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Abstract. Accurate estimation of irrigation water demand (IWD) is fundamental for sustainable water 23 

resources management in water-scarce agricultural regions. However, existing IWD assessments 24 

typically consider only a limited number of major crops, potentially leading to systematic 25 

underestimation of basin-scale water demand. This study develops a comprehensive high-resolution (500 26 

m) dataset of crop water requirement (CWR, equivalent to the net irrigation water requirement, i.e., crop 27 

evapotranspiration minus effective precipitation) and IWD (CWR divided by irrigation water use 28 

efficiency) for the Yellow River Basin (YRB) covering 25 crop types from 2000 to 2020. We first 29 

evaluated eight remote sensing-based cropland datasets against statistical records from 135 30 

administrative units, identifying the Global Land Analysis and Discovery (GLAD) dataset as optimal. 31 

CWR and IWD were estimated using the FAO Penman-Monteith approach with spatially explicit crop 32 

coefficients and spatiotemporally dynamic irrigation water use efficiency coefficients. The dataset 33 

provides two complementary versions: a sown area-based version reflecting the full theoretical 34 

agricultural water gap (multi-year average CWR and IWD of 548.3 × 108 m3 and 1086.8 × 108 m3, 35 

respectively), and an irrigated area-based version constrained by actual irrigation extent (258.6 × 108 m3 36 

and 508.4 × 108 m3), broadly consistent with independent estimates of actual irrigation water 37 

consumption. Our results reveal that considering only five major crops would underestimate CWR and 38 

IWD by approximately 33% and 34%, respectively, with the largest underestimation in the upper reach 39 

(approximately 45%). More importantly, incomplete crop coverage not only causes quantitative bias but 40 

also misrepresents temporal dynamics, yielding opposite trend directions in some sub-basins. Sensitivity 41 

analysis indicates that 12–15 crop types are required to capture over 90–95% of basin-scale water demand, 42 

with vegetables and tubers ranking among the top six contributors despite being frequently omitted in 43 

previous studies. The dataset (Tang and Zhang, 2026) is publicly available at 44 

https://doi.org/10.5281/zenodo.18628324. 45 
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1 Introduction 47 

Agricultural irrigation is the largest freshwater consumer globally, accounting for approximately 70% of 48 

total freshwater withdrawals (Siebert et al., 2010). Irrigation plays an important role in ensuring food 49 

security, especially under climate change and population growth (Kadiresan and Khanal, 2018; Lutz et 50 

al., 2022). Thus, accurate estimation of crop water requirement (CWR, defined in this study as crop 51 

evapotranspiration minus effective precipitation over the growing season, equivalent to the “net irrigation 52 

water requirement” in FAO-56 terminology, representing the water deficit that must be supplied through 53 

irrigation) and irrigation water demand (IWD, i.e., CWR divided by irrigation water use efficiency 54 

coefficient) is fundamental for sustainable water resources management (De Wrachien et al., 2021; Zha 55 

et al., 2025).  56 

Accurate estimation of IWD in large river basins is a common challenge worldwide, particularly in 57 

water-scarce regions where agriculture competes with other sectors for limited water resources (Wada et 58 

al., 2013). This challenge is particularly evident in the Yellow River Basin (YRB), which covers 59 

approximately 795,000 km2 in northern China. The YRB is a critical grain production base contributing 60 

35.4% of China’s total grain output, yet faces severe water scarcity with per capita water resources less 61 

than 30% of the national average (Hu et al., 2012). Agricultural irrigation dominates water consumption 62 

in the basin, accounting for over 71% of total water withdrawals (Fang and Li, 2019). This conflict 63 

between food production and water availability makes spatially detailed IWD assessment increasingly 64 

urgent.  65 

Extensive research has been conducted on IWD estimation at regional to global scales, employing 66 

various approaches including the FAO Penman-Monteith method (Allen et al., 1998; Fan et al., 2025), 67 

process-based crop models such as AquaCrop (Pirmoradian et al., 2020) and SWAT (Uniyal and Dietrich, 68 

2019), and the agricultural ecological zone (AEZ) model (Xu et al., 2019). Among these, the FAO 69 

Penman-Monteith method is the most widely adopted approach due to its clear physical basis and 70 

relatively modest data requirements, making it particularly suitable for large-scale IWD estimation where 71 

detailed field-level observations are unavailable. These studies have provided valuable insights into the 72 

spatiotemporal dynamics of IWD and its responses to climate variability. For the YRB specifically, 73 

previous studies have examined the relationship between CWR and meteorological drought across 74 

typical irrigation districts (Wang et al., 2016), and revealed increasing trends in CWR for major crops 75 

including spring wheat, winter wheat, and maize over the past decades driven by rising temperatures and 76 

changing precipitation patterns (Liu et al., 2022). Meanwhile, the growing availability of multi-source 77 

remote sensing products has substantially improved the spatial representation of cropland distribution, 78 

enabling more spatially explicit IWD estimation (Peng et al., 2023; Xuan et al., 2023; Tu et al., 2024; 79 

Hung et al., 2025). However, despite this progress, several critical limitations persist in existing IWD 80 

assessments, particularly for the YRB (Table 1). 81 

The most fundamental limitation lies in the incomplete coverage of crop types. As shown in Table 82 

1, most regional IWD assessments consider only 2–8 major crops due to data availability constraints, 83 

and few have validated their underlying cropland data against independent references (Jia et al., 2022; 84 

Fan et al., 2025; Niu et al., 2022; Hou et al., 2025; Zhao et al., 2025). For instance, Shen et al. (2013) 85 

analyzed five major crops (wheat, maize, cotton, oilseed and sugar beet) in Northwest China. For the 86 
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YRB, Liu et al. (2022) estimated IWD for four crops (spring wheat, winter wheat, spring maize, and 87 

summer maize), which cover approximately 66% of total cropland area. However, the remaining crops 88 

such as soybean, vegetables, potatoes, millet, and sorghum, are systematically excluded from these 89 

estimates. While individually these crops may occupy relatively small areas, collectively they may 90 

contribute substantially to basin-scale water consumption due to their diverse water requirements and 91 

growing seasons. Although some studies have incorporated more crop types (>20 categories) from global 92 

databases such as MIRCA2000 (Qin et al., 2020; Zhuo et al., 2016), they typically rely on temporally 93 

static cropland area data that cannot capture interannual variations in crop structure and associated IWD 94 

dynamics. Importantly, the magnitude of IWD underestimation resulting from this incomplete crop 95 

coverage has never been quantified. This knowledge gap may introduce systematic bias into basin-scale 96 

water allocation. 97 

Second, significant uncertainties remain in the remote sensing-based cropland products that 98 

underpin spatially explicit IWD estimation. Since cropland distribution serves as the spatial basis for 99 

allocating crop-specific sown area from statistical records to grid cells (Zha et al., 2025), errors in 100 

cropland datasets propagate directly into IWD estimates. Yet most regional studies rely on a single 101 

cropland product without systematic accuracy validation (Zha et al., 2025; Qin et al., 2020; Fan et al., 102 

2025; Liu et al., 2015). Recent comparative studies have revealed substantial discrepancies among 103 

existing products (Liu et al., 2025). For instance, Yang and Huang (2021) reported that cropland F1 scores 104 

varied from 58.64% to 75.64% across four widely-used datasets in China, while Tu et al. (2024) identified 105 

significant inconsistencies particularly in the Loess Plateau of the YRB. Furthermore, publicly available 106 

high-resolution IWD datasets remain scarce for major river basins, with most existing products operating 107 

at coarse spatial resolution (≥5 km) (Zhuo et al., 2016; Hou et al., 2025). 108 

Third, the spatial heterogeneity of crop-specific parameters and irrigation water use efficiency 109 

coefficient (IWUEC) is often inadequately addressed in existing studies. For instance, crop coefficients 110 

(Kc) are frequently applied as single values across large areas, including the YRB (Liu et al., 2022), 111 

ignoring substantial spatial variability in crop phenology. Similarly, IWUEC is often treated as constant 112 

despite its inherent variability with economic development, irrigation technology, and management 113 

practices (Fan et al., 2025; Shen et al., 2013; Wada et al., 2013). Since IWD equals crop water demand 114 

divided by IWUEC, these simplifications can introduce considerable errors in IWD estimation. 115 

Incorporating spatiotemporally varying crop coefficients and IWUEC values is therefore essential for 116 

reliable basin-scale IWD assessment. 117 

  118 
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Table 1. Comparison of representative CWR/IWD datasets across spatial scales 119 

 Dataset/ 

Study 

Spatial 

extent 

Temporal 

coverage 

Spatial 

resolution 

Crop types Cropland data 

& uncertainty 

 

 Wada et al. 

(2013) 
Global 1979-2010 

0.5° 

(~50 km) 

Not 

differentiated 

Model-based; 

No validation 

 

 Hung et al. 

(2025) 
Global 

2000, 2005, 

2010, 2015 
60 m 

Not 

differentiated 

Single product; 

No validation 

 

 AQUASTAT 

(Frenken and 

Gillet, 2012)  

Global Static Country >30 classes Not applicable 

 

 

Fan et al. 

(2025) 
China 2000-2018 ~9 km 

10 classes 

(rice, winter 

wheat, spring 

wheat, 

summer 

maize, spring 

maize, 

soybean, 

cotton, peanut, 

tubers, and 

beet) 

Single product; 

No validation 

 

 

Liu et al. 

(2009) 
China 1970-2000 Regional 

6 classes 

(winter wheat, 

spring wheat, 

summer 

maize, spring 

maize, cotton, 

rice) 

Not applicable 

 

 

Zhao et al. 

(2025) 
China 2000-2020 3 km 

5 classes 

(winter wheat, 

spring wheat, 

summer 

maize, spring 

maize, rice) 

Single product; 

No validation 

 

 

Liu et al. 

(2022) 
YRB 1974-2017 

Station-

based 

4 classes 

(spring wheat, 

winter wheat, 

spring maize 

and summer 

maize) 

Not applicable 

 

 

Niu et al. 

(2022) 
YRB 1970-2005 

Prefecture-

level 

5 classes 

(winter wheat, 

spring wheat, 

summer 

maize, spring 

maize, rice) 

Single product; 

No validation 

 

 

Hou et al. 

(2025) 
YRB 2001-2018 10 km 

5 classes 

(winter wheat, 

spring wheat, 

summer 

maize, spring 

maize, rice) 

Single product; 

No validation 

 

 

This study YRB 2000-2020 500 m 25 classes 

Eight products; 

Accuracy 

comparison 

 

 120 

To address these limitations, this study develops a high-resolution (500 m) IWD dataset for the YRB 121 

covering 25 crop types from 2000 to 2020. The specific objectives are to: (1) systematically evaluate 122 
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multiple state-of-the-art cropland datasets using county-level statistical data to identify the optimal 123 

product for the YRB; (2) estimate CWR and IWD with spatially explicit crop parameters and 124 

spatiotemporally dynamic IWUEC; (3) quantify the IWD underestimation resulting from incomplete 125 

crop coverage and characterize its spatiotemporal patterns across the basin. This dataset provides the first 126 

comprehensive, high-resolution IWD estimates incorporating nearly complete crop coverage for a major 127 

river basin. To serve both theoretical assessment and operational management needs, CWR and IWD are 128 

estimated under two scenarios: one based on total sown area (reflecting the full agricultural water gap) 129 

and one adjusted for actual irrigated area (reflecting practical irrigation demand). 130 

2 Study area and data 131 

2.1 Study area 132 

The YRB, located in northern China (95°53’–119°05’E, 32°10’–41°50’N), covers approximately 133 

795,000 km2 and spans nine provinces (Fig. 1). The basin is conventionally divided into three reaches, 134 

namely the upper reach (from the river source to Toudaoguai hydrological station, 428,000 km2), the 135 

middle reach (from Toudaoguai to Huayuankou station, 344,000 km2), and the lower reach (below 136 

Huayuankou station, 23,000 km2) (Liu et al., 2012; Yang et al., 2010). The YRB exhibits pronounced 137 

climate gradients, transitioning from semi-humid conditions in the southeast to semi-arid and arid zones 138 

in the northwest. Mean annual temperature ranges from -4°C to 14°C, generally decreasing from south 139 

to north and from east to west. 140 

 141 

Figure 1: Overview of the study area. 142 

 143 
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The YRB is a critical agricultural region in China, with 15.5 million hectares of cropland producing 144 

35.4% of the national grain output (Hu et al., 2012). The basin supports complex and diverse cropping 145 

systems, with major grain crops (wheat and maize) coexisting with extensive cultivation of cotton, 146 

soybean, rice, oil crops, vegetables, and other economic crops. Agricultural irrigation annually consumes 147 

67% of total water use in the basin. Despite improvements in irrigation efficiency through water-saving 148 

technologies, the tension between agricultural water demand and limited water availability remains a 149 

critical challenge for regional food security. 150 

2.2 Data 151 

2.2.1 Cropland datasets 152 

This study collected eight remote sensing-based land cover or cropland datasets for comparative 153 

evaluation (Table 2). These datasets vary in spatial resolution (30 m to 5 km), temporal coverage, 154 

geographic extent (China or global), and classification approaches. CACD is a 30 m resolution annual 155 

cropland dataset for China (1986–2021), produced using Landsat imagery and random forest 156 

classification (Tu et al., 2024). CLCD provides 30 m annual land cover maps for China (1990–2019) 157 

with nine land cover classes (Yang and Huang, 2021). ESA-CCI is a global 300 m annual land cover 158 

product (1992–2020) derived from multiple satellite sources using the GlobCover classification chain 159 

(Esa, 2017). MCD12Q1 offers global 500 m land cover maps (2001–2022) based on MODIS data using 160 

decision tree and neural network algorithms (Friedl and Sulla-Menashe, 2022). MCID is a 500 m 161 

cropland dataset for China (2000–2015) derived from MOD09A1 products (Yan et al., 2019). GLASS-162 

GLC provides global 5 km land cover maps (1982–2015) with seven classes (Liu et al., 2020). GLAD 163 

provides global 30 m cropland maps using Landsat data and bagged decision tree classification (Potapov 164 

et al., 2022). CLUD-A offers 30 m land cover maps for China (1980–2015) by integrating MODIS, 165 

GIMMS, and Landsat data (Xu et al., 2020). 166 

 167 

Table 2. Summary of the eight cropland datasets 168 

Dataset 
Temporal 

coverage 
Resolution Extent Primary data source 

CACD 1986-2021 30m China Landsat 

CLCD 1990-2019 30m China MODIS and Landsat 

ESA-CCI 1992-2020 300m Global AVHRR, MERIS, and PROBA-V 

MCD12Q1 2001-2022 500m Global MODIS Terra+Aqua 

MCID 2000-2015 500m China MODIS 

GLASS-GLC 1982-2015 5km Global MODIS and GLASS products 

GLAD 2000-2019 30m Global Landsat 

CLUD-A 1980-2015 30m China AVHRR, MODIS, and Landsat 
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2.2.2 Meteorological data 169 

Daily meteorological observations from 199 China Meteorological Administration stations within 170 

and surrounding the YRB were obtained for the period 2000–2020 (Fig. 1). Variables include 171 

precipitation, mean/maximum/minimum air temperature, wind speed, sunshine duration, and relative 172 

humidity. For stations with missing data, gaps of ≤5 consecutive days were filled using linear 173 

interpolation, while longer gaps were supplemented using gridded data extracted from the CN05.1 174 

dataset (Wu et al., 2017). 175 

2.2.3 Crop parameters and agricultural statistics 176 

(1) Sown area and cropland area data 177 

Crop-specific sown area data were compiled from statistical yearbooks of nine provinces within the 178 

YRB, including Shanxi, Inner Mongolia, Shaanxi, and others. We prioritized data collection at the county 179 

level to maximize spatial resolution. However, when county-level data were unavailable or had 180 

significant gaps, we substituted with prefecture-level statistics for the corresponding administrative 181 

region. Ultimately, sown area information for 25 crop types was compiled across 170 administrative units 182 

comprising both counties and prefectures (Fig. A1). The compiled sown area data are summarized in 183 

Table 3, which presents annual sown area for each crop type of the YRB. For cropland dataset validation, 184 

county-level cropland area data from 2001 to 2015 were utilized, as this period represents the overlapping 185 

temporal coverage of all eight candidate remote sensing datasets evaluated in this study. For IWD 186 

estimation, crop-specific sown area data covering the full study period (2000-2020) were used to 187 

calculate CWR and IWD for 25 crop types. 188 
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 191 

(2) Crop coefficients (Kc) 192 

Kc values for 25 crop types were primarily derived from Duan et al. (2004), who calibrated FAO-193 

56 reference values using local climate and soil data at multiple representative stations across northern 194 

China. We compiled Kc values from 45 observation stations (Fig. A2) for 20 crop types, covering the 195 

four standard growth stages, which include initial (Kc_ini), development, mid-season (Kc_mid), and 196 

late-season (Kc_end) (Table S1). Winter wheat, which includes an overwintering period, has an 197 

additional frozen stage coefficient (Kc_fro). For five crop categories lacking locally calibrated values 198 

(vegetables, oil crops, green fodder, rapeseed, and coarse cereals), Kc values were adopted directly from 199 

FAO-56 guidelines (Allen et al., 1998).  200 

In addition, crop growth stage parameters, including planting dates and length of growth periods, 201 

were obtained from previous studies in the YRB (Liu et al., 2022) and National Earth System Science 202 

Data Center (2023) for major crops (e.g., spring maize, spring wheat, cotton, spring soybean, rice), and 203 

supplemented by the FAO AQUASTAT database (2024) and Siebert and Döll (2008) for other crops. 204 

2.2.4 Irrigation water use efficiency coefficients (IWUEC) 205 

Provincial annual IWUEC values were compiled from the China Water-Saving Irrigation Network 206 

(2025). Unlike previous studies that either neglected IWUEC or applied static coefficients (typically 0.5-207 

0.7) uniformly across the basin (Zha et al., 2025), this study incorporated IWUEC values that vary both 208 

spatially (by province) and temporally (annual values from 2000 to 2020), reflecting improvements in 209 

irrigation infrastructure and water-saving technologies over the study period. For years prior to 2009 210 

when official statistics were unavailable, IWUEC values were estimated using linear interpolation based 211 

on the temporal trend derived from the available period (2009-2020). Detailed values of IWUEC and 212 

related discussions on IWUEC uncertainties are provided in the supplementary Fig. A3 and Sect. 5.2, 213 

respectively. 214 

3 Methods 215 

The methodology comprises four main steps (Fig. 2). Since IWD estimation requires spatially explicit 216 

cropland distribution to allocate crop water consumption to specific locations, we first evaluated eight 217 

remote sensing cropland datasets to identify the optimal product for the YRB (Sect. 3.1). Meteorological 218 

and crop parameter data were then preprocessed and interpolated to a uniform 500-m grid (Sect. 3.2.1). 219 

CWR and IWD were subsequently calculated for 25 crop types using the FAO Penman-Monteith 220 

approach (Sect. 3.2.2). Finally, we analyzed the spatiotemporal patterns of IWD and quantified the 221 

underestimation resulting from incomplete crop coverage in previous studies (Sect. 3.3). 222 
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 223 

Figure 2: Flowchart of the methodology framework for CWR and IWD estimation in the Yellow River 224 

Basin. The color shading of cropland dataset names indicates their spatial resolution. 225 

3.1 Cropland dataset evaluation and selection 226 

Because existing cropland products show large discrepancies (Liu et al., 2025), we first evaluated 227 

eight datasets (Table 2) to identify the optimal product for the YRB. Cropland area from provincial 228 

statistical yearbooks (2001–2015) served as reference data. Among the 170 administrative units with 229 

compiled statistics, 135 units with relatively complete data series (i.e., missing data for no more than 6 230 

years during the validation period) were selected for dataset evaluation to ensure reliability. Three 231 

complementary metrics were employed for evaluation, including root mean square error (RMSE), mean 232 

percentage error (MPE), and Pearson correlation coefficient (R).  233 

RMSE measures the absolute deviation between remote sensing estimates and statistical reference 234 

data. MPE indicates systematic bias as a percentage of reference values. These metrics were calculated 235 

following equations (1)-(2): 236 

𝑅𝑀𝑆𝐸 = √∑ (𝑥𝑖 − 𝑟𝑖)
2𝑁

𝑖=1 /𝑁                       (1) 237 
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𝑀𝑃𝐸 = (∑ (
𝑥𝑖−𝑟𝑖

𝑟𝑖
)/𝑁) × 100%𝑁

𝑖=1                      (2) 238 

where, xi is the estimated cropland area from the remote sensing dataset, ri is the corresponding reference 239 

value, N is the number of available years. RMSE and MPE are first computed for each administrative 240 

unit then averaged across the YRB. 241 

R measures the spatial consistency between dataset estimates and reference data and is calculated 242 

following equation (3): 243 

𝑅 =
∑ (𝑥𝑖−𝑥̅)×(𝑟𝑖−𝑟̅)𝐶

𝑖=1

√∑ (𝑥𝑖−𝑥̅)2𝐶
𝑖=1 ×√∑ (𝑟𝑖−𝑟̅)2𝐶

𝑖=1

                       (3) 244 

where, C is the number of administrative units. The higher the R value, the stronger the spatial 245 

consistency of the dataset in capturing cropland distribution. R was calculated annually and then averaged 246 

across all years.  247 

To determine whether accuracy differences among datasets were statistically significant, we 248 

performed pairwise comparisons using paired t-tests across all county-year observations. The Holm-249 

Bonferroni method was applied to control the family-wise error rate under multiple comparisons (Holm, 250 

1979). 251 

Cropland area was extracted by overlaying boundaries of administrative units with each dataset. 252 

The optimal dataset was selected based on minimizing RMSE, MPE close to zero, and maximizing R. 253 

The selected dataset was then used as the spatial basis for subsequent IWD estimation.  254 

3.2 Crop water requirement and irrigation water demand estimation 255 

3.2.1 Data preprocessing and spatial interpolation 256 

(1) Meteorological data interpolation 257 

Daily meteorological variables from 199 weather stations were interpolated to a 500-m grid using 258 

inverse distance weighting (IDW). Elevation-based temperature correction was applied with a lapse rate 259 

of -6.5 °C/km (Wang et al., 2021b).  260 

(2) Crop coefficient spatialization 261 

Crop coefficients (Kc) for 20 crop types with local observations were spatially interpolated to 262 

generate continuous 500-m resolution fields using IDW interpolation from stations within and around 263 

the YRB. For the remaining five crop categories lacking locally calibrated values (vegetables, oil crops, 264 

green fodder, rapeseed, and coarse cereals), spatially uniform Kc values were adopted from FAO-56 265 

guidelines. Additionally, crop growth stage parameters, including planting dates and length of growth 266 

periods, were assigned as spatially constant values across the study area.  267 

(3) Spatial allocation of crop-specific sown area 268 

Crop-specific sown area from statistical yearbooks was spatially allocated to 500-m cropland pixels 269 

using the selected cropland dataset as the spatial reference. For each administrative unit, the sown area 270 

of each crop type was uniformly distributed across all cropland pixels within the county: 271 

𝑆𝑖,𝑗 =
𝐴𝑖

𝑁𝑐
                                  (4) 272 

where, 𝑆𝑖,𝑗 is the allocated sown area for crop i in pixel j, 𝐴𝑖 is the total sown area of crop i in the 273 

administrative unit (from statistical yearbooks), and 𝑁𝑐  is the number of cropland pixels within the 274 
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administrative unit (from the selected remote sensing dataset). For administrative units intersected by the 275 

basin boundary, the allocation was first performed across the entire administrative unit, and then spatially 276 

clipped to retain only pixels within the YRB. This approach ensures spatial continuity while maintaining 277 

consistency between statistical totals and remote sensing-derived cropland distribution. 278 

3.2.2 CWR and IWD estimation 279 

CWR and IWD were estimated using the FAO-56 Penman-Monteith approach (Allen et al., 1998). 280 

The estimation procedure consists of four main components. First, reference evapotranspiration (ET0) 281 

was calculated from daily meteorological variables including radiation, air temperature, wind speed, and 282 

humidity. Second, crop-specific evapotranspiration (ETc) was derived by applying spatially 283 

heterogeneous crop coefficients (Kc) to ET0. Third, CWR was computed as the difference between ETc 284 

and effective precipitation (Pe) accumulated over the growing season. Finally, IWD was estimated by 285 

dividing CWR by IWUEC that accounts for water losses during conveyance and application. Detailed 286 

calculations for each component are described below. 287 

ET0 was calculated following equation (5): 288 

𝐸𝑇0 =
0.408∆(𝑅𝑛−𝐺)+𝛾

900

𝑇+273
𝑈2(𝑒𝑠−𝑒𝑎)

∆+𝛾(1+0.34𝑈2)
                      (5)                289 

where, 𝑅𝑛  is the net radiation, estimated from sunshine duration and maximum/minimum air 290 

temperature following the procedures in FAO-56 (Allen et al., 1998); G is the soil heat flux (assumed 291 

negligible for daily calculations); T is the mean daily air temperature; 𝑒𝑠 and 𝑒𝑎 are saturation and 292 

actual water vapour pressure; ∆ is the slope of saturated water vapour curve; 𝛾 is the psychrometric 293 

constant; 𝑈2 is the wind speed at 2-m height. 𝑒𝑠 and 𝑒𝑎 were estimated based on air temperature and 294 

humidity. 295 

ETc was calculated as: 296 

𝐸𝑇𝑐 = 𝐾𝑐 × 𝐸𝑇0                            (6) 297 

where, 𝐾𝑐 is the spatially interpolated crop coefficient (Sect. 3.2.1). Growth stages were divided into 298 

initial, development, mid-season, and late-season stages for most crops, with an additional overwintering 299 

stage for winter wheat.  300 

Pe was calculated following Döll and Siebert (2002) based on daily rainfall 𝑃𝑖: 301 

𝑃𝑒 = {
4.17 + 0.1 × 𝑃𝑖                      𝑃𝑖 ≥ 8.3 𝑚𝑚/𝑑

𝑃𝑖 ×
4.17−0.2×𝑃𝑖

4.17
                     𝑃𝑖 < 8.3 𝑚𝑚/𝑑

        (7) 302 

CWR, representing the net water requirement after accounting for effective precipitation (note that 303 

CWR as defined here corresponds to the “net irrigation water requirement” in some literature, rather than 304 

the total crop evapotranspiration sometimes denoted by the same abbreviation), was calculated as: 305 

𝐶𝑊𝑅 =
𝑆×(𝐸𝑇𝑐−𝑃𝑒)

1000
                       (8) 306 

where, S is the sown area of the corresponding crop type.  307 

IWD was calculated as: 308 

𝐼𝑊𝐷 =
𝐶𝑊𝑅

𝐼𝑊𝑈𝐸𝐶
                          (9) 309 

where, IWUEC is the irrigation water use efficiency coefficient. 310 
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Grid-level CWR and IWD values (in mm/yr) were converted to volumetric water demand (m3/yr) 311 

by multiplying by pixel area. For area calculation, the WGS84 grid was projected to the Albers equal-312 

area conic projection, yielding a near-uniform pixel size of approximately 442 × 442 m2. The dataset is 313 

distributed in its native WGS84 geographic coordinate system. The resulting volumetric values were then 314 

aggregated to sub-basin and basin scales. 315 

In addition to these sown area-based estimates, an actual irrigated area-based version was generated 316 

by masking with the CIrrMap250 annual irrigated cropland dataset (Zhang et al., 2024). The details are 317 

provided in Sect. 5.2(1). 318 

3.3 Spatiotemporal analysis and underestimation quantification 319 

Annual IWD was analyzed at multiple spatial scales, including 500-m pixels and sub-basins (upper, 320 

middle, and lower reaches), and the entire basin. Temporal trends over the 2000–2020 period were 321 

examined using linear regression, and spatial variations were characterized across the three reaches with 322 

distinct climate and agricultural conditions. 323 

To quantify the systematic underestimation caused by incomplete crop coverage in previous studies, 324 

we compared IWD estimates from two schemes: Scheme 1 (Limited coverage) considers five major 325 

crops, including spring wheat, winter wheat, spring maize, summer maize, and rice, representing the 326 

typical approach in previous YRB studies (Chen et al., 2023; Liu et al., 2022; Zhao et al., 2025; Hou et 327 

al., 2025); Scheme 2 (Comprehensive coverage) considers all 25 crop types (Table 3). The 328 

underestimation rate (UR) was calculated as: 329 

𝑈𝑅 =
𝐼𝑊𝐷25−𝐼𝑊𝐷5

𝐼𝑊𝐷25
× 100%                     (10) 330 

where, IWD25 and IWD5 are the IWD estimates from Schemes 2 and 1, respectively. Both the spatial 331 

heterogeneity (across sub-basins) and temporal dynamics (annual variations from 2000 to 2020) of 332 

underestimation were examined. 333 

4 Results 334 

4.1 Accuracy assessment of cropland datasets 335 

The accuracy assessment results for eight cropland datasets reveal substantial differences among 336 

datasets across all three evaluation metrics (Fig. 3), highlighting the importance of dataset selection for 337 

IWD estimation.  338 
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 339 

Figure 3: Accuracy assessment of eight cropland datasets against statistical data. (a) Root 340 

mean square error (RMSE) for each dataset, with products ordered by ascending mean 341 

RMSE. (b) Pearson correlation coefficient (R) for each dataset, with products ordered by 342 

descending mean R. (c) Mean percentage error (MPE) for each dataset, with products ordered 343 

by descending absolute MPE values. The red dashed line in (c) indicates MPE = 0. Different 344 

lowercase letters above the boxplots indicate statistically significant differences among 345 

datasets based on paired t-tests with Holm-Bonferroni correction (P < 0.05), while datasets 346 

sharing the same letter are not significantly different. Boxplots represent county-level values 347 

across 2001–2015, with the horizontal line indicating the median, box edges representing the 348 

25th and 75th percentiles, and whiskers extending to 1.5 times the interquartile range. 349 

 350 

Among the evaluated datasets, GLAD demonstrated the best overall performance, with the lowest 351 

mean RMSE (287.31 km2), the lowest absolute mean MPE (15.00%), and a high mean spatial correlation 352 

coefficient (R = 0.93). Notably, multi-comparison results indicate that GLAD’s county-level RMSE was 353 

statistically significantly lower (P < 0.05) than all other seven products (Fig. 3a). Although GLAD’s 354 

county-level R was statistically significantly lower (P < 0.05) than CLCD and CACD (Fig. 3b), the mean 355 

difference was relatively minor (0.03). CACD also performed well, with strong spatial consistency (mean 356 

R = 0.96) but presented notable overestimation (mean MPE = 45.19%) and higher mean RMSE (501.81 357 

km2). CLCD and CLUD-A showed similar patterns, with high mean R values (0.96 and 0.91) but 358 

substantial overestimation (mean MPE = 66.65% and 90.02%, respectively). 359 

In contrast, several global and coarse-resolution datasets presented poor performance in the YRB. 360 
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ESA-CCI and GLASS-GLC showed much higher overestimation (Fig. 3c), indicating severe systematic 361 

bias in cropland area estimation. MCD12Q1, despite its moderate RMSE (691.56 km2), showed limited 362 

spatial consistency (mean R = 0.75) and substantial overestimation (mean MPE = 59.68%). 363 

Thus, we selected GLAD for subsequent analysis because it had the lowest RMSE, the smallest 364 

systematic bias, and strong spatial correlation with statistical data. 365 

4.2 Cropping structure of the YRB 366 

A total of 25 crop types were recorded in the YRB over the 2000–2020 period (Fig. 4). The three 367 

dominant crops by sown area (21-year average) were winter wheat (41,000 km2), summer maize (31,000 368 

km2), and spring maize (18,000 km2), collectively accounting for approximately 57% of total sown area. 369 

All other crop types individually occupied less than 15,000 km2, including spring wheat, vegetables, oil 370 

crops, cotton, millet, potatoes, fruits, and various other crops (Fig. 4b). 371 

 372 
Figure 4: Annual sown area changes and cropping structure in the YRB (2000–2020). 373 

 374 

The total sown area in the YRB presented a significant increasing trend of 900 km2/yr over the study 375 

period (P < 0.001), rising from approximately 148,000 km2 in 2000 to 168,000 km2 in 2015 before 376 

slightly declining to 159,000 km2 in 2020 (Fig. 4a). Similarly, the sown area of the five major crops 377 

(spring wheat, winter wheat, spring maize, summer maize, and rice) showed a significant increasing trend 378 

of 1,100 km2/yr (P < 0.001). 379 

Clear differences existed between the two schemes in terms of total sown area coverage (Fig. 4b). 380 

The multi-year average sown area under Scheme 2 (all 25 crops) was approximately 159,000 km2, 381 
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compared to 102,000 km2 under Scheme 1 (five major crops only), indicating that Scheme 1 covered 382 

only 64.2% of the total sown area. This implies that studies considering only major crops would 383 

systematically exclude 35.8% of the cultivated area from water consumption estimation, potentially 384 

leading to considerable underestimation of basin-scale irrigation water demand. 385 

4.3 Spatiotemporal changes of CWR 386 

The high-resolution cropland data combined with county-level allocation of 25 crop types enabled 387 

CWR estimation with rich spatial detail (Fig. 5a). The multi-year average annual CWR for the entire 388 

YRB was 548.3 × 108 m3 under Scheme 2. The middle reach contributed the largest share (306.7 × 108 389 

m3, 55.9%), followed by the upper reach (164.4 × 108 m3, 30.0%) and the lower reach (77.2 × 108 m3, 390 

14.1%) (Fig. 5b). 391 

 392 

 393 

Figure 5: Spatiotemporal variations of CWR in the Yellow River Basin during 2000-2020. (a) Spatial 394 

distribution of multi-year average annual CWR; (b) Comparison of multi-year average CWR between 395 

Scheme 1 (5 main crops) and Scheme 2 (all 25 crops) across different sub-basins; (c) Interannual 396 

variations of CWR for each sub-basin. In panel (c), solid lines indicate statistically significant trends (P 397 

< 0.05), while dashed lines indicate non-significant trends. 398 

 399 

Considering only five major crops (Scheme 1) resulted in substantial underestimation of CWR 400 

across all spatial scales. For the entire YRB, CWR under Scheme 1 was 365.9 × 108 m3, representing a 401 
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33.3% underestimation compared to Scheme 2. This underestimation presented pronounced spatial 402 

heterogeneity. The upper reach showed the largest underestimation (44.9%), while the middle and lower 403 

reaches showed relatively lower but still considerable underestimation (28.4% and 27.9%, respectively) 404 

(Fig. 5b). 405 

Both schemes showed increasing trends in CWR over the 2000–2020 period, but with notably 406 

different magnitudes (Fig. 5c). For the entire YRB, Scheme 1 presented a statistically significant 407 

increasing trend of 2.58 × 108 m3/yr (P < 0.05), whereas Scheme 2 showed a weaker and non-significant 408 

trend of 2.12 × 108 m3/yr. Similar patterns were observed in the lower reach, where Scheme 1 showed a 409 

significant increase of 0.81 × 108 m3/yr (P < 0.05) compared to a non-significant increase of 0.40 × 108 410 

m3/yr under Scheme 2. Although both schemes presented statistically significant increasing trends in the 411 

upper and middle reaches, the magnitude of increase differed substantially. For instance, in the middle 412 

reach, the increasing rate under Scheme 1 (0.55 × 108 m3/yr) was nearly three times that of Scheme 2 413 

(0.19 × 108 m3/yr). 414 

4.4 Spatiotemporal changes of IWD 415 

The spatial pattern of IWD was similar to that of CWR, as the two variables differ only by the 416 

IWUEC factor (Fig. 6a). The multi-year average annual IWD for the entire YRB was 1086.8 × 108 m3 417 

under Scheme 2. The middle reach contributed the largest share (590.5 × 108 m3, 54.3%), followed by 418 

the upper reach (359.6 × 108 m3, 33.1%) and the lower reach (136.7 × 108 m3, 12.6%) (Fig. 6b). 419 

 420 
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Figure 6: Spatiotemporal variations of IWD in the Yellow River Basin during 2000-2020. (a) Spatial 421 

distribution of multi-year average annual IWD; (b) Comparison of multi-year average IWD between 422 

Scheme 1 (5 main crops) and Scheme 2 (all 25 crops) across different sub-basins; (c) Interannual 423 

variations of IWD for each sub-basin. In panel (c), solid lines indicate statistically significant trends (P 424 

< 0.05), while dashed lines indicate non-significant trends. 425 

 426 

Consistent with the CWR results, considering only five major crops (Scheme 1) led to substantial 427 

underestimation of IWD. For the entire YRB, IWD under Scheme 1 was 714.8 × 108 m3, representing a 428 

34.2% underestimation compared to Scheme 2. The spatial heterogeneity of underestimation was also 429 

similar to CWR. The upper reach presented the largest underestimation (45.1%), while the middle and 430 

lower reaches showed underestimation of 28.9% and 28.8%, respectively (Fig. 6b).  431 

In contrast to the increasing trends observed for CWR, IWD presented decreasing trends across 432 

most regions over the 2000–2020 period (Fig. 6c), primarily attributable to improvements in IWUEC 433 

during this period (discussed further in Sect. 5.3). The magnitude of IWD trends differed substantially 434 

between the two schemes. For the entire YRB, Scheme 2 showed a stronger decreasing trend (-10.77 × 435 

108 m3/yr, P < 0.05) compared to Scheme 1 (-4.28 × 108 m3/yr, P < 0.05). Similar patterns were observed 436 

in the upper and middle reaches. 437 

The most striking result was that the two schemes yielded opposite trend directions in the lower 438 

reach. Scheme 2 presented a non-significant decreasing trend (-0.46 × 108 m3/yr), whereas Scheme 1 439 

showed a significant increasing trend (0.63 × 108 m3/yr, P < 0.05). This divergence highlights that 440 

incomplete crop coverage may not only underestimate the absolute magnitude of IWD but also lead to 441 

fundamentally different conclusions regarding temporal changes of IWD. 442 

5 Discussions 443 

5.1 Evaluation of the dataset and comparison with previous estimates 444 

Direct validation of IWD estimates is challenging for two primary reasons. First, IWD represents a 445 

theoretical water demand based on crop physiological requirements and climate conditions (Frenken and 446 

Gillet, 2012), fundamentally different from actual water use statistics that are influenced by water 447 

availability constraints, management practices, and socioeconomic factors (Archer et al., 2010). For 448 

instance, recent studies have demonstrated that significant spatiotemporal mismatches exist between 449 

IWD and actual water allocation in the YRB (Hou et al., 2025). Second, most previous IWD studies at 450 

the basin scale have either neglected IWUEC or applied spatially uniform and temporally static IWUEC 451 

values (Zha et al., 2025; Fu et al., 2022; Liu et al., 2022), making it difficult to establish comparable 452 

benchmarks for validation.  453 

Given these constraints, we first evaluated the reliability of our dataset by comparing key 454 

intermediate variables (ET0 and CWR) with independent estimates from previous studies, then  455 

examined the consistency of IWD temporal trends with observed changes in actual irrigation water use. 456 

For ET0, our calculated multi-year average annual total for the YRB (2000–2020) was 1100.96 mm. 457 

This value falls within the range of 950–1150 mm reported by Wang et al. (2012) for 1957–2008 and is 458 
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slightly lower than the approximately 1200 mm estimated by Liu and Yang (2010) for 1961–2006. Given 459 

that Liu and Yang (2010) also identified a declining trend in ET0 over their study period, the slightly 460 

lower value in our more recent study period (2000–2020) is consistent with this temporal pattern, 461 

supporting the reliability of our ET0 calculations. 462 

For CWR, Peng et al. (2017) reported a mean annual net irrigation water requirement (equivalent 463 

to CWR in this study) of 271.93 × 108 m3 for five major irrigation districts in the YRB during 2000–464 

2010, considering all crop types including both grain and economic crops. These five districts account 465 

for approximately 52% of the total irrigated area in the YRB. Our estimate for the entire basin during the 466 

same period was 534.80 × 108 m3, which is proportionally consistent with their results when accounting 467 

for the spatial coverage difference, further supporting the reliability of our CWR estimates. 468 

For IWD, direct comparison with actual water use statistics requires careful interpretation. The 469 

multi-year average IWD based on total sown area (1086.8 × 108 m3) substantially exceeds reported actual 470 

agricultural water consumption in the YRB, which was approximately 350–400 × 108 m3 (Peng et al., 471 

2021). This discrepancy is expected and arises from two sources. First, our sown area-based IWD covers 472 

all cropland including rainfed areas where irrigation is not applied. When restricted to actual irrigated 473 

area, IWD decreases to 508.4 × 108 m3 (see Sect. 5.2(1)). Second, even on irrigated land, actual water 474 

delivery is constrained by water availability, infrastructure capacity, and allocation policies, so crops 475 

frequently receive less water than their theoretical demand. Peng et al. (2021) estimated that 476 

approximately 3.3 × 104 km2 of irrigated cropland in the YRB (~20% of total sown area) was 477 

insufficiently irrigated or received no effective irrigation. Accounting for this deficit, the effective 478 

irrigation demand implied by their consumption estimate would be roughly 480 × 108 m3, broadly 479 

consistent with our irrigated area-adjusted IWD (508.4 × 108 m3). In addition, while the absolute 480 

magnitude of IWD thus cannot serve as a direct estimate of actual water consumption, temporal trends 481 

in IWD would be expected to reflect observed changes in actual water use. Indeed, the decreasing trend 482 

of IWD identified in this study is consistent with observed reductions in actual agricultural water use at 483 

multiple spatial scales. Zhu (2025) documented a declining trend in actual irrigation water consumption 484 

across the nine provinces encompassing the YRB during 2000–2023, and similar decreasing trends have 485 

been reported for Ningxia (Du et al., 2026) and Henan (Lu et al., 2017) provinces. This consistency 486 

across multiple independent studies provides indirect but important support for the reliability of our IWD 487 

estimates. Users should select the sown area-based version for assessing total agricultural water gaps and 488 

vulnerability, or the irrigated area-based version for operational water management, as discussed in Sect. 489 

5.2(1). 490 

While our ET0, CWR and IWD estimates show good consistency with previous studies, this dataset 491 

advances beyond existing products in several important aspects. The comprehensive coverage of 25 crop 492 

types addresses a critical gap in previous studies that typically considered only 3–6 major crops, thereby 493 

reducing the significant underestimation of basin-scale water demand (Figs. 5b and 6b). The high spatial 494 

resolution of 500 m enables finer representation of heterogeneity in cropland distribution and irrigation 495 

requirements, which is essential for local water management planning (Figs. 5a and 6a). Most importantly, 496 

the incorporation of spatiotemporally dynamic IWUEC values provides more realistic IWD estimates 497 

that account for water losses during conveyance and application, losses that are often neglected in 498 
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previous basin-scale studies where CWR is directly used as IWD. The importance of incorporating 499 

spatiotemporally dynamic IWUEC values is further discussed in Sect. 5.3. 500 

5.2 Uncertainty and limitations 501 

(1) Actual irrigated area 502 

A key distinction exists between cropland area and actually irrigated area. CWR based on total 503 

cropland represents the theoretical water deficit across all cultivated land, including rainfed areas where 504 

irrigation is not applied. This full agricultural water gap is essential for irrigation infrastructure planning, 505 

agricultural potential assessment, and climate adaptation studies (Chai et al., 2016).  506 

In contrast, CWR and IWD estimates based on actual irrigated area represent the water demand that 507 

is addressed through irrigation systems. Not all cropland in the YRB receives irrigation, particularly in 508 

areas where irrigation infrastructure is limited or economically unfeasible. To quantify this uncertainty, 509 

we applied the CIrrMap250 dataset (Zhang et al., 2024), which provides annual maps of China’s irrigated 510 

cropland at 250-m resolution from 2000 to 2020 derived through multisource data integration. By 511 

masking our 500-m CWR and IWD grids with the annually varying irrigated area from CIrrMap250, we 512 

generated an alternative set of estimates (Fig. 7). The results reveal substantial differences. When 513 

considering actual irrigated area, multi-year average CWR decreased from 548.3 × 108 m3 to 258.6 × 108 514 

m3 (a reduction of 52.8%), and IWD decreased from 1086.8 × 108 m3 to 508.4 × 108 m3 (a reduction of 515 

53.2%). The difference between these two estimates (approximately 290 × 108 m3 for CWR) represents 516 

the unmet water demand on rainfed cropland, which could be a critical indicator of agricultural 517 

vulnerability and potential for irrigation expansion. 518 
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 519 

Figure 7: CWR and IWD estimates considering actual irrigated area in the Yellow River Basin. (a) 520 

Spatial distribution of multi-year average CWR over actual irrigated area; (b) Spatial distribution of 521 

multi-year average IWD over actual irrigated area; (c) Comparison of multi-year average CWR 522 

between Scheme 1 (5 main crops) and Scheme 2 (all 25 crops) across different sub-basins; (d) 523 

Comparison of multi-year average IWD between Scheme 1 (5 main crops) and Scheme 2 (all 25 crops) 524 

across different sub-basins. Unirrigated areas (including the cropland and non-cropland areas) are 525 

shown in white in panels (a) and (b). 526 

 527 

Importantly, while accounting for actual irrigated area substantially reduces the absolute magnitude 528 

of CWR and IWD, our core finding regarding the underestimation caused by incomplete crop coverage 529 

remains robust. When considering actual irrigated area, the underestimation of CWR from using only 530 

five major crops (Scheme 1) was 29.7% for the entire YRB (Fig. 7c), compared to 33.3% based on total 531 

cropland area (Fig. 5b). The spatial pattern of underestimation remained consistent, with the upper reach 532 
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exhibiting the largest underestimation (41.2% versus 44.9% previously). Similarly, the underestimation 533 

of IWD decreased slightly from 34.2% (Fig. 6c) to 30.5% (Fig. 7d) at the basin scale, while the upper 534 

reach continued to show the highest underestimation (41.3% versus 45.1% previously). These results 535 

demonstrate that regardless of whether actual irrigated area is considered, studies relying solely on major 536 

crops would systematically underestimate basin-scale water demand by approximately 30%, reinforcing 537 

the necessity of comprehensive crop coverage in regional IWD assessment. 538 

This study provides both versions of the dataset to serve different research and management needs: 539 

(i) CWR and IWD based on total cropland area for assessing theoretical water demand and agricultural 540 

water gaps, and (ii) CWR and IWD adjusted for actual irrigated area for operational water management 541 

applications. Furthermore, users with access to higher-accuracy local irrigation maps can readily apply 542 

their own data to our gridded products, thereby refining estimates for specific regions of interest. 543 

(2) IWUEC 544 

The IWUEC values employed in this study were derived from official statistics. While these official 545 

statistics represent the most authoritative data source available for China, two primary uncertainties 546 

should be noted. 547 

First, the provincial-scale IWUEC values cannot capture sub-provincial spatial heterogeneity in 548 

irrigation efficiency. In reality, IWUEC varies considerably within provinces due to differences in 549 

irrigation infrastructure (e.g., canal lining, drip irrigation adoption), crop types, soil properties, and local 550 

management practices (Jägermeyr et al., 2015; Du et al., 2026; Fu et al., 2022). By applying uniform 551 

IWUEC values across each province, our IWD estimates may overestimate water demand in areas with 552 

advanced irrigation systems while underestimating demand in less developed areas. Future studies 553 

incorporating sub-provincial or irrigation district-level efficiency data would further improve the spatial 554 

accuracy of IWD estimation. 555 

Second, official IWUEC statistics were only available from 2009 onward, necessitating estimation 556 

for the 2000–2008 period through temporal extrapolation. We employed linear regression based on the 557 

2009–2020 time series to hindcast IWUEC values for each province. The reliability of this extrapolation 558 

is supported by the strong linear relationships observed across all nine provinces encompassing the YRB, 559 

with coefficients of determination (R2) ranging from 0.879 (Shandong) to 0.993 (Sichuan) (Fig. A3b-j). 560 

These high R2 values indicate that IWUEC improvements followed consistent linear trajectories during 561 

the 2009–2020 period, likely driven by sustained national policies promoting water-saving irrigation 562 

technologies. The assumption that similar linear trends prevailed during 2000–2008 could be reasonable 563 

given that China’s agricultural water-saving initiatives were already underway during this period 564 

(Mingzhong, 2000; Fu et al., 2022). Nevertheless, the extrapolated values for earlier years inevitably 565 

carry greater uncertainty than the directly reported values for 2009–2020. 566 

Despite these limitations, the use of spatiotemporally dynamic IWUEC values is a methodological 567 

improvement over previous studies in the YRB that ignored IWUEC altogether or applied spatially 568 

uniform or temporally static coefficients (Liu et al., 2022; Niu et al., 2022). Our approach, while 569 

imperfect, better reflects the reality that irrigation efficiency has improved substantially over the past two 570 

decades and varies across provinces with different levels of agricultural development. 571 

(3) Other sources of uncertainty 572 
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Several additional factors contribute to uncertainty in CWR and IWD estimation, though their 573 

impacts are expected to be secondary compared to the factors discussed above. 574 

The Kc values for 20 crop types were derived from 45 observation stations across northern China 575 

and spatially interpolated using inverse distance weighting. While this approach captures regional 576 

variations in crop water consumption characteristics, interpolation errors may occur in areas distant from 577 

observation stations. Additionally, Kc values for five crop categories (vegetables, oil crops, green fodder, 578 

rapeseed, and coarse cereals) were adopted directly from FAO-56 guidelines (Allen et al., 1998) due to 579 

the lack of locally calibrated values. Although this is a common practice in regional water use studies 580 

(Fan et al., 2025), these FAO reference values may not fully represent crop water use characteristics 581 

under the semi-arid continental climate conditions prevalent in much of the YRB. Similar uncertainties 582 

exist for crop calendar parameters, as planting dates and growth stage lengths derived from literature and 583 

FAO AQUASTAT do not capture interannual variability from climate and farmer decisions (Alimagham 584 

et al., 2024), nor spatial heterogeneity across elevations and latitudes (Mkuhlani et al., 2024). 585 

Crop sown areas compiled from statistical yearbooks at the administrative unit level (170 units 586 

comprising both counties and prefectures as shown in Fig. A1) were uniformly distributed across all 587 

cropland pixels within each unit. This assumption of homogeneous crop distribution does not reflect the 588 

actual spatial clustering of specific crops. Although several spatially explicit crop type mapping products 589 

have emerged in recent years, their utility for this study is limited by two factors. First, most existing 590 

products with relatively high resolution cover relatively short time series (typically less than 10 years), 591 

which cannot support the 21-year temporal span (2000–2020) required for this study. Second, these 592 

products predominantly focus on staple grain crops such as wheat (Dong et al., 2024), rice (Shen et al., 593 

2023), and maize (Peng et al., 2023), while lacking coverage of the diverse crop types (e.g., vegetables, 594 

oil crops, and coarse cereals) that constitute a substantial portion of sown area in the YRB. To maintain 595 

consistency in statistical standards and minimize data inconsistencies arising from the integration of 596 

multiple heterogeneous data sources, we chose to use official sown area statistics uniformly across all 597 

crop types. As high-resolution, multi-decadal crop type mapping products with comprehensive crop 598 

coverage become available, future studies could substantially improve the spatial precision of crop-599 

specific water demand estimation. 600 

5.3 Implications for water resources assessment 601 

(1) Necessity of comprehensive crop type coverage 602 

Our results demonstrate that incomplete crop coverage not only causes substantial underestimation 603 

of absolute water demand but also misrepresents its temporal dynamics. Considering only five major 604 

crops (Scheme 1) resulted in underestimation of CWR and IWD by 33.3% and 34.2%, respectively, 605 

compared to the comprehensive 25-crop coverage (Scheme 2). More importantly, the two schemes 606 

yielded markedly different, and in some cases contradictory, representations of temporal trends. In the 607 

middle reach, the increasing rate of CWR under Scheme 2 was nearly three times that of Scheme 1 (Fig. 608 

5c), suggesting that studies limited to major crops would substantially underestimate the intensification 609 

of agricultural water demand in this region. The two schemes even gave opposite IWD trends in the 610 

lower reach (Fig. 6c), which means that limited crop coverage could mislead water management 611 
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decisions. 612 

(2) How many crop types are sufficient? 613 

Given the demonstrated importance of comprehensive crop coverage, a practical question arises 614 

regarding how many crop types should be considered to achieve acceptable accuracy in regional IWD 615 

assessment. To address this question, we conducted a sensitivity analysis by ranking crops according to 616 

their individual contributions to total CWR and IWD (Fig. 8). The results reveal a characteristic pattern 617 

of diminishing marginal contributions. The six crops with highest water demand (winter wheat, summer 618 

maize, spring maize, spring wheat, vegetables, and tuber crops) collectively accounted for approximately 619 

80% of total CWR and IWD in the YRB. Extending coverage to the top 12 crops captured over 90% of 620 

the total, while 15 crops were required to reach the 95% threshold. These findings provide practical 621 

guidance for future IWD studies in similar agricultural regions. While comprehensive coverage of all 622 

crop types is ideal, studies constrained by data availability should prioritize including at least 12–15 crop 623 

types to minimize systematic underestimation. It should be noted that vegetables and tubers, crops 624 

frequently omitted in previous studies focusing exclusively on grain crops, rank among the top six 625 

contributors to basin-scale water demand, highlighting the importance of including non-grain crops in 626 

regional water assessments. 627 

 628 

https://doi.org/10.5194/essd-2026-128
Preprint. Discussion started: 9 March 2026
c© Author(s) 2026. CC BY 4.0 License.



26 

Figure 8: Sensitivity analysis of cumulative CWR and IWD contributions by individual crops in the 629 

Yellow River Basin. Crops are ranked in descending order by their multi-year average (a) CWR and (b) 630 

IWD. The cumulative ratio represents the proportion of total CWR or IWD accounted for by 631 

progressively including crops from highest to lowest. The red dashed line indicates the 95% threshold. 632 

(3) Importance of accounting for IWUEC dynamics 633 

An important finding of this study is the contrasting temporal trends between CWR and IWD. While 634 

CWR exhibited a non-significant increasing trend at the basin scale with a significant increase in the 635 

upper reach (Fig. 5c), IWD showed significant decreasing trends across the basin and in both the upper 636 

and middle reaches (Fig. 6c). This divergence is primarily attributable to the substantial improvement in 637 

IWUEC over the study period (Fig. A3), reflecting sustained investments in irrigation infrastructure 638 

modernization and adoption of water-saving technologies across the YRB (Wang et al., 2021a). The 639 

resulting decline in IWD, despite stable or increasing crop water requirements, is consistent with 640 

observed reductions in actual agricultural water consumption reported at both basin and provincial scales 641 

(Zhu, 2025; Du et al., 2026; Lu et al., 2017). This finding suggests that assessments focusing solely on 642 

CWR without accounting for IWUEC dynamics would overestimate the growth in irrigation water 643 

demand. Future water resources assessments should therefore incorporate spatiotemporally explicit 644 

IWUEC values to accurately capture the changing relationship between crop water requirements and 645 

actual irrigation water demand. 646 

6 Data availability 647 

The high-resolution CWR and IWD dataset for the Yellow River Basin (2000–2020) (Tang and Zhang, 648 

2026) is publicly available at Zenodo (https://doi.org/10.5281/zenodo.18628324) under the Creative 649 

Commons Attribution 4.0 International (CC BY 4.0) license. The dataset comprises four main directories: 650 

“CWR”, “IWD”, “CWR-AIA”, and “IWD-AIA”, where CWR and IWD represent estimates based on 651 

total crop sown area, and CWR-AIA and IWD-AIA represent estimates adjusted for actual irrigated area. 652 

Each directory contains 25 subdirectories corresponding to individual crop types (e.g., spring maize, 653 

winter wheat, cotton). Within each crop subdirectory, annual data files are stored chronologically from 654 

2000 to 2020 in GeoTIFF format with WGS84 coordinate system and approximately 0.00417° spatial 655 

resolution. File naming follows the convention “CWR_YYYY_Crop_name.tif” (or 656 

“IWD_YYYY_Crop_name.tif”) for sown area-based estimates and “CWR-AIA_YYYY_Crop_name.tif” 657 

(or “IWD-AIA_YYYY_Crop_name.tif”) for irrigated area-adjusted estimates, where YYYY represents 658 

the year.  659 

7 Conclusions 660 

This study presents a comprehensive, high-resolution (500 m) dataset of crop water requirement (CWR) 661 

and irrigation water demand (IWD) for the Yellow River Basin covering 25 crop types over the 2000–662 

2020 period. Two complementary versions are provided: a sown area-based version that captures the full 663 

theoretical agricultural water gap, and an irrigated area-based version that constrains estimates to actually 664 
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irrigated cropland. 665 

A central contribution of this work is the systematic quantification of how incomplete crop coverage 666 

distorts both the magnitude and temporal dynamics of IWD. This practice, which remains prevalent in 667 

regional water demand assessments, leads to substantial underestimation. Considering only five major 668 

grain crops, as in most previous studies of the Yellow River Basin, underestimates CWR and IWD by 669 

approximately 33% and 34% at the basin scale. The upper reach shows the most severe underestimation, 670 

exceeding 45%. More importantly, this incomplete coverage does not merely introduce a uniform scaling 671 

bias. Rather, it fundamentally misrepresents temporal trends, yielding opposite trend directions for IWD 672 

in the lower reach compared to the comprehensive 25-crop estimate. This demonstrates that crop 673 

coverage gaps can qualitatively distort management-relevant conclusions. 674 

Our sensitivity analysis provides important and practical guidance for future studies facing data 675 

constraints. At least 12 to 15 crop types are needed to capture over 90% to 95% of basin-scale water 676 

demand. Notably, vegetables and tuber crops rank among the top six contributors, despite being 677 

frequently omitted in grain-centric assessments. This finding highlights the necessity of incorporating 678 

non-grain crops into regional water demand assessments. 679 

This dataset also demonstrates the importance of accounting for the spatiotemporal dynamics of 680 

irrigation water use efficiency. While CWR showed a stable to slightly increasing trend over the study 681 

period, IWD showed a significant basin-wide decline. This decline was driven primarily by 682 

improvements in irrigation infrastructure and water-saving technologies. Assessments that equate CWR 683 

directly with IWD, which represents a common simplification, would therefore misrepresent the 684 

trajectory of actual irrigation demand. 685 

The evaluation framework and spatial allocation method used here are not specific to the YRB and 686 

could be applied to other basins where multi-crop water demand data are needed. Users with access to 687 

higher-accuracy local irrigation maps or sub-provincial efficiency data can further refine estimates by 688 

applying their data to the gridded products. The dataset is publicly available at https://doi.org/ 689 

10.5281/zenodo.18628324. 690 

 691 
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Appendix A: Supplementary figures 692 

 693 

Figure A1: Spatial distribution of the 170 administrative units (counties or prefectures) used for crop-694 

specific sown area compilation in the Yellow River Basin. 695 

 696 

 697 

Figure A2: The distribution of 45 observation stations for crop coefficients. 698 

 699 
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 700 

Figure A3: Provincial irrigation water use efficiency coefficients (IWUEC) from 2000 to 2020. Blue 701 

points indicate reference data from official statistics; orange points represent interpolated values based 702 

on linear regression fitted to the reference period (2009–2020). 703 

 704 

 705 

 706 

 707 
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