Earth System
Science

Data

https://doi.org/10.5194/essd-2026-603
Preprint. Discussion started: 20 August 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

1 IrrEM (Irrigation in the eastern Mediterranean): Two and a half
> decades of seasonal high-resolution irrigated land maps of the eastern

3 Mediterranean

Esmaeel Adrah!, Luca Brocca?, Emine Senkardesler®, He Yin> %>

! Department of Geography, Kent State University, Kent, OH, USA

2 Research Institute for Geo-Hydrological Protection, National Research Council, Perugia, Italy

3 Department of Informatics, University of Illinois Urbana-Champaign, Champaign, IL, US

4 School of Environment, Society & Sustainability, University of Utah, Salt Lake City, UT, USA
5 Scientific Computing and Imaging Institute, University of Utah, Salt Lake City, UT, USA

S O 03N W N

11 Correspondence to:

12 Esmaeel Adrah (eadrah@kent.edu | esmaeelad@gmail.com)
13 He Yin (he.yin@utah.edu)

14 Abstract. Irrigation supports food security, drought resilience, and economic growth, but strains water resources and the
15 environment. The eastern Mediterranean is a water-stressed region that relies heavily on agriculture. However, long-term irrigation
16 patterns and their response to the regional challenges, such as frequent droughts and a war-torn agricultural system, remain poorly
17 studied. NASA’s satellite archive and recent remote sensing advancements offer an opportunity to fill this gap and support informed
18 decision-making; however, adapting these tools to data-scarce regions and varying conditions remains a challenge. In this study,
19 we present IrrEM (Irrigation in the eastern Mediterranean), which leverages the long-standing Landsat archive, a technique less
20 reliant on training data, and cloud computing to map summer and winter irrigation extent at 30-m spatial resolution for the last 26
21 years in the eastern Mediterranean. We first processed each Landsat image into relative soil moisture using the Optical Trapezoid
22 Model (OPTRAM). Next, we derived spatial and temporal irrigation indicators by tracking irrigation-induced changes of relative
23 soil moisture across time and space, then used them to delineate irrigation extent. Evaluated against independent reference data,
24 the maps achieved F-scores—the harmonic mean of precision and recall— ranging from 0.67 to 0.85. The open-access release
25 comprises the annual summer and winter irrigation maps, ancillary layers (per-season counts of valid satellite observations and
26 detected irrigation events), the OPTRAM parameters, the labelled reference data, the processing code, and an interactive web

27 viewer (DOI: https://doi.org/10.5281/zenodo.17574601). Our study provides reproducible, timely, long-term, high-resolution

28 irrigation maps for the eastern Mediterranean, freely available to support informed decisions, policy design, international aid, and

29 further research in climate, agronomy, hydrology, and human-environment interaction.

30 1 Introduction

31 Irrigated areas account for 40% of global food production, yet 70% of global water withdrawals (Foley et al., 2011; McDermid
32 et al., 2023; Mehta et al., 2024). Monitoring long-term spatial and temporal patterns of irrigation is essential for agricultural
33 management (Mueller et al., 2017; Thiery et al., 2020), assessing water withdrawals (Pefia-Arancibia et al., 2020; Rodell et al.,
34 2018), energy consumption patterns (D’Odorico et al., 2018), food production patterns and their dynamics (Liu et al., 2017; Schultz
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35 et al., 2005), and socio-political dynamics (Dari et al., 2024a), especially in the context of climate change. However, information

36 about irrigation areas remains difficult to obtain and is often unavailable in data-scarce regions, such as the eastern Mediterranean.

37 The eastern Mediterranean region is experiencing rapidly changing irrigation and food production patterns as water scarcity,
38 prolonged droughts, displacement, conflict, and socio-political instability increasingly intersect. These pressures are particularly
39  important in a region where agriculture depends heavily on limited and unevenly distributed water resources (Auda et al., 2024;
40 FAO, 2021; Kaniewski et al., 2012; Li et al., 2022; Palatnik et al., 2025). Prolonged droughts and conflicts have further intensified
41 this vulnerability (Atik et al., 2024; Miiller et al., 2016), while geopolitical tensions over transboundary water resources complicate
42 cooperative management efforts (FAO, 2009; Hasan et al., 2019). Despite the importance of irrigation for sustaining food
43 production under these conditions, how these interacting challenges have reshaped the spatial and temporal patterns of irrigation

44 remains poorly understood, largely due to the lack of reliable, long-term documentation on irrigation dynamics.

45 Despite the critical need for long-term high-resolution irrigation information across the eastern Mediterranean, existing
46 datasets covering the region suffer from major limitations in spatial resolution, temporal frequency, geographic completeness, and
47  mapping accuracy. Irrigation information is usually acquired from maps of areas equipped for irrigation, survey, remote sensing
48 maps, or combined products. However, reliable irrigation data in the region remains critically limited; even when government
49 records are available, they are often coarse, outdated, or of questionable accuracy (Auda et al., 2024; Fader et al., 2016; Kaniewski
50 etal., 2012). The eastern Mediterranean is characterized by highly dynamic agricultural practices driven by seasonal water scarcity,
51 interannual climate variability, shifting socio-political conditions, demographic changes, and displacement. As a result, irrigation
52 patterns can change from season to season and across years, and information about area equipped for irrigation fail to capture these
53 dynamics as they are updated infrequently and generally reflect single-year snapshots or intervals of several years to decades

54 (Siebert et al., 2013).

55 Remote sensing offers cost-effective spatial and temporal coverage for the long-term monitoring of irrigation practices across
56 diverse landscapes, effectively complementing traditional in situ methods (Ambika et al., 2016; Deines et al., 2019; Meier et al.,
57 2018). However, existing maps in the eastern Mediterranean remain inadequate for delivering long-term, high-resolution data on
58 irrigation dynamics for different set of challenges. Most available products are either global in scope or produced at coarse spatial
59 resolutions (e.g., 250 m to several kilometers), limiting their ability to capture the region's spatial heterogeneity and temporal
60 dynamics (Meier et al., 2018; Nagaraj et al., 2021; Salmon et al., 2015; Siebert et al., 2013). Although these datasets support large-
61 scale assessments, their coarse resolution constrains applications requiring field-scale information (Velpuri et al., 2009; Xie et al.,
62 2021). While high-resolution products has been developed to address this, the majority of high-resolution products covering the
63 eastern Mediterranean are either a snapshot presenting only a single year (Van Tricht et al., 2023; Wu et al., 2023) or are
64 geographically limited to individual basins or small study areas (Jaafar et al., 2015; Rufin et al., 2021). Additionally, even when
65 irrigation products are available globally, they are often based on models predominantly trained on reference data from data-rich
66  regions like the United States and Europe. As a result, they often fail to transfer to a new region such as the eastern Mediterranean,
67  producing substantial classification errors across different heterogeneous geographies. For example, despite the overall satisfactory
68 accuracy of the Landsat-Derived Global Rainfed and Irrigated-Cropland Product (LGRIP) and achieving high accuracy in the
69 training region, it misclassifies the majority of rainfed agriculture in Syria and Turkey as irrigated, contradicting official statistics
70 indicating that much of the cultivated land is rainfed (Teluguntla et al., 2023). Consequently, a critical need remains for high-

71 resolution, temporally continuous irrigation records tailored to the eastern Mediterranean region.
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72 Regional high-resolution irrigation datasets can be produced using remote sensing, helping overcome limitations associated
73 with generalized, and coarse products. However, producing reliable maps for the eastern Mediterranean requires methods suited
74 to data-scarce regions. Regional annual irrigation maps have been successfully developed for data-rich regions such as Europe, the
75 United States, and China, where robust data availability supports such efforts. These approaches often rely on statistical and
76  machine learning techniques to produce datasets such as ClrrMap250 (Zhang et al., 2024), LANID (Xie et al., 2021), IrrtMapper
77 (Ketchum et al., 2020), and regional maps for CONUS (Booth and Kucharik, 2025) and the High Plains Aquifer (Deines et al.,
78 2019). While these methods often achieve high accuracy, they depend heavily on training data, and their applicability is typically
79 limited to the regions where they were developed. As a result, data-scarce regions like the eastern Mediterranean require approaches
80  that reduce reliance on extensive training data; however, such methods remain underutilized for irrigation monitoring in these

81 areas.

82 Irrigation mapping approaches that rely less on training data have been developed by tracking the physical characteristics of
83  vegetation or soil, particularly soil moisture. These soil-moisture-based methods overcome the challenges of data scarcity by
84 focusing on physical irrigation indicators, enabling the dynamic mapping of irrigated areas without requiring extensive training
85 datasets (Dari et al., 2021; Escorihuela and Quintana-Segui, 2016; Kumar et al., 2015; Lawston et al., 2017; Le Page et al., 2020).
86 While most of these studies rely on coarse-resolution satellite soil moisture products (Bazzi et al., 2022; Dari et al., 2024b), the
87 need remains for a high-resolution irrigation mapping approach. Recently, there has been a growing interest in models for higher-
88  resolution relative soil moisture estimates derived from optical sensors, such as the Optical Trapezoid Model (OPTRAM),
89 leveraging the long historical record and relatively fine spatial and temporal resolutions of sensors such as Landsat and Sentinel-2

90 (Sadeghi et al., 2017).

91 This study leverages the OPTRAM model to estimate soil moisture from Landsat and utilize recent methodological
92 development to produce high-resolution annual irrigation maps for the eastern Mediterranean. By reducing dependence on training
93 data while exploiting the long historical record and fine spatial resolution of Landsat imagery, this work addressed a critical
94 regional data gap and provides the long-term irrigation information needed to better understand agricultural change, water use, and

95 regional water security under increasing climate and socio-political pressures.

96 2 Materials and methods

97 We employed a three-step framework to map irrigation extent across the eastern Mediterranean region (Fig. 1). First, we

98 processed all available Landsat imagery covering the eastern Mediterranean region, including entire Syria, southern Turkey, and

99 northern Jordan from 2000 to 2025 to derive relative soil moisture using the OPTRAM. Second, we utilized generated relative soil
100 moisture dataset, in conjunction with rainfall data, to develop pixel-based irrigation indicators: (a) the artificial increases in relative
101 soil moisture not attributable to rainfall, (b) the relative difference of soil moisture of the pixel of interest, and (c) the pixel’s
102 neighborhood change. Third, we applied these irrigation indicators to generate a binary map of irrigated versus non-irrigated areas.
103 We then applied post-processing and masking to focus on agricultural land only. Finally, we evaluated the resulting maps using
104 reference data, which included both existing datasets and manually collected samples.
105 We also used the Soil Moisture Active Passive Satellite mission (SMAP) to validate the calibration of OPTRAM-derived
106 relative soil moisture. Additionally, we used rainfall data from Climate Hazards Group InfraRed Precipitation with Station data
107 (CHIRPS) (Funk et al., 2015) to distinguish changes in relative soil moisture attributable to rainfall. To evaluate the accuracy of

108 the final maps, we employed a combination of existing maps of the area equipped for irrigation and manually collected reference
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109  points. These reference points were obtained from interpreting high-resolution satellite imagery, ancillary data of irrigation
110 infrastructure, and expert knowledge. Table 1 provides a summary of input datasets and their respective roles in map development.
111 The following three sections detail the processing steps employed in this study.
Step 1: Processing Landsat images to OPTRAM relative soil moisture
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113 Figure 1: Overall methodology to produce seasonal irrigated land extent
114
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115 Table 1: Summary of input datasets

Data Type Acquisition source Resolution Purpose

To derive relative soil moisture imagery,
SWIR, Red, Blue bands Landsat 5, 7, 8, 9 30 m which is processed into annual irrigation

indicators

To ensure proper calibration of the

OPTRAM model and compare with the

Surface soil moisture SMAP (Entekhabi et al., 2010) 9 km
aggregated relative moisture as an
intermediate quality control
Climate Hazards Group Infrared To rule out the impact of rainfall events
Rainfall Precipitation with Station data 5 km on relative soil moisture (8 days) when
(CHIRPS) (Funk et al., 2015). deriving irrigation indicators

116 2.1 Deriving OPTRAM relative soil moisture from Landsat imagery

117 The OPTRAM is grounded in the physical relationship between soil moisture and shortwave infrared transformed reflectance
118 (STR), with its parameters derived from the distribution of pixels within the STR-Vegetation space (Sadeghi et al., 2017). This
119 model was applied and tested to derive relative soil moisture for various applications and across different regions (Ambrosone et
120 al., 2020; Longo-Minnolo et al., 2022; Mananze and Pdgas, 2019; Mokhtari et al., 2023; Risénen et al., 2022), including mapping
121 irrigated area (Longo-Minnolo et al., 2022; Yao et al., 2022). The OPTRAM-derived relative soil moisture equation is as follows:

122 g — STR=STRq _ __ ig+sq NDVIZSTR )

STRyw—STRq  (ig—iw)+(Sq—Sw )NDVI

123 Where: S [m*/m?] is the soil moisture for each pixel, iq, sq [] are the parameters of the linear relationship between STR4 and
124 Normalized Difference Vegetation Inde (NDVI) for dry edges (STRy = iy + sq NDVI), iw, sw[] are the parameters of the linear
125 relationship between STR,, and NDVI for wet edges (STR,, = i, + s, NDVI), STR [] is the short-wave infrared (SWIR)

_ 2
126 transformed reflectance (STR = %), NDVI [] is the normalized ratio between near-infrared (NIR) and red (RED)
127 reflectance ( NDVI = LRRED
NIR+RED
128 An essential step in applying OPTRAM is defining the wet and dry edges to calibrate the model parameters

129 (iq, Sq » iw» Sw ). For calibration, we developed separate models for each Landsat footprint across a full year and tested three distinct
130 calibration methods: (1) manual identification of wet and dry edges (Sadeghi et al., 2017), (2) adjusted parametrization based on
131 SMAP data and land cover classification (Mohamadzadeh et al., 2025), and (3) linear fitting of NDVI-STR space for each scene
132 over two years (Yao et al., 2022). We selected the third method based on an experimental comparison of the performance of each
133 approach, using correlation and consistency between sampled Landsat images and SMAP soil moisture as a benchmark. Hence,
134 we calibrated the model for each Landsat footprint by performing a linear fit in the NDVI-STR feature space for every footprint
135 and each year. The calibration used Landsat observations from the current year together with data from the preceding year to ensure
136 sufficient number of observations for linear fitting within Google Earth Engine (GEE). The resulting model parameters were
137 generated for every Landsat footprint and year and are provided in the accompanying open-access data release.

138 As quality control of the calibration using linear fitting of NDVI-STR space, we compared the final output of OPTRAM
139 and SMAP. To do so, we temporally matched each OPTRAM relative soil moisture image with the corresponding SMAP image

5
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140  and aggregated the OPTRAM pixels within each SMAP pixel using the mean value. Subsequently, we calculated Pearson’s
141 correlation coefficient (R) and root mean square error (RMSE) for each pair of matched Landsat imagery and SMAP. Because
142 OPTRAM provides a measure of relative soil moisture and lacks a native physical scale, we linearly scaled the aggregated
143 OPTRAM values to match the dynamic range of the SMAP observations. While this scaling is necessary to calculate RMSE,
144 Pearson’s correlation coefficient remains independent of this linear transformation. Given the known underestimation of soil
145 moisture by SMAP (Fan et al., 2020), and the fact that OPTRAM estimates relative rather than absolute soil moisture lacking a
146 meaningful physical scale, we focused the comparison on the correlation, which is the more relevant measure for our study’s
147 objective, as we are primarily using OPTRAM estimates as an indicator rather than as precise soil moisture values.

148 The OPTRAM-SMAP comparison was conducted for four Landsat footprints covering Landsat WRS Row 35 across four
149 WRS Paths (171,172,173,174) covering our study areas' climate variability from the coastal area in the west to the inland dry area
150 in the east. The comparison covered the full period of SMAP data availability, from 2015 to 2025 (Fig. A1-3). For the remaining
151 footprints, and given the expensive computation required for this comparison, we sampled 50 random images from each remaining

152 footprint and compared it to SMAP (Fig. A4).

153 2.2 Deriving temporal and spatial irrigation indicators

154 To distinguish between irrigated and non-irrigated land, we applied three criteria based on changes in OPTRAM relative
155 soil moisture for each season. The temporal indicator identifies irrigation signals as artificial increases in soil moisture. To ensure
156 that these increases are attributable to irrigation, we excluded any signals occurring within 8 days of rainfall events by integrating
157 precipitation data. This temporal filtering helped to isolate irrigation-related moisture increases (Fig. 1-Step 2).

158 In addition to the temporal indicator, we employed a spatial-anomaly approach based on the temporal stability theory
159 applied to irrigation mapping (Dari et al., 2021, 2024b, 2025). Using OPTRAM-derived relative soil moisture, we calculated the
160 relative difference in soil moisture as an indicator for irrigation, under the assumption that irrigated areas typically exhibit higher
161 average soil moisture compared to non-irrigated areas when no rainfall occurs. We used a conservative threshold of relative
162 difference larger than zero as a qualifying criterion, rather than relying on optimized thresholds or clustering algorithms.

163 Next, we applied a spatio-temporal criteria that considered soil moisture changes in the neighborhood surrounding each
164 pixel of interest. That is, in addition to the previous two criteria, a pixel was mapped as irrigated only when its soil moisture
165 increased while the average soil moisture of its neighboring pixels decreased or stagnated. This criterion was designed to
166  distinguish localized irrigation signals from broader moisture increases caused by regional environmental conditions. We tried a
167 square neighborhood radius of 500, 1000, 1500, 2000, 2500, 3000, 3500, 4000, 4500, 5000, 10000 m. Because the resulting spatial
168 patterns were stable for radius between 1000-5000 m, we hence we selected a radius of 2500 m to compute neighborhood-average
169 soil moisture.

170 For each image, a pixel was labelled as irrigated only if it met the three above criteria in a given season. Given the rainy
171 season and cropping patterns in the region, we considered two periods of analysis: winter irrigation from October to April,
172 excluding December, January, and February) summer irrigation from May to September. We then counted the number of detected
173 irrigation events within each season. A pixel in a seasonal map was classified as irrigated in a seasonable map if it had at least one
174 irrigation event meeting during that season.

175 2.3 Post-processing

176 To address potential inconsistencies in irrigation detection caused by varying observation density, we applied a temporal
177  smoothing based on the number of valid observations available for each pixel in each year. Smoothing was performed only for

178 pixels with fewer valid observations than the 25th percentile of the observation distribution at that location (Fig. A6). We used a
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179  weighted five-year moving average, with weights proportional to the number of valid observations during the study season. This
180 approach has significantly improved spatial consistency and reduced temporal gaps while having minimal effect on the final
181 accuracy assessment (Fig. A7). We released both the original and temporally smoothed irrigation maps in the data release. Unless
182 otherwise noted, all subsequent analyses were conducted using the smoothed dataset. To further reduce salt-and-pepper noise in
183 the final irrigation maps while preserving larger, coherent irrigation patches, we applied an 8-pixel connected filter. We applied a
184 90 m square-kernel majority (mode) filter only to pixels belonging to small patches containing fewer than 50 connected pixels.
185 Pixels within larger patches (=50 connected pixels) retained their original classification. This conditional filtering limits smoothing
186 to small, potentially spurious features while preserving the spatial integrity of larger irrigation areas, allowing contextual
187 information from surrounding pixels to reduce noises, correct misclassified pixels, and consolidate fragmented regions (Hirayama
188  etal., 2019).

189 2.4 Accuracy assessment

190 We followed established recommendations for assessing the accuracy of generated irrigation maps (Foody, 2009;
191 Olofsson et al., 2013, 2014). Given the limited availability of reference data, we used manually collected reference samples
192 supplemented by the datasets listed in Table 1. These reference samples were manually derived based on visual interpretation of
193 very high-resolution imagery from Google Earth, in addition to utilizing ancillary datasets to infer irrigation status. We followed
194 visual interpretation procedures from recent irrigation-extent validation frameworks (Dari et al., 2021; Deines et al., 2017, 2019;
195 Xieetal., 2019, 2021; Xie and Lark, 2021; Zhang et al., 2024). Below, we detail the sampling design, response design, and analysis
196 of our accuracy assessment.

197 Because irrigated areas exhibit substantial spatial heterogeneity, we used a stratified random sampling design to generate validation
198 samples. We determined the sample size based on a planning value for the population proportion of 0.5, a target standard error of
199 0.05 for irrigated areas, and a 95% confidence level (Eq. 2) (Foody, 2009). This resulted in a desired sample of 400 pixels over 26
200 years.

2ipx(p—
201 n= ZpE—gpl) )

202 Where n is the desired sample size, Z is the level of confidence according to the standard normal distribution (z = 1.96 for 95%
203 confidence); p is the population proportion, and E margin of error.

204 For the response design, we assigned validation labels by visually interpreting very high-resolution satellite imagery for
205 each available year to determine whether a sample was irrigated or non-irrigated. These included inspecting greenness and crop
206 growth during the dry season, contrast with surrounding fields, and textural patterns. We also inspected specific irrigation features
207 such as preparation patterns for furrow irrigation (Fig. 2-a), center-pivot infrastructure (Fig. 2-b), filled or partially filled reservoirs
208 (Fig. 2-c), proximity to canals and mapped irrigation infrastructure (Fig. 2-d), and correspondence with polygons of area equipped
209 for irrigation and irrigation infrastructure network (Table 2). A validation label was assigned only when multiple independent lines
210 of evidence supported the interpretation. In addition, seasonal NDVI profiles were reviewed before final labeling, and difficult
211 cases were resolved in consultation with co-authors with regional expertise.

212 To maintain rigor and transparency of the labeling process while acknowledging the inherent uncertainty of labeling
213 irrigation from imagery, we implemented a flexible reference labeling protocol. When visual interpretation confidence was low,
214 samples were labeled as “uncertain,” and when no reliable conclusion could be drawn, an “N/A” label was assigned. Samples
215 labeled as “N/A” were excluded from the quantitative accuracy assessment. Furthermore, years lacking suitable high-resolution
216 imagery were removed from the reference set for the corresponding sample, reducing the final usable sample size to 2,528.

217 To ensure consistency among reference data collectors, all collectors were trained using a common interpretation protocol.

218 In addition, each collector was assigned 25 randomly selected sample pixels that were also assigned to other collectors, enabling

7
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219 an assessment of inter-collector consistency. Each of these samples was independently labeled by two collectors. In cases of
220  disagreement, an additional reviewer acted as a tiebreaker, either assigning the final label or making the point as “uncertain”.

221 Finally, for each annual map, we constructed the error matrix and four accuracy metrics: Overall Accuracy (OA),
222 Producer’s Accuracy (PA), User’s Accuracy (UA), and F1 score, calculated as F1 = 2xUAXPA/(UA + PA), which represents a
223 harmonic mean of precision and recall. Additionally, we conducted and reported the analysis twice: once including the “uncertain”

224 labels and once excluding them, considering only high-confidence data.

225

226

227 Figure 2 Examples of visual characteristics and spatial patterns used as indicators for labeling reference: a) furrow irrigation, b) pivot
228 irrigation, c) field reservoir and management, d) proximity to canal and management. Sampling locations shown on satellite imagery
229 from Google Earth. Image © 2025 Maxar Technologies, Image © 2025 CNES/Airbus accessed through Google Earth Pro

230 Table 2: Overview of auxiliary reference data and imagery sources evaluated during reference labeling.

Data Type Acquisition source Resolution

) Government agencies (FAO,
Maps of the area equipped for o )
2008; Ministry of Agriculture Vector data (Polygons)

irrigation
and Forestry, 2025)
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Data Type Acquisition source Resolution
Field and reference data from )
) ) (Kamkho, 2015) Vector data (Points)

previous studies

GRAIN: Irrigation infrastructure (Suresh et al., 2025) Vector data

GMIE: Global maximum irrigation

(Tian et al., 2025) 100 m
extent and central pivot irrigation
) ) o Maxar, Worldveiw, Planet are
High-resolution satellite images ] ) 0.2-3m
available in Google Earth

NDVI time series Landsat and Sentinel-2 10-30 m
231
232 3 Results
233 3.1 Parametrization of OPTRAM relative soil moisture
234 Our OPTRAM-derived relative soil moisture showed acceptable agreement with SMAP surface soil moisture across most

235 Landsat footprints (Fig. 3, Fig Al-4). An average Pearson’s correlation coefficient (R) of approximately 0.5 supports the
236 application of OPTRAM as an indicator of relative, irrigation-driven soil moisture dynamics rather than a precise measure of
237 absolute soil moisture magnitude. Notably, poor correlations (low R values) generally corresponded to images with extensive pixel
238 masking due to clouds, shadows, or artifacts (Fig. Al). Nevertheless, spatial patterns remained consistent within the unmasked
239 areas of these scenes (Fig. Al). The limitations associated with masked pixels and valid observations are mitigated through post-
240  processing, detailed in Section 2.3 and discussed further in Section 4.2.2.

241 Visual inspections of OPTRAM-derived relative soil moisture showed that the model captured expected regional patterns,
242 including realistic spatial gradients and coherent seasonal trajectories. The observed contrast between croplands and sparsely
243 vegetated areas was consistent with known cropping patterns in the region (Fig. 3-c and 3-d). The spatial and temporal variability
244 of OPTRAM outputs reflected differences in land cover, soil conditions, and closely followed regional irrigation and cropping
245 cycles (Fig. AS).

246 Together, the correlation with SMAP, realistic land-cover-dependent spatial patterns, and coherent seasonal dynamics
247 indicated that OPTRAM was appropriately parametrized for the study objective: detecting irrigation signals through anomaly
248 tracking and the identification of artificial moisture increases (Fig. 3-a, 3-b, Fig. A1-4).
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Figure 3 Comparison between SMAP and OPTRAM surface soil Moisture at the Landsat footprint. (a) Correlations and RMSE of all
Landsat images between 2015 and 2025 (WRS path 172, WRS row 35). (b) Scatter plot of SMAP and OPTRAM for May 11" 2016
(WRS path 172, WRS row 35). (¢) OPTRAM relative soil moisture based on Landsat image (WRS path 172, WRS row 35), May 11,

2016. (d) Inset map of Landsat image processed to Relative soil moisture at 30 m resolution using OPTRAM.

3.2 Annual irrigation mapping

We generated annual summer and winter irrigation extent maps for the 2000-2025 period. To facilitate data exploration,
the full 26-year time series of these maps is available to view and interact with via our online web application (https://water-

middleeast.projects.earthengine.app/view/irrem). Across the 26-year record, the spatial distribution of detected irrigation aligns

10
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258 closely with known agricultural patterns and regions of intensive crop production (Fig. 4-5). High-productivity areas, such as river
259 valleys and large-scale farming zones, consistently exhibited extensive irrigation coverage. Prominent examples include the
260  Euphrates, Khabur, and Balikh River valleys across the northeastern Syrian governorates of Al-Hasakah, Ar-Raqqah, and Deir ez-
261 Zor (Fig. 4a), as well as the Southeastern Anatolia (GAP) region in Tiirkiye (Fig. 4b). Conversely, mountainous terrains (e.g.,
262 coastal ranges) and remote arid zones (e.g., the Syrian Steppe and northern Jordan; Fig. 4¢) displayed limited, fragmented irrigation,
263 accurately reflecting regional water scarcity. Furthermore, barren terrains and desert environments outside established cropland

264  boundaries (such as the Syrian Desert) were consistently classified as non-irrigated throughout the study period (Fig. 4-5).

36°E 37°E 38°E

37°N

36°N

35°N

34°N

32°N

2025

“ Imagery source: Esri, Vantor, and Earthstar Geographics | Powered by Esri

N
icri 0 100km
B Summer irrigated land extent A

265

266 Figure 4 Example of mapped summer irrigated land extent in 2025. (a) pivot irrigation in the Southeastern Anatolia Region, often
267 known as the GAP region, in Tiirkiye. (b) intensely irrigated area in Ar-Raqqah governorate along the Balikh River valleys in Syria
268 (c) sparsely irrigated fields in semi-arid region southern Syria. The complete 26-year time series can be explored interactively at
269 https://water-middleeast.projects.earthengine.app/view/irrem

270 In addition to broad regional consistency, the fine spatial detail afforded by our approach successfully captures field-scale
271 irrigation patterns. The high-resolution maps delineate irrigation signals that align with individual agricultural fields, identifying

272 characteristic geometries such as center pivots, block irrigation, and intensive valley farming (Fig. 4-5). This clear correspondence
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273 between mapped patterns and known field boundaries provides strong visual evidence that our method can isolate irrigation signals

274  from natural background variability.

36°E 37°E 38°E 39°F 40°E

2025

‘ Imagfé_& source: Esri, Vantor, ané Ea]‘thstar Geographics | Powered by Esri

T

i irri 0 100km
Winter irrigated land extent

275

276 Figure 5 Example of mapped winter irrigated land extent in 2025. (a) pivot irrigation in the Southeastern Anatolia Region, often
277 known as the GAP region, in Tiirkiye. (b) intensely irrigated area in Ar-Raqqah governorate along the Balikh River valleys in Syria
278 (c) sparsely irrigated fields in semi-arid region southern Syria. The complete 26-year time series can be explored interactively at
279 https://water-middleeast.projects.carthengine.app/view/irrem

280 Quantitative validation further contextualizes the model's performance, with overall accuracy ranging from 0.62 to 0.77
281 across the study period (Fig. 6). For the irrigated class, the F-score ranged from 0.67 to 0.85, and producer accuracy (PA) ranged
282 from 0.74 to 0.92 (Fig. 7 and Fig. A8). These metrics demonstrate that the model successfully identifies the majority of true
283 irrigated areas. However, temporal variations were evident: lower PA in certain years indicates occasional underestimation
284 (omission errors) of actual irrigated land. Furthermore, user accuracy (UA) for the irrigated class ranged from 0.55 to 0.79.
285 Although these metrics confirm that the majority of areas classified as irrigated correspond to true irrigation, they also reveal that

286  commission errors remain a persistent source of uncertainty in specific years. The underlying causes of these misclassification,
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such as infrequent satellite overpasses, OPTRAM signal saturation during wet years, and other limitations, are addressed in detail

in Section 4.3.
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Figure 6 Overall accuracy and number of samples for each year. The error bars present the range of accuracy estimated using only
high-confidence samples (upper bound) and the complete set of collected validation samples (lower bound).
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Figure 7 Irrigated F score, producer and user accuracy for each year. The error bars present the highest and lowest accuracy
estimated using only high-confidence samples (upper bound) and the complete set of collected validation samples (lower bound).

4 Discussion
4.1 Comparison to existing irrigation products

Direct comparisons are limited since prior study provides long-term, high-resolution irrigation-extent maps with a formal
accuracy assessment for the eastern Mediterranean are rare and global products historically underperform in the eastern
Mediterranean. For example, despite the overall satisfactory accuracy globally, the global FAO WaPOR product achieved a

producer’s accuracy (PA) of just 15.9% when evaluated in Jordan’s Amman—Zarqa basin (Al-Omoush et al., 2025), a stark contrast
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301 to the regional PA of 0.74-0.92 achieved by IrrEM. Likewise, the Landsat-Derived Global Rainfed and Irrigated-Cropland Product
302 (LGRIP) achieved high accuracy of approximately 90% globally and in the training region but misclassifies the entire rainfed areas
303 in the eastern Mediterranean region as irrigated (Teluguntla et al., 2023). Furthermore, IrrEM’s irrigated-class F-score (0.67-0.85)
304 is highly competitive with state-of-the-art regional products, such as ClrrMap250 for China (F-score: 0.71-0.78; Zhang et al.,
305 2024). While high-resolution models in the United States, such as LANID and IrrMapper, report overall accuracies exceeding 90%
306 (Ketchum et al., 2020; Xie et al., 2021), these frameworks rely on dense, hand-labeled training datasets and pre-existing high-
307 resolution cropland masks that do not exist for our study area. Our study delivers robust accuracy using a scalable approach that
308 requires minimal training data and calibration. Despite a highly heterogeneous, cloud- and conflict-affected landscape, these

309  metrics establish a reliable first baseline for long-term agricultural monitoring localized for the eastern Mediterranean.

310 4.2 Significance of the product and mapping approach

311 This study provides a significant contribution to agricultural and water resource monitoring in the eastern Mediterranean
312 by addressing a long-standing gap in the availability of long-term, high-resolution irrigation extent data. Consistent monitoring of
313 irrigation practices has historically been limited due to scarce ground reference information and a fragmented reporting system,
314 particularly amid rapid environmental changes (Daher, 2022; World Bank, 2001), displacement (J. Wrathall et al., 2018; Miiller et
315 al., 2016), and conflict (Jaafar et al., 2015). By generating a continuous 26-year record of annual summer and winter irrigation
316 extent at high spatial resolution, this work delivers a much-needed dataset capable of capturing continuous changes in irrigation
317 over multiple decades. This level of detail is improvement compared to available data product in the eastern Mediterranean, which
318 is essential for studies investigating irrigation changes and expanding its applications (Bazzi et al., 2022 Ketchum et al., 2020; Xie
319  etal., 2021). Our dataset, therefore, provides a valuable foundation for understanding the underlying drivers of irrigation expansion
320 or contraction in relation to conflict, environmental, and policy changes. It can also support research on agricultural adaptation,

321 water allocation, transboundary water management, and resilience planning.

322 Methodologically, our approach reduces the reliance on reference data for irrigation map production and enables
323 continuous updates of the irrigation maps. Our approach relies entirely on open-access satellite imagery and physically
324 interpretable indicators of relative soil moisture changes, calibrated without reference data. By leveraging temporal and spatial
325 signals associated with irrigation-induced moisture increases, our approach captures fine-scale irrigation signatures without
326 requiring ground reference data typically required for model training, a critical advantage in the eastern Mediterranean, where such
327 data is difficult to obtain and often historically unavailable. Similar physically based approaches have demonstrated strong
328 performance in arid and semi-arid environments (Ambrosone et al., 2020; Dari et al., 2024b; Yao et al., 2022). Our findings are
329  consistent with these results, further supporting the effectiveness of our approach for large-scale and long-term irrigation
330 monitoring. Additionally, by making our code openly accessible, we enable continuous updates and refinement of the maps as new

331 satellite data becomes available and support the adoption of the method by the research and practitioner communities.

332 In addition, our results highlight the effectiveness of our approach across diverse environmental settings and political
333 boundaries. Turkey, Syria, and Jordan differ in climate, cropping systems, irrigation techniques, and water-management schemes,
334 yet the framework was able to consistently capture irrigation extent across all three countries. This cross-boundary mapping
335 capacity is particularly important in the eastern Mediterranean, where countries share and compete for transboundary water
336 resources. Developing consistent irrigation maps across political boundaries can therefore provide a common evidence base for

337 understanding regional water use, supporting comparative analysis, and informing cooperative water-resource management.
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338 4.3 Sources of uncertainties

339 While the dataset produced in this study provides valuable insight into the long-term changes of irrigation in the eastern

340 Mediterranean, several uncertainties and limitations should be considered when interpreting the results or applying the maps.

341 4.3.1 Reference data limitations

342 Due to the scarcity of ground truth data in the eastern Mediterranean region, reference samples were mainly derived from
343 interpreting very high-resolution satellite imagery and secondary sources. Although these approaches are widely used to
344 compensate for the lack of historical reference data in irrigation mapping studies (Deines et al., 2017, 2019; Ketchum et al., 2020;
345 Xieetal., 2019, 2021; Xie and Lark, 2021; Zhang et al., 2024), they introduce inherent uncertainties. For example, despite applying
346 a rigorous framework for response design, distinguishing irrigated fields from non-irrigated fields from very high-resolution
347 imagery remains challenging and subject to available visual clues and user interpretations, which may be ambiguous in certain
348 periods, for small-scale or intermittent irrigation. We sought to account for these uncertainties through extensive label training and
349 by assigning confidence levels throughout the labeling protocol; nevertheless, inherent interpretation errors remain unavoidable.
350  Furthermore, secondary data that can aid the visual interpretation in the eastern Mediterranean region, such as crop type maps, is
351 also limited or unreliable, which further hinders the interpretation process. Additionally, the spatial and temporal distribution of
352 reference data is tied to high-resolution satellite imagery availability, which varies across time and region. As a result, in the
353 absence of in situ ground truth, the ability to fine-tune the models across the region is hindered, and the accuracy estimates based
354 on inferred reference data may contain bias linked to the reference data themselves. Comprehensive field-based validation
355 campaigns would significantly strengthen future mapping efforts; however, such efforts remain difficult given the current

356 constraints in the region.

357 4.3.2 Satellite revisit time

358 One source of uncertainty stems from the temporal resolution of Landsat imagery and inconsistency of cloud and shadow
359 masking. Although Landsat offers an unparalleled long-term record, it’s effective revisit interval, typically 8 days under ideal
360 conditions, considering data from at least two Landsat satellites in orbit. This interval is further limited due to cloud cover, sensor
361 anomalies, and acquisition gaps. Irrigation-induced increase in surface soil moisture can dissipate within a few days, meaning that
362 short-lived irrigation events may go undetected if they occur between satellite overpasses or during cloudy periods. To provide
363 transparency regarding this limitation, our irrigation maps are accompanied by supplementary maps detailing the pixel-level count
364 of valid observations for each year (Fig. 9A). Over the 20002025 study period, observation frequency exhibited significant
365 seasonal and interannual variability with summer seasons yielded an average of 10 valid observations per pixel (range: 0—14),
366  while winter seasons, which are shorter and more heavily impacted by cloud cover, averaged 4 valid observations per pixel (range:
367 0-7; Fig. 9A). Similar constraints were documented in other studies, which demonstrate that detecting irrigation becomes difficult
368 when the time since irrigation exceeds 4 days, and that very rapid soil drying further necessitates high-temporal-frequency
369 observations (Bazzi et al., 2020a; Le Page et al., 2020). This limitation may contribute to the underestimation of irrigated areas
370  observed in years with lower producer accuracy. Although the issue cannot be fully eliminated, we applied methodological
371 safeguards, such as stricter event detection criteria and flagging pixels with low temporal coverage that are temporally smoothed

372 based on the weighted moving window explained in the method section (2.3), to help mitigate this issue. Future implementations
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373 could reduce this limitation by incorporating harmonized Landsat-Sentinel-2 imagery to improve temporal coverage for the post-

374 2015 period.

375 4.3.3 OPTRAM and potential saturation

376 The OPTRAM-derived relative soil moisture patterns are reported to exhibit occurrences of saturated pixels (Mananze
377 and Pdcas, 2019; Sadeghi et al., 2017), the impact of this saturation in our maps, while minimal, can influence the accuracy
378 especially in wet season. The relative soil moisture patterns observed in our maps exhibit expected spatial variability (Fig. 3c—d),
379  and included limited occurrences of saturated pixels. Because our objective is to detect irrigation signals rather than absolute soil
380  moisture retrieval, saturated pixels were treated conservatively: rain-associated pixels were masked, and only those consistent with
381 expected irrigation timing and vegetation characteristics were retained. We also accounted for this issue during the calibration
382 process by applying an NDVI upper threshold of 0.7 and masking forested areas when calculating the OPTRAM parameters, which
383 further minimized the occurrence of saturated pixels. Nonetheless, in environments with persistent saturation, irrigation may still
384 be misclassified because of saturated signals. Future enhancements could integrate the new variant of OPTRAM to account for

385 this issue (Sadeghi et al., 2023).

386  4.3.4 Other sources of uncertainty

387 Interannual variability in the detectability of irrigation signals arises from shifts in crop planting dates, differences in
388 irrigation frequency and intensity, inconsistent satellite coverage, and year-to-year variation in reference-data quality (Bazzi et al.,
389 2020a; Massari et al., 2021). Several landscape and management characteristics also influence model sensitivity: crop-type
390 differences in phenology and canopy structure can alter the visibility of irrigation-induced moisture signals (Bazzi et al., 2020b);
391 irrigation methods such as drip systems generate subtler surface-moisture responses than sprinkler or flood irrigation (Hoque et
392 al., 2025; Wang et al., 2000); soil and topographic conditions affect moisture retention, with permeable soils or sloped terrain
393 leading to rapid drying (Bazzi et al., 2019). These factors were not explicitly accounted for in our maps due to the lack of field-
394 based information on crop types, irrigation methods, and soil or management characteristics, data that remains scarce in the eastern

395 Mediterranean and would require systematic ground observations.

396 4.4 Potential applications

397 The IrrEM maps provide critical spatial information for quantifying agricultural water use and supporting broader environmental
398 modeling filling a long-standing gap in the eastern Mediterranean, where earlier irrigation datasets were either coarse or absent.
399 By resolving active rather than equipped irrigation extent each year at 30 m over 26 years, the maps capture the maximum reach
400 of irrigation and its year-to-year dynamics, including intermittently irrigated fields and land that has shifted between irrigated and
401 rainfed use as conflict, drought, water availability, economics, and policy have changed. This makes them a foundation for research

402 and management alike.

403 For water accounting, our maps supply the irrigated and non-irrigated delineation that pixel-level evapotranspiration (ET) products
404  require before ET can be read as consumptive irrigation water use. Without accurate irrigation extent, regional irrigation rates and
405 water-use fluxes cannot be reliably quantified. The dataset can also serve as input to climate and hydrological models, improving
406 the representation of agricultural water use in simulations of water availability, groundwater recharge, surface runoff, and
407 watershed-scale evapotranspiration (ET). In addition, it can support human—environment studies that examine the relationships

408 between irrigation, soil quality, land productivity, and ecosystem services.
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409  The eastern Mediterranean is a focal point for research linking agriculture, water, and armed conflict, making IrrEM directly
410  relevant to this literature. A prominent, unresolved debate concerns whether the severe 2006-2009 drought, and the subsequent
411 agricultural collapse in northeastern Syria, triggered rural to urban migration and the onset of the 2011 civil war (Gleick, 2014;
412 Kelley et al., 2015). Critics argue that the drought's extent and its causal link to migration were overstated, asserting that agricultural
413 mismanagement and governance failures were the true drivers (de Chétel, 2014; Selby et al., 2017). Recent remote sensing evidence
414 reframed this debate, indicating that Syrian agricultural activity recovered prior to the conflict, suggesting vulnerability is better
415 explained by agricultural dynamics than by meteorology alone (Eklund et al., 2022). A recurring limitation across these studies,
416 however, is the lack of long-term, spatially explicit records that separate irrigated from rainfed agriculture; existing analyses rely
417  largely on vegetation greenness or cropland proxies that conflate the two. By providing a continuous, 30-m irrigation-specific
418 record extending back to the pre-war period, IrrEM supplies the baseline needed to test these competing explanations and isolate

419 climate-driven stress from management- and conflict-driven impacts.

420  Beyond climate-conflict debate, IrrEM supports the broader use of remote sensing to monitor conflict-driven agricultural change,
421 expanding on approaches applied across Iraq, Syria, and Jordan (Eklund et al., 2017; Hazaymeh et al., 2022; Jaatar and Woertz,
422 2016; Yin et al., 2020). During regional conflicts, agricultural decline is driven not only by displacement but also by the withdrawal
423 of subsidies and the disruption of water governance, which severely contracted irrigated schemes (Eklund et al., 2024; Li et al.,
424 2022). Because IrrEM resolves irrigation temporally and spatially, it can help attribute such changes to their specific drivers,

425 quantify productive capacity losses critical for humanitarian assessments, and document post-conflict recovery.

426  For decision-making, our maps can feed agricultural water-management systems to refine irrigation scheduling and reduce waste
427 where water is limited, and they give policymakers a basis for targeting interventions, flagging zones of intense irrigation or over-
428 extraction risk and tracking change over time to guide water allocation. Finally, in transboundary basins where the Euphrates and
429 Tigris rivers are shared by Tiirkiye, Syria, and Iraq, and where water is contested (Gleick, 2019), transparent, cross-border data on
430  active irrigation is critical. In a region of shared and contested water, transparent, open, high-resolution irrigation extents can
431 support water diplomacy by directly inform assessments of water use and support the cooperative water management vital to

432 regional stability.

433 5 Data availability

434 The irrigation data record is freely available at https://doi.org/10.5281/zenodo.17574601 (Adrah et al., 2025).

435 The dataset consists of the following primary categories:

436 e (Final) temporally smoothed irrigation extent for summer season and winter irrigation

437 e (Raw) Irrigation extent for summer season and winter irrigation

438 e  Count of detected irrigation event for summer season and winter irrigation

439 e  Number of valid satellite observation for summer season and winter irrigation

440 e  OPTRAM Parameters: Contains the calculated wet/dry edge parameters for each Landsat footprint (Path/Row) per year
441 e Reference data used for Accuracy Assessment: Contains spatial coordinates, manually assigned ground-truth labels, and
442 corresponding Landsat NDVI timeseries data used to validate the classification models.

443 e Interactive web app to view the final data product: https://water-middleeast.projects.carthengine.app/view/irrem
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444 6 Code availability

445 The code developed for this study is openly available at https://github.com/Esmaeel-A/IrrTEM_Irrigation-extent-mapping-without-

446  training-data/. The repository includes all scripts used for preprocessing and irrigation detection.

447 7 Conclusion

448 This study addresses a critical gap in agricultural monitoring across the eastern Mediterranean by providing a continuous
449 26-year record of seasonal irrigation extents. By leveraging Landsat-derived soil moisture indicators, we successfully bypassed the
450 need for the extensive ground training data typically required by conventional mapping methods, generating summer and winter
451 irrigation maps at 30 m resolution annually. Evaluated against independent reference data, the maps achieved reliable F-scores of

452 0.67 to 0.85, establishing a robust baseline for analyzing long-term agricultural trends in a heavily data-scarce environment.

453 To ensure transparency and support reuse, we accompanied these maps with auxiliary layers detailing per-season detected irrigation
454 events and valid satellite observations. Furthermore, we have released the complete dataset publicly, alongside the OPTRAM
455 wet/dry-edge parameters for each Landsat footprint and year, the labeled reference data used for accuracy assessment, and the full

456 processing code. An interactive web application also allows users to explore the final product directly.

457 The open dataset's relevance is sharpest where water is shared and contested: transparent, long-term irrigation data can ground
458 transboundary allocation discussions in objective evidence and support water diplomacy, while also informing climate and
459 hydrological modeling, water-resource management, and policy. While the absence of in situ ground truth for calibration and
460 validation remains an inherent limitation in this setting, this study demonstrates that irrigation can be monitored effectively without
461 extensive training data. Even in conflict-affected, data-scarce regions, this approach delivers the timely, high-resolution

462 information required for land and water management as water scarcity and regional tensions intensify in the eastern Mediterranean.
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465 Fig. A1 Comparison between SMAP and OPTRAM surface soil Moisture at the Landsat footprint. Middle panel shows

466 correlations and RMSE of all Landsat images between 2015 and 2025 (WRS path 172, WRS row 35). Upper panel shows a
467 scatter plot of high correlation image between SMAP and OPTRAM for May 11th, 2016. Lower panel shows a scatter plot of
468 low correlation image between SMAP and OPTRAM for May 27th, 2016.
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471 Fig. A2 Comparison between SMAP and OPTRAM surface soil Moisture at the Landsat footprint. Correlations and RMSE of
472 all Landsat images between 2015 and 2025 (WRS path 171, WRS row 35 and WRS path 172, WRS row 35).
473
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475 Fig. A3 Comparison between SMAP and OPTRAM surface soil Moisture at the Landsat footprint. Correlations and RMSE of
476 all Landsat images between 2015 and 2025 (WRS path 173, WRS row 35 and WRS path 174, WRS row 35).
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478 Fig. A4 Comparison between SMAP and OPTRAM surface soil Moisture at the Landsat footprint. Correlations and RMSE of
479 stratified random samples of Landsat images between 2015 and 2025 across all WRS path and WRS rows covering the region
480 (50 images each footprint).
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Fig. A5 OPTRAM Soil moisture response to rain and irrigation. Upper panel shows the response over irrigated areas. Lower

panel shows the response over non-irrigated areas. (Note that OPTRAM was calibrated every year and hence year-to-year

trends should not be interpreted from relative product).
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Fig. A6 Weighted temporal smoothing. Only pixel-year with valid observations less than 25% percentile of the distribution of
available observations for that location was smoothed. The smoothing process is conducted using a weighted moving average

of 5 years window, where weights are the number of valid observations for each year during the studied season.
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Fig. A7 Comparison of final Irrigation map accuracy of raw data (unsmoothed) Vs. Temporally smoothed using 5 years weighted

moving average window. Weights are determined by the total number of valid observations available for that year and total number

of irrigation events detected for that year.
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496 Fig. A8 Not-irrigated F score, producer and user accuracy for each year. The error bars show the highest and lowest accuracy estimated using
497 only high-confidence samples (upper bound) and the complete set of collected validation samples (lower bound).
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499 Fig. A9 Yearly average number of valid observations for the full study period (2000-2025) (a) summer (mean: 10, min: 0, max: 14) (b) winter
500 (mean: 4, min:0, max: 7). Masked area is based on excluding Barren, Water and Built-up area using ESA World Colver V2.
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