land Irrigated Area Rainfed Trees/Forest Water
Agriculture
Dighe 2015 Producer’s 59.29 12.00 92.37 93.94 75.83 89.87 100.00
User’s 72.56 100.00 82.80 90.29 79.82 100.00 100.00
Overall 0.82
Kappa 0.71
2018 Producer’s 68.07 30.00 90.89 83.81 82.28 96.20 100.00
User’s 73.19 88.24 85.02 87.13 79.27 96.20 100.00
Overall 0.83
Kappa 0.73
2021 Producer’s 73.18 43.08 93.58 84.08 76.47 84.62 100.00
User’s 79.39 68.29 85.27 85.16 85.12 93.22 100.00
Overall 0.84
Kappa 0.77
2024 Producer’s 71.10 70.83 92.79 84.97 91.19 89.80 94.74
User’s 81.19 86.44 86.54 87.50 83.33 97.06 100.00
Overall 0.86
Kappa 0.81
Gala Nethi 2015 Producer’s 84.11 90.29 74.77 81.91 96.61 85.41 95.41
User’s 89.55 92.15 73.85 83.04 87.70 90.45 97.83
Overall 0.88
Kappa 0.86
2018 Producer’s 85.89 92.44 72.40 78.50 96.28 85.03 94.55
User’s 91.19 91.13 71.47 80.25 88.92 90.25 98.33
Overall 0.88
Kappa 0.86
2021 Producer’s 84.39 90.94 68.28 83.11 94.69 87.16 94.46
User’s 90.91 89.61 76.74 81.46 86.51 87.71 98.46
Overall 0.87
Kappa 0.85
2024 Producer’s 86.88 89.81 78.33 80.48 96.44 88.52 94.06
User’s 94.12 93.38 75.30 85.08 88.13 87.17 98.90
Overall 0.89
Kappa 0.87

the total percentage increases and confirm the faster expan-
sion in Dighe.

3.3.1 Rainfall Variability

Rainfall variability across the two sub zobas reveals dis-
tinct patterns over both the long-term period (1996-2024)
and the study period (2015-2024). Over the long term, Gala
Nefhi received higher median rainfall than Dighe, with a
narrower spread and fewer extreme outliers, suggesting a

@ Springer

relatively more stable and wetter climate. Dighe displayed
greater interannual variability, reflected in a wider range of
rainfall values and a lower median, indicating a drier and
less predictable climate. Box plots of the two regions (Fig. 7)
confirm these patterns, with Dighe showing a higher fre-
quency of below-average rainfall years.

The Standardized Rainfall Anomaly (SRA) graphs
(Fig. 8) illustrate distinct interannual rainfall variability in
Dighe and Gala Nethi from 1996 to 2024. In Dighe, extreme
negative anomalies were observed in 2001 and 2002, while
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Fig.4 Land Use/Land Cover classification maps of Dighe for the years 2015, 2018, 2021, and 2024, showing spatial distribution of seven LULC

classes, including irrigated land

positive anomalies became more frequent in recent years,
with 2019 and 2024 standing out as particularly wet years.
Gala Nefthi exhibited Sustained negative anomalies between
2002 and 2013, Suggesting a prolonged dry phase, followed
by a recovery trend with strong positive anomalies in 2023
and 2024.

The Coefficient of Variation (CV) analysis provides addi-
tional insight into rainfall stability across the two sub zobas.
Over the long-term period (1996-2024), Dighe exhibited a
higher CV (32.6%) compared to Gala Nethi (26.2%), sug-
gesting that rainfall in Dighe is more variable and less pre-
dictable than in Gala Nefhi. When narrowed to the study
period (2015-2024), the CV values slightly decreased in
both areas, Dighe at 28.1% and Gala Nefhi at 22.7%, indi-
cating a relatively more stable rainfall regime in recent
years, especially in Gala Nefhi. This contrast emphasizes

@ Springer

the differing climatic reliability between the arid lowlands
of Dighe and the more temperate highlands of Gala Nefhi.

3.3.2 Horticulture Production Trends

During the study period, horticultural production in Dighe
showed fluctuations, with total output peaking in 2016
(48,174.5 MT) and 2019 (46,814.5 MT), as shown in
Table 9. However, a gradual decline was observed after
2020, with total production decreasing to 41,000 MT by
2024. In contrast, Gala Nefhi exhibited a steady and signif-
icant increase in horticultural output, especially in vegeta-
bles, rising from 4282.8 MT in 2015 to 8090 MT in 2024.

Figure 9 illustrates the relationship between horticul-
tural production and irrigated area from 2015 to 2024,
revealing distinct patterns for the two Sub zobas. In Dighe,
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Fig.5 Land Use/Land Cover classification maps of Gala Nefhi for the years 2015, 2018, 2021, and 2024, showing spatial distribution of seven

LULC classes, including irrigated land

Table 7 Dighe LULC change matrix and the net change in terms of gains and losses (2015-2024)

LULC Bare land Built-up Grazing land Irrigated land  Rainfed Trees/forest Water bodies Total 2015  Loss
agriculture
Bare land 1087.89  20.49 269.33 9.76 34.84 2.83 1.67 1426.81 338.92
Built-Up 0.17 2.56 0.87 0.11 0.08 0.01 0.34 4.13 1.58
Grazing Land 261.35 7.88 1754.87 46.74 23.52 5.87 2.10 2102.33 347.46
Irrigated Land 1.68 0.36 5.70 30.61 0.21 7.10 1.40 47.06 16.45
Rainfed Agriculture 21.87 0.71 24.19 0.74 47.06 0.00 0.00 94.58 4751
Trees/Forest 0.83 0.36 1.50 13.46 0.01 30.14 1.23 47.53 17.39
Water Bodies 0.00 0.03 0.11 0.00 0.00 0.34 6.82 7.30 0.49
Total 2024 1373.80  32.38 2056.57 101.42 105.72 46.29 13.56 3729.74
Gain 28591  29.83 301.70 70.80 58.66 16.15 6.74

while the irrigated area increased significantly, horticul-
tural production fluctuated and even declined slightly after
peaking in 2018. Gala Nefhi displays a more positive and
synchronized trend between irrigated area and horticultural
production.

Pearson correlation analysis indicated a weak, non-signif-
icant relationship between annual rainfall and total horticul-
tural production in both sub-zobas: Dighe (r=0.22, p=0.55)
and Gala Nefhi (r=0.33, p=0.35).
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Table 8 Gala Nefhi LULC change matrix and the net change in terms of gains and losses (2015-2024)

LULC Bare land  Built-up Grazing land Irrigated land ~ Rainfed Trees/forest ~Water bodies  Total 2015  Loss
agriculture
Bare land 9.84 3.27 3.21 1.05 5.83 0.11 0.08 23.38 13.54
Built-up 1.77 25.71 5.21 1.16 7.43 0.45 0.11 41.85 16.13
Grazing land 2.04 2.09 114.86 6.38 5.61 12.39 0.19 143.57 28.71
Irrigated land 0.13 0.85 3.88 10.08 4.55 1.40 0.26 21.14 11.06
Rainfed agriculture ~ 4.06 6.90 6.23 12.51 69.69 0.68 0.32 100.39 30.70
Trees/forest 0.10 0.19 8.94 3.32 0.60 41.48 0.15 54.79 13.31
Water bodies 0.06 0.07 0.27 0.51 0.17 0.10 1.03 2.22 1.19
Total 2024 18.01 39.09 142.61 35.01 93.89 56.60 2.15 387.35
Gain 8.17 13.37 27.74 24.93 24.19 15.12 1.11
12.5
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Fig.6 Net change (gain—loss) for each LULC class 2015-2024

3.3.3 Horticultural Crops Price Index

The horticultural price index, developed using the average
annual prices of five major horticultural crops in the coun-
try’s main market (Fig. 10), consistently declined after 2015,
reaching its lowest point between 2019 and 2021 before
experiencing a modest recovery.

4 Discussion
This study examined the spatial and temporal expansion of

irrigated agriculture in Dighe and Gala Nefthi Sub-zobas
of Eritrea from 2015 to 2024 using Sentinel-2 images to

@ Springer

analyze its connection with horticultural production, cli-
mate variability, and price trends. Satellite images offer
a scalable and cost-effective tool for monitoring irrigated
land expansion and water use [20], however, their applica-
tion is often constrained by methodological uncertainties,
such as inconsistent validation techniques and variability
in reference datasets [22]. Several studies in Africa have
effectively used Sentinel-1 and Sentinel-2 imagery to map
irrigated areas in smallholder farming systems [32, 53, 74].
This demonstrates their ability to detect small-scale irrigated
fields, although very small and fragmented plots might still
be overlooked due to resolution limits.

In this study, images were acquired during the dry sea-
son, when the spectral contrast between irrigated and rainfed
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Fig.7 Boxplot comparison of annual rainfall variability in Dighe and Gala Nethi sub-zobas for the study period (2015-2024) and the long-term

period (1996-2024). Source: Ministry of Agriculture, Eritrea

fields is at its peak. Similarly, a study in Burkina Faso [75]
used images of post-harvest months (October—November)
to achieve optimum classification results. This shows that
remote sensing, combined with agronomic knowledge and
additional data, offers reliable information, especially for
irrigation mapping, which involves interpreting vegetative
signals and understanding farmers’ seasonal crop and water
management practices [55].

The overall classification exceeded the threshold of
80%, indicating a high level of classification reliability
[11, 39]. However, low producers’ accuracy in built-up
and bare land could be due to spectral confusion between
rural structures with soil or thatch roofs and adjacent bare
or sparsely vegetated land. This suggests that classes with
mixed or transitional spectral signatures are challenging to
classify consistently across various spatial and temporal
contexts. A similar challenge has been highlighted by [13]
and [34] who observed frequent misclassification between
classes with similar spectral reflectance. Conversely, irri-
gated areas demonstrate high classification accuracy, indi-
cating that they are mapped with strong completeness and
reliability.

While irrigated area increased in both regions, the link
between area expansion and horticultural production was
inconsistent, with Dighe displaying production volatility
despite irrigation growth. Gala Nefhi showed a more syn-
chronized trend between irrigated area and horticultural
output, especially in the later years of the study period.
The discrepancy between area expansion and production
growth observed in Dighe could be due to differences in
the quality or availability of complementary support sys-
tems, such as extension services, input access, and farmer
training, which significantly enhance productivity out-
comes under irrigated conditions. Studies like Dube [15],
Koech et al. [31] and Stevens & Ntai [66] have shown
that the success of irrigation investments often depends
on effective support systems that help farmers adopt and
manage irrigation technologies optimally, further reinforc-
ing this hypothesis.

Production response to rainfall varied notably between
the two study areas. In Dighe, horticultural output did not
consistently align with fluctuations in rainfall or the expan-
sion of irrigated area, whereas in Gala Nethi, there was a
similarity between rainfall trends, irrigation growth, and
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Standardized Rainfall Anomaly (SRA) in Dighe (1996-2024)
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Fig.8 Standardized Rainfall Anomaly (SRA) trends from 1996 to 2024 for Dighe a and Gala Nethi b

increased production, particularly in the earlier years of
the study period. The difference in trend is likely linked
to differences in irrigation water sources. Dighe relies
primarily on groundwater wells, which are less immedi-
ately responsive to short-term rainfall variability, while
Gala Nefhi depends on micro-dams, making its produc-
tion more sensitive to interannual rainfall fluctuations. This

@ Springer

interpretation is supported by the analysis of Standardized
Rainfall Anomaly (SRA) and Coefficient of Variation (CV),
which indicates substantial interannual rainfall variability
in both locations, with Dighe exhibiting higher long-term
climatic unpredictability (CV =32.6%) compared to Gala
Nethi (CV =26.2%). Expansion of irrigated area in both
sub zobas, shows that the expansion was not directly driven
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Table 9 . Annual horticultural Year Dighe Gala Nethi Dighe Gala Nefhi
production (Vegetables and
Fruits) in metric tons (mt) for Vegetable Fruits Vegetable Fruits Total horticulture Total horticulture
dighe and gala nefhi sub zobas (mt) (mt) (mt) (mt) (mt) (mt)
(2015-2024). Source: Ministry
of agricu]ture reports 2015 19,980.0 26,830.0 3788.0 494.8 46,810.0 4282.8

2016 20,294.5 27,880.0 3805.0 414.0 48,174.5 4219.0

2017 20,986.0 19,112.5 4343.0 331.6 40,098.5 4674.6

2018 21,057.0 20,326.0 4677.5 344.5 41,383.0 5022.0

2019 24,886.0 21,928.5 5026.3 764.5 46,814.5 5790.8

2020 23,353.0 19,655.5 5912.5 275.0 43,008.5 6187.5

2021 20,408.0 20,862.5 8370.8 218.0 41,270.5 8588.8

2022 20,408.0 20,862.5 8200.0 210.0 41,270.5 8410.0

2023 19,704.0 21,431.3 8050.0 200.0 41,1353 8250.0

2024 19,000.0 22,000.0 7900.0 190.0 41,000.0 8090.0

by short-term rainfall trends. An exploratory Pearson cor-
relation further reinforced this pattern, showing weak and
non-significant associations between annual rainfall and
total horticultural production in both sub-zobas. This aligns
with Owusu et al. [54], who demonstrated that small reser-
voirs in West Africa stabilize agricultural production, and
Aguilar et al. [2], who highlighted the role of irrigation and
secure water access in building resilience to water scarcity.
The findings also reflect long-term strategic investments in
water infrastructure in Eritrea, including the construction
of numerous small, medium, and large dams, which played
a transformative role in expanding irrigation and promot-
ing agricultural self-sufficiency [4]. This has been part of
the government’s broader self-reliance and food security
agenda, aimed at adapting to the erratic rainfall patterns
of the country [43, 46, 71]. Similar findings were reported
in the Kilombero Valley of Tanzania, where local invest-
ments in smallholder irrigation infrastructure significantly
influenced land use change, enabling more intensive and
stable cultivation in irrigated areas compared to the wider
landscape [3]. Hence, the increase in irrigated land in both
sub zobas is best explained as an outcome of sustained
policy interventions and infrastructural development aimed
at enhancing resilience and ensuring long-term water and
food security.

The trend of change in the horticultural price index and
the irrigated area of both Dighe and Gala Nethi shows a dis-
tinct divergence: while irrigated land expanded steadily, the
price index declined Substantially after 2015 and remained
below the baseline throughout the study period. This inverse
relationship suggests that irrigation development in these
sub zobas was not driven by short-term market incentives,
but rather by structural and institutional factors such as pub-
lic investment in water infrastructure and policy support

focused on food security and agricultural resilience. This
aligns with the findings of Pittock et al. [56], who proposed
the need for systemic interventions, such as institutional
reform, investment in maintenance, and capacity building,
to sustain irrigation outcomes beyond economic returns.
Similarly, Shah et al. [64] highlighted that in Sub-Saharan
Africa, irrigation expansion is often driven by farmer-led
initiatives supported by favorable government policies and
donor programs, rather than fluctuations in crop prices.
These broader regional insights reinforce the interpreta-
tion that non-market drivers, such as land availability, water
access, and extension services, play a pivotal role in shaping
irrigation patterns.

The findings highlight that the expansion of irrigated
agriculture in Eritrea has been shaped more by long-
term policy, infrastructure, and institutional factors than
by short-term economic or climatic signals. This under-
scores the importance of integrated planning that com-
bines physical investment with farmer support systems to
ensure sustainable agricultural development in semi-arid
environments.

5 Conclusion and Recommendations

This study demonstrates the practical use of remotely
sensed data to quantify the change in irrigated fields in
two distinct agroecological areas of Eritrea between 2015
and 2024 and links it with rainfall patterns, production
data, and price fluctuations. The study revealed signifi-
cant irrigation expansion in both areas, with notable dif-
ferences in productivity outcomes. In Dighe, though there
is a huge expansion in irrigated area, horticultural yields
remained inconsistent, likely due to limited extension

@ Springer
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Fig.9 Trends in horticultural production and irrigated area (a) Dighe and (b) Gala Nefhi from 2015 to 2024
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support and greater climatic variability. In contrast, Gala
Nefhi exhibited a more synchronized trend between irri-
gation growth and output, supported by reliable micro-
dam infrastructure and a relatively stable agro-climatic
context.

The analysis was limited by the resolution of satellite
imagery, lack of detailed socio-economic data, and the
focus on only two sub zobas, which may not fully reflect
national trends. To build on these findings, future research
should employ higher-resolution and multi-temporal satellite
imagery to capture crop phenology and seasonal variabil-
ity more accurately and incorporate larger, well-distributed
training datasets for improved classification and interpre-
tation. Future studies are also encouraged to disaggregate
horticultural production by crop type, to better understand
crop-specific water demands and irrigation patterns. Addi-
tionally, more frequent and detailed data can help identify
factors that influence irrigation expansion using inferential
statistics.

From a policy and practice standpoint, irrigation inter-
ventions must include micro-dam optimization, groundwa-
ter recharge coupled with robust extension services, timely
input supply, and better market access. Climate adaptation

strategies, such as drought-tolerant crop varieties, localized
water budgeting, and early warning systems, are also essen-
tial to buffer against rainfall variability, build national food
system resilience, and ensure the sustainability of horticul-
tural production.
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