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Abstract


Accurate estimation of actual evapotranspiration (ET) is critical for understanding hydrothermal cycles and ecosystem functioning in arid regions, where water scarcity governs ecological resilience. To address persistent gaps in ET quantification, this study integrates multi-source remote sensing data, energy balance modeling, and ground-based validation that significantly enhances spatiotemporal ET accuracy in the vulnerable desert steppe ecosystems. The study utilized meteorological data from several national stations and Landsat-8 imagery to process monthly remote sensing images in 2019. The Surface Energy Balance System (SEBS) model, chosen for its ability to estimate ET over large areas, was applied to derive modeled daily ET values, which were validated by a large-weighted lysimeter. It was shown that ET varied seasonally, peaking in July at 6.40 mm/day, and reaching a minimum value in winter with 1.83 mm/day in December. ET was significantly higher in southern regions compared to central and northern areas. SEBS-derived ET showed strong agreement with lysimeter measurements, with a mean relative error of 4.30%, which also consistently outperformed MOD16A2 ET products in accuracy. This spatial heterogeneity was driven by greater vegetation coverage and enhanced precipitation in the southeast. The steppe ET showed a strong positive correlation with surface temperatures and vegetation density. Moreover, the precipitation gradients and land use were primary controllers of spatial ET patterns. The process-based SEBS frameworks demonstrate dual functionality as resource-optimized computational platforms while enabling multi-scale quantification of ET spatiotemporal heterogeneity; it was therefore a reliable tool for ecohydrological assessments in an arid steppe, providing critical insights for water resource management and drought monitoring.
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1. Introduction


Accurately estimating evapotranspiration (ET) in desert steppes is crucial because these fragile, water-stressed ecosystems are highly sensitive to changes in the hydrological cycle driven by climate change and human activities. A reliable ET value is fundamental for understanding local water budgets, predicting ecological responses to aridity, and informing sustainable water resource management and grazing practices in these vulnerable regions. Accurate measurement of ET is essential across multiple disciplines, including smart agriculture, water resource management, ecosystem service assessments, disaster preparedness, and meteorological and climatic research [1,2]. Traditional methods for monitoring ET rely on instruments such as eddy covariance systems, sap flow sensors, and large-weighted lysimeters, which provide precise data but often come with high costs and operational complexities, particularly in arid and rural regions [3]. In contrast, energy balance ET models, which leverage large-scale, long-term meteorological data from weather stations combined with remote sensing observations spanning extensive areas and periods, offer a viable alternative for estimating water consumption [4,5,6]. Remote sensing technology faces challenges posed by the unique surface characteristics of the desert steppe region, such as sparse vegetation and soils with high albedo, in acquiring remote sensing data and estimating ET. By systematically operationalizing these research priorities, the present study seeks to elucidate ET dynamics through an integrated modeling–observational paradigm, thereby establishing mechanistic frameworks for water flux quantification in water-limited desert steppe ecosystems exposed to increasing aridity gradients.



Advancements in remote sensing technology have revolutionized the study of ET and water resources [7,8]. High-resolution data from satellites such as the Moderate-Resolution Imaging Spectroradiometer (MODIS) and Landsat provide detailed information on key parameters, including digital elevation models (DEMs), land surface temperature (LST), the normalized difference vegetation index (NDVI), and vegetation coverage, enabling precise ET estimation [9]. Numerous studies have utilized remote sensing for ET assessment through the Surface Energy Balance System (SEBS), which demonstrated its potential to validate and extend measured data to daily and regional scales [10]. However, the accuracy of these estimations can be influenced by variations in measurement parameters [11] and advective flux [12,13]. For instance, daily ET retrieved from MODIS using the Penman–Monteith equation has been validated against flux data, with most ecosystems showing lower errors when soil water content and vapor pressure deficit were considered [14,15,16]. Furthermore, in the Sanjiang Plain of Northeast China, MODIS-based remote sensing ET estimates were lower than those derived from the water balance method for rice fields. Nevertheless, the Surface Energy Balance Algorithms for Land (SEBAL) demonstrated strong performance in simulating crop water requirements, aligning well with measured data [17]. The integration of high-resolution remote sensing data, such as Landsat-8 and MODIS, with the SEBS model has significantly improved the accuracy of ET estimation by providing detailed spatial and temporal information on LST, vegetation indices, and surface albedo [18]. This integration underscores the potential of remote sensing in advancing ET research and its applications.



Soil moisture plays a critical role in grass growth under climate change conditions, primarily influenced by the balance between precipitation and ET [19,20]. The grass crop coefficient, a key parameter in ET estimation, is closely linked to the leaf area index (LAI) [21] and the NDVI [22], both of which can be derived from MODIS satellite data. Changes in vegetation cover can significantly impact grassland ET over large spatial scales [23,24], highlighting the need to investigate seasonal variations in grass ET by integrating remote sensing observations with meteorological data [25]. Understanding the relationship between ET and soil moisture is essential for assessing the impacts of droughts, which can drastically alter vegetation cover and ecosystem dynamics [26,27]. The energy balance method provides an effective approach for evaluating ET and explaining the physiological processes of grasslands. Among these methods, the SEBS model stands out for its accuracy and has been extensively validated across diverse regions [5].



By estimating and verifying the grassland ET through the SEBS model, the applicability of the SEBS model in desert grassland water resource management can be clarified. Although the accuracy of SEBS in energy balance-based ET calculations has been verified in many areas, its application in desert grasslands characterized by sparse vegetation remains to be confirmed. By validating the SEBS model with data from large-scale lysimeters, the spatiotemporal distribution characteristics of desert grassland ET can be derived, which is beneficial for effective water resource management in fragile ecosystems and helps elucidate its influencing factors. This study was conducted in Damaoqi, a vast and representative desert steppe in western Inner Mongolia. Following the collection of meteorological data from national meteorological stations and remote sensing land surface data from MODIS and Landsat 8, the objectives of this study are threefold: (1) to analyze the spatiotemporal patterns of ET in the desert steppe region; (2) to validate the SEBS model for estimating actual ET using the large-weighted lysimeter method; and (3) to investigate the key factors influencing grassland ET dynamics. By systematically operationalizing these research priorities, the present study seeks to elucidate ET dynamics through an integrated modeling–observational paradigm, thereby establishing mechanistic frameworks for water flux quantification in water-limited terrestrial ecosystems exposed to increasing aridity gradients.




2. Materials and Methods


2.1. Overview of the Study Area


This study focuses on the Darhan Muminggan Joint Banner, a representative desert steppe region in arid and semi-arid areas, as the research area (Figure 1). Located in the North China region, Darhan Muminggan Joint Banner—commonly abbreviated as “Damao Banner”—is administered by Baotou City in the Inner Mongolia Autonomous Region. It lies within the Yinshan Northern Foot-Hunshandake Desert National Key Ecological Function Zone and represents the largest ecosystem in Baotou City. Geographically, the study area spans latitudes 41°20′ N to 42°40′ N and longitudes 109°16′ E to 111°25′ E, covering a total area of 17,410 km2. The terrain slopes from south to north, with an average elevation of 1376 m a.s.l. The region features a gradient of ecosystem types from north to south, including decertified steppe, desert steppe, and meadow steppe, with desert steppe being the predominant type.



Damao Banner experiences a mid-temperate continental climate characterized by hot summers and cold winters, with an average annual temperature of 4.2 °C. The region receives limited precipitation, averaging only 256.2 mm annually, with the majority concentrated in July and August. In contrast, the evaporation rate is exceptionally high, with an average annual evaporation of 2526.4 mm. Strong winds are frequent, with an average annual wind speed ranging from 3.2 to 5.2 m/s, and the area enjoys abundant sunshine, averaging 4439.7 h per year [28]. Despite these climatic conditions, the region suffers from a natural scarcity of water resources, which is further exacerbated by inefficient utilization and wastage. This has led to widespread ecological challenges, including grassland and vegetation degradation, shrinking river and lake areas, and severe land desertification. The progressive environmental degradation exerts significant and multifaceted impacts on the socioeconomic viability of indigenous human populations and the ecological sustainability of native wildlife species within this fragile, semi-arid steppe environment.




2.2. Data Collection and Processing


2.2.1. Landsat Data


Due to its suitable spatial resolution, thermal bands, and frequent revisit capability for accurate and timely monitoring of water and energy fluxes, Landsat-8, a land observation satellite system launched by the United States in 2013, was chosen to estimate regional evapotranspiration (ET). It is equipped with two sensors: the Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS) [29]. For this study, data from the OLI sensor were primarily utilized for evapotranspiration (ET) calculations. The OLI sensor captures nine spectral bands with a spatial resolution of 30 m, providing detailed and high-quality imagery. Remote sensing data for the study area were acquired from the Geospatial Data Cloud’s Landsat-8 OLI imagery. To ensure comprehensive coverage, one remote sensing image per month from 2019 was selected for analysis. Since a single image could not fully encompass the study area, three images with path/row numbers 127,031, 128,030, and 128,031 were employed. These images were mosaicked and masked to extract the precise study area imagery, ensuring a seamless and accurate dataset for research and analysis (Figure 2).




2.2.2. MODIS Data


Because of its global coverage, frequent temporal resolution, and consistent long-term datasets for monitoring ET at large scales, MODIS data for this study were obtained from the National Aeronautics and Space Administration (NASA). Specifically, the MODIS Land Surface 4-Level Standard Product MOD16A2 was selected, which features a temporal resolution of 8 days and a spatial resolution of 500 m. This product utilizes a physics-based algorithm that integrates MODIS thermal infrared data, vegetation indices, and meteorological inputs to model the dynamics of land surface energy balance and water flux. Spanning the entire globe from 2000 to the present, MOD16A2 is widely applied in hydrological studies, drought monitoring, agricultural water management, and climate modeling. Distributed in HDF-EOS format, the dataset provides valuable insights into ecosystem water use and terrestrial water cycle processes at regional to global scales.



The MOD16A2 product is based on the Penman–Monteith equation and incorporates remote sensing data such as surface albedo, NDVI, and vegetation coverage, along with meteorological data including temperature, pressure, and wind speed, to generate enhanced ET measurements. The dataset includes key variables such as ET, latent heat flux (LE), potential evapotranspiration (PET), and potential latent heat flux (PLE). Temporal resolutions available are 8-day, monthly, and annual ET measurements, making it a versatile tool for long-term and large-scale analyses [15,30,31]. We enhanced its temporal resolution from 8 days to daily through linear interpolation to match the temporal resolution of Landsat data.




2.2.3. Meteorological Data


In order to validate the calculated ET remote sensing, meteorological station data, including temperature, pressure, wind speed, and sunshine duration, were obtained and aligned with the same temporal periods as the Landsat-8 remote sensing data. However, spatial interpolation posed a challenge due to the limited number of meteorological stations within the study area, with only Damao Banner and Mandula stations available. To address this, data from 11 additional meteorological stations across Bayannur, Baotou, Ulanqab, Hohhot, and Ordos City were incorporated. ArcGIS software 10.2 was utilized to perform spatial interpolation and clipping of the meteorological data, ensuring comprehensive coverage and accuracy for the study area.



The annual spatial distribution of precipitation in 2019 was collected from the Climate Hazards Center InfraRed Precipitation with Station data (CHIRPS), which is a 30+ year quasi-global rainfall dataset. CHIRPS incorporates 0.05° resolution satellite imagery with in situ station data to create gridded rainfall time series for trend analysis and seasonal drought monitoring [32].




2.2.4. Actual ET Measured by Large-Weighted Lysimeter and the DEM Data


Additional data utilized in this study include topographic data and lysimeter measurements. The topographic data were obtained from the Geospatial Data Cloud’s Digital Elevation Model (DEM), featuring a spatial resolution of 90 m. The actual ET of the natural steppe was measured using a large-scale auto-weighted lysimeter (BSI-L08W, Xi’an Zhirun Technology Co., Ltd., Xi’an, China), which has dimensions of 2 m in width, length and 2.3 m in depth. The lysimeter boasts a resolution of 0.02 mm and operates with a measurement interval of 1 h, providing high-precision and continuous data on water flux dynamics. Not all the data are valid; we checked the large weighing lysimeter data, and averaged the hourly ET of days with daily valid hours higher than 12 to each day for comparison with model outputs. This advanced instrumentation ensures accurate and reliable quantification of ET in the study area. These data were primarily employed to facilitate the spatial interpolation of meteorological data and to serve as input parameters for the SEBS model in calculating ET. This integration of topographic data ensures enhanced accuracy and reliability in the modeling process.





2.3. The Surface Energy Balance System (SEBS) Model


The Surface Energy Balance System (SEBS) was selected as the core modeling framework due to its robust physical mechanism in quantifying land–atmosphere energy exchanges, particularly critical for water-limited ecosystems. Its ability to integrate multi-source satellite data with ground meteorology addresses a fundamental gap in ET estimation across heterogeneous arid landscapes where traditional methods fail. Crucially, SEBS eliminates empirical crop-coefficient dependencies through first-principal energy partitioning—a decisive advantage for natural desert steppes with dynamic phenology. By directly deriving turbulent fluxes from radiative and aerodynamic constraints, the framework ensures scalability from instantaneous satellite overpass to daily ET, making it operationally indispensable for regional water resource diagnostics in data-scarce environments like our Damao Banner study area.



2.3.1. Parameters of SEBS Model


In this study, we employed the SEBS model to calculate ET in arid regions. This model leverages remote sensing data to derive essential surface parameters for the study area, such as the NDVI, surface albedo, and surface emissivity [33]. Additionally, meteorological data obtained from weather stations—including mean atmospheric pressure, mean temperature, and mean wind speed—are integrated to estimate sensible heat flux and soil heat flux. Based on the principle of surface energy balance, latent heat flux is calculated, enabling the derivation of instantaneous ET. By temporally extending these instantaneous ET values, regional daily ET is estimated [10]. These surface parameters and meteorological observations provide a robust foundation for establishing and validating the SEBS model.



Initially, raw data from Landsat-8 are preprocessed using ENVI software 5.3 to eliminate systematic errors in the imagery and correct spectral information affected by atmospheric influences, such as scattering and absorption [34]. The preprocessing steps include radiometric calibration, atmospheric correction, geometric correction, and image cropping, ensuring the accuracy and reliability of the data for subsequent analysis.



The SEBS model is established based on the principle of surface energy balance and the net radiation flux per unit area over a unit of time can be expressed as:


    R   n   =   1 − α     R   s ↓   + ε   R   L ↓   −   R   L ↑    



(1)




where α is the surface albedo; Rs↓ represents incoming shortwave radiation from the sun (W/m2); RL↓ represents incoming atmospheric longwave radiation (W/m2); ε denotes surface emissivity and is 0.97 for grassland; RL↑ represents outgoing longwave radiation from the surface (W/m2). Where the surface broadband albedo α is derived through a linear combination of narrowband reflectance after atmospheric correction [6], it is formulated as follows:


  α = 0.356   α   2   +   0.130 α   4   + 0.373   α   5   + 0.085   α   6   + 0.072   α   7   + 0.0018  



(2)







Here, α2, α4, α5, α6, and α7 represent the reflectance of the 2nd, 4th, 5th, 6th, and 7th spectral bands after atmospheric correction, respectively.



The soil heat flux is calculated using a formula that integrates vegetation coverage, the vegetation coverage coefficient, the proportion of bare soil, and the net radiation flux at the surface. The calculation formula is as follows:


  G =   R   n   ×     Γ   c   +     Γ   s   −   Γ   c       1 −   F   v        



(3)




where G represents soil heat flux (W/m2); Rn represents net radiation flux at the surface (W/m2); Γc is 0.05, the ratio of G/Rn with full covered vegetation; Γs is 0.315, the G/Rn proportion of bare soil; Fv represents vegetation coverage, which is calculated by:


    F   v   =    N D V I −   N D V I   s       N D V I   c   −   N D V I   s       



(4)




where NDVIs is the NDVI of bare soil, 0 for the desert steppe, and NDVIc is the NDVI with fully covered vegetation, with the value of 0.7 for grassland.



The sensible heat flux is calculated based on the Monin–Obukhov similarity theory and atmospheric boundary layer similarity theory, with modifications applied to enhance accuracy. The calculation formula is as follows:


  μ =      u   ∗     k        ln        z −   d   0       z   0 m          −   Ψ   m        z −   d   0     L      +   Ψ   m          z   0 h     L         



(5)






    θ   0   −   θ   a   =    H   k   u   ∗   ρ   C   p          ln        z −   d   0       z   0 h          −   Ψ   h        z −   d   0     L      +   Ψ   h          z   0 h     L         



(6)






  L = −    ρ   C   p     u   ∗ 3     θ   v     k g H     



(7)




where u represents wind speed (m/s); u* represents friction velocity (m/s); z represents reference height (m), with a value of 2 m in this equation; d0 represents zero-plane displacement height (m); z0m represents momentum transfer roughness length (m); Ψm and Ψh represent Monin–Obukhov stability correction functions for momentum and heat transfer, respectively; L represents Monin–Obukhov stability length (m); z0h represents the roughness length for heat transfer at the surface (m); θ0 and θa represent potential temperature at observation height and reference height (K), respectively; θv represents potential temperature near the surface (°C); H represents sensible heat flux (W/m2); κ represents the von Kármán constant, typically with a value of 0.4; ρ represents air density (g/m3); Cp represents specific heat capacity of air (J/g°C); g represents gravitational acceleration (m/s2).




2.3.2. Evaporation Ratio


The SEBS model determines the evaporation ratio by establishing dry and wet limits based on the actual conditions of sensible heat flux and latent heat flux under extreme dry and wet conditions. The evaporation ratio is calculated, and daily ET is subsequently estimated. According to the surface energy balance equation, when the surface is extremely dry, the latent heat flux approaches zero, indicating minimal evaporation, while the sensible heat flux reaches its maximum value [10,35]. This relationship is expressed by the following formula:


    H   d r y   =   R   n   − G , λ E = 0  



(8)







When the surface is extremely wet, the sensible heat flux reaches its minimum. Combining with the Penman–Monteith equation, this can be expressed as:


    H   w e t   =      R   n   − G −   ρ   C   p       r   e w     ·     e   s   − e   r     1 +   Δ   r       



(9)




where rew represents aerodynamic resistance under wet conditions, which depends on the Monin–Obukhov length L (m); es represents saturation water vapor pressure; e represents actual water vapor pressure; r represents the psychrometric constant; ∆ represents the slope of the saturation vapor pressure–temperature curve.



By combining actual sensible heat and sensible heat at dry and wet limits, the relative evaporation ratio can be obtained:


    Λ   r   =    λ E   λ   E   w e t      = 1 −    H −   H   w e t       H   d r y   −   H   w e t       



(10)







Substituting into the SEBS model, the evaporation ratio Λ can be expressed as the ratio of actual evapotranspiration to available energy, represented by the following formula:


  Λ =    λ E   H + λ E    =    λ E     R   n   − G    =      Λ   r   λ   E   w e t       R   n   − G     



(11)








2.3.3. Evapotranspiration Time Scale Expansion


According to the evaporation ratio calculated and combined with the latent heat of vaporization of water, the daily evapotranspiration is calculated by directly using the evaporation ratio in the SEBS model [36], and the formula is expressed as follows:


  λ = 2.501 − 2.316 ×   10   − 3       T   a   − 273.15    



(12)






  E   T   d   = 8.64 ×   10   7   × Λ ×      R   n     λ   ρ   w       



(13)




where λ represents the latent heat of vaporization of water (J/kg); Ta represents the surface temperature (K); ETd represents daily evapotranspiration (mm/day); Rn represents net radiation flux at the surface (W/m2); ρw represents the density of water (kg/m3).




2.3.4. Accuracy Verification Methods


Accuracy verification methods can be categorized into direct validation methods and indirect validation methods. Direct validation methods include on-site data acquisition using the large-weighted lysimeter. Indirect validation methods, on the other hand, rely on calculations using the Penman–Monteith equation or remote sensing product retrievals. For example, the MODIS16A2 ET product is derived from the Penman–Monteith equation, incorporating surface data such as surface albedo, NDVI, and vegetation coverage, as well as meteorological data including temperature, pressure, and wind speed.



The study area, a desert grassland, utilizes MODIS16A2 product data to verify the ET inversion results based on Landsat-8, which was calculated using the SEBS model. Additionally, the trends in ET changes were analyzed, and the accuracy of the results was further validated using the large-weighted lysimeter measurement data.





2.4. Model Performance Statistics


The actual ET was measured by the large-weighted lysimeter. The determination coefficient (R2), mean absolute error (MAE), and root mean square error (RMSE) were chosen to evaluate the model performances [37].





3. Results


3.1. Comparison of ET Estimation Results to Measured ET


The ET data were derived based on the SEBS model and Landsat-8 inversion, which were validated using both direct and indirect error verification methods. Firstly, direct error verification selects data from the station’s large-weighted instruments in the study area for validation. Secondly, indirect error verification is based on MOD16A2 ET products. MOD16 data has been validated globally through flux tower ET measurements and estimates of ET from 232 basins. The SEBS model ET is shown in Table 1, simultaneously comparing with remote sensing ET based on MOD16A2 and large-weighted lysimeter measured ET. The maximum ET calculated by the SEBS model was 8.21 mm/day, occurring on 21 August, and the minimum was 1.83 mm/day, occurring on 3 December. The extreme ET values monitored by MOD16A2 appeared at the same time as the SEBS model inversion, with a maximum of 8.40 mm/day and a minimum of 1.94 mm/day (Figure 3). By comparing the ET modeled by the SEBS model with the ET measured by the large-weighted lysimeter, the minimum relative error was 1.05% on 6 March, the maximum relative error was 14.94% on 9 May, and the average relative error was 4.30%, which indicates that the SEBS method has better applicability in the research regions with different growing seasons.




3.2. Comparison of ET Modeled by SEBS and Measured by Large-Weighted Lysimeter


A correlation analysis was performed between actual ET and SEBS-modeled ET, with results illustrated in Figure 4. Accuracy validation metrics, summarized in Figure 4, reveal a strong alignment between modeled and observed ET. The coefficient of determination (R2 = 0.91) demonstrates a robust positive correlation, indicating that the model accounts for 91% of the variability in observed ET. The root means square error (RMSE) and mean absolute error (MAE) are 0.27 mm/day and 0.21 mm/day, respectively, which further confirms the model’s reliability. For the 2019 desert steppe study area, the growing season was observed to span from 6 March to 30 April, as evidenced by a distinct upward trend in ET values between these dates.




3.3. The Influence Factors for Calculating Spatial ET


Land use classification within the study area is presented in Figure 5, revealing distinct spatial patterns: dryland systems dominate the southern region, while grasslands are distributed across central and northern zones. Grassland ecosystems accounted for approximately 70% of the total study area. Vegetation distribution in this desert steppe environment is principally governed by water availability, a critical limiting factor for ecosystem productivity. Notably, vegetation in high-coverage grassland exhibited elevated leaf area index (LAI) values. Surface energy partitioning in these areas demonstrated reduced sensible heat flux relative to latent heat flux, a pattern strongly modulated by LAI variations characteristic of steppe ecosystems. The regional ET is largely controlled by grassland vegetation, which also responds strongly to precipitation and soil moisture.




3.4. The Spatial Distribution of Modeled ET


Figure 6 illustrates the spatiotemporal distribution of ET derived from SEBS model simulations across seasons. The temporal trend reveals a progressive increase in daily ET from January to July, followed by a decline from August to December. Seasonally, peak ET values occurred during the summer months (June to August), with a maximum daily value of 14.1 mm/day observed on 21 August. In contrast, winter months (December to February) displayed minimal ET activity, reaching a daily minimum of 4.9 mm/day on 3 December. Spatially, the eastern and southern sectors exhibited significantly enhanced ET rates compared to the western and northern regions, a pattern attributable to synergistic vegetation–climate interactions. As demonstrated in Figure 5, the southern zone is characterized by high-coverage grasslands and rain-fed croplands, which drive elevated ET through elevated LAI values and higher transpiration rates relative to the low-density desert steppe vegetation in northern areas. The annual precipitation was 161–424 mm during 2019, and the value is decreased from a southeast to a northwest direction. Moreover, precipitation may dominate ET spatial variability through threshold-dependent soil moisture recharge, creating patchy ET patterns where infrequent high-intensity events sustain localized hotspots while low-rainfall zones remain ET-limited especially in the southern area during July to September (Figure 7 and Figure 8).





4. Discussion


The maximum ET measured by the large-weighted lysimeter also occurred on 21 August, with a value of 8.10 mm/day, which was similar to the maximum ET of 6.0 mm/day in July at the desert steppe of the Heihe River Basin [38]. As depicted in Figure 3, the measured ET values are consistently the lowest across the majority of dates. The ET values derived from the SEBS model fall between those obtained from MODIS products and the measured values. This pattern aligns with the comparative results reported in Arou County, Qinghai [39]. Furthermore, when compared with MODIS ET products, the ET data generated by the SEBS model, based on Landsat-8 satellite imagery inversion, demonstrate greater proximity to the measured ET values obtained from large-weighted lysimeter instruments. This finding suggests that the SEBS model-inverted ET data accurately reflect the regional ET conditions and meet the required precision standards. The SEBS model can naturally consider the dry–wet differences at different locations in the study area without the need to specifically set dry and wet points. In contrast, although the MOD16A2 product also considers factors such as vegetation, it may not be as detailed as the SEBS model in comprehensively considering complex surface characteristics. The resolution difference, with SEBS often at a 30–100 m scale compared to MOD16A2’s 500 m, can lead to disparities as SEBS captures more local details while MOD16A2 provides an averaged view [40]. Algorithm biases also play a role. SEBS, a single-source model based on the surface energy balance, has different assumptions about surface processes compared to MOD16A2, which uses the Penman–Monteith equation [41]. Consequently, these data are deemed suitable for conducting correlation analyses between ET and both meteorological factors and surface parameters.



The statistical significance (p < 0.05) of the correlation between SEBS calculated ET and large-weighted lysimeter ET underscores the validity of the inversion results. Notably, drought conditions may extend the growing season relative to typical years, potentially altering daily ET patterns in March and April [42]. The accuracy assessment highlights that model performance is partially influenced by the spatial resolution of remote sensing data. Nevertheless, discrepancies between simulated and measured ET remain within acceptable limits. These findings confirm that the SEBS model, when applied to Landsat-8 data, achieves sufficient accuracy for ET estimation in desert grassland ecosystems. When using the SEBS to calculate ET, assumptions such as high surface homogeneity and steady-state energy flux need to be considered [43].



Complementary meteorological analyses indicate 10–15% greater growing-season precipitation in southern subregions, enhancing soil moisture availability and sustaining vegetation-mediated ET processes. This microclimatic dichotomy, where a denser vegetation canopy and preferential moisture supply collectively enhance latent heat flux, aligns with established arid land ecohydrological principles linking ET variability to vegetation density and soil water status [37,44]. The variability in evapotranspiration and its ecological effects are core issues in hydrological research in arid and semi-arid areas. Simplified models based on the Budyko framework indicate that in semi-arid areas such as the northwestern agro-pastoral transition zone, ET changes are mainly driven by both vegetation sensitivity and precipitation variability, with the sensitivity coefficient of vegetation to ET changes reaching 0.96, while the actual contribution of precipitation dominates due to its greater variability [45,46]. The variability in ET and its ecological responses are the results of vegetation–water feedback. Vegetation influences ET primarily through transpiration and interception evaporation, especially in a dry area. Higher vegetation cover means more leaf surfaces actively transpiring water absorbed by roots. More leaves also intercept more rainfall, increasing evaporation from wet canopies, which means the precipitation is less effective. The plants varied between different grass species, while the different responses to soil moisture stress or high vapor pressure deficit can cause stomatal closure, directly reducing transpiration. Moreover, the grass species determine the land surface’s albedo and roughness, in which a greener, rougher surface absorbs more solar radiation and enhances turbulent transfer of water vapor away from the surface.




5. Conclusions


This study quantified daily evapotranspiration (ET) in a northern Chinese desert steppe using direct large-weighted lysimeter measurements and spatially distributed modeling via the Surface Energy Balance System (SEBS). Our primary objective was to evaluate SEBS-driven ET estimates against high-precision ground truth while assessing the framework’s efficacy in this water-limited ecosystem. The study revealed pronounced spatial heterogeneity in ET patterns across the research domain during August 2019, with daily fluxes averaging 8.10 mm. Model validation statistics confirmed SEBS’s suitability for landscape-scale ET estimation in arid grassland ecosystems and supports its application in ecological water management and drought monitoring, demonstrating strong agreement between remote sensing-derived values and ground-based measurements.



The integration of remote sensing with lysimeter-based measurements offers an available scalable framework for monitoring water use amounts in water-limited pastoral systems. These insights can empower land managers to (1) prioritize irrigation or conservation efforts in high-ET zones, (2) adjust grazing intensity with spatiotemporal water availability, and (3) optimize management strategies under climate variability. Future work could extend this approach to multi-seasonal assessments, incorporating machine learning to refine ET predictions under extreme aridification scenarios.
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Figure 1. Geographic altitude of the study area and distribution of meteorological stations. The blank area represents the Bayan Obo Mining District, which is outside the scope of the study area. 
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Figure 2. Workflow diagram for validating the SEBS ET. 
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Figure 3. Seasonal variation of SEBS modeled ET, MOD16A2 ET, and measured ET by the large-weighted lysimeter method (mm/day). 
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Figure 4. Comparison of modeled ET by SEBS and measured ET by the large-weighted lysimeter. 
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Figure 5. The spatial distribution of land use. 
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Figure 6. The spatial distribution of ET evaluated by the SEBS method during different months in 2019. 
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Figure 7. The annual precipitation in 2019. 
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Figure 8. The annual volume soil water content and precipitation in 2019 at the experiment site. 
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Table 1. Comparison of SEBS model, MOD16A2 ET, and measured ET in 2019.
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	Date
	Measured ET

(mm/day)
	SEBS Model ET

(mm/day)
	MOD16A2 ET

(mm/day)
	Residual Error of SEBS (mm/day)
	Relative Error of SEBS





	05 JAN
	1.86
	1.99
	2.09
	0.13
	6.99%



	10 FEB
	2.37
	2.56
	2.89
	0.19
	8.02%



	06 MAR
	2.91
	2.88
	3.13
	0.03
	1.05%



	30 APR
	4.27
	4.75
	4.93
	0.48
	11.24%



	09 MAY
	4.15
	4.77
	4.62
	0.62
	14.94%



	26 JUN
	5.03
	4.92
	5.21
	−0.11
	−2.19%



	03 JUL
	6.59
	6.40
	6.94
	−0.19
	−2.88%



	21 AUG
	8.10
	8.21
	8.40
	0.11
	1.36%



	14 SEP
	6.11
	6.02
	5.93
	−0.09
	−1.47%



	07 OCT
	3.14
	2.99
	3.22
	−0.15
	−4.78%



	17 NOV
	2.39
	2.70
	3.07
	0.31
	12.97%



	03 DEC
	1.72
	1.83
	1.94
	0.11
	6.40%
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