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Abstract 

Accurate estimation of actual evapotranspiration (ETa) is crucial for sustainable water management 
and efficient irrigation planning. This study presents a novel remote sensing data–driven one-step 
simulation–optimization framework designed for large-scale, multi-crop ETa estimation. Unlike 
conventional methods that rely on linear regression or iterative calibration for single crops, this 
framework simultaneously optimizes model parameters in a single step, capturing their nonlinear 
dynamics effectively. Daily ETa was estimated using remote sensing inputs, including NDVI, land 
surface temperature (LST), surface albedo (αs), alongside available meteorological data. The model 
was tested under two scenarios with different training and testing datasets. Scenario I, with limited 
data, achieved test R² = 0.8195 and all-data R² = 0.8152, closely matching Scenario II (test R² = 0.8357, 
all-data R² = 0.8162), demonstrating that high accuracy can be maintained even with reduced data 
availability. Optimal parameters were consistent across scenarios (a ≈ 0.315, b ≈ −0.0012), and seasonal 
performance remained stable. These results highlight the framework’s robustness, generalization 
capability, and practical applicability for ETa estimation in heterogeneous landscapes, emphasizing 
the power of remote sensing data–driven optimization. 

Keywords: actual evapotranspiration (ETa); remote sensing data; one-step optimization framework; 
multi-crop systems; large-scale modeling; water resource management; simulation–optimization 
 

1. Introduction 

The estimation of actual evapotranspiration (ETa) is critically important for effective water 
resource management and agricultural irrigation planning. Accurate ETa prediction is essential for 
correctly characterizing the hydrological cycle and improving agricultural water management 
practices. 

In recent years, several energy balance–based approaches have been developed to estimate crop 
water use and demand using remote sensing data. Prominent examples include SEBAL (Surface 
Energy Balance Algorithm for Land) [1], METRIC (Mapping Evapotranspiration at High Resolution 
with Internalized Calibration) [2], and SSEB (Simplified Surface Energy Balance) [3]. 

In addition to these models, Teixeira [4] proposed the Simple Algorithm for Evapotranspiration 
Retrieving (SAFER), a computationally efficient and biophysically realistic method designed for 
irrigated areas in semiarid regions. The SAFER algorithm estimates the evapotranspiration fraction 
(ETf = ETa/ETo) using remote sensing variables such as the normalized difference vegetation index 
(NDVI), spectral reflectance bands, land surface temperature, and basic meteorological inputs. By 
integrating vegetation and surface energy balance parameters with reference evapotranspiration 
(ETo) estimated through the Penman–Monteith method, SAFER enables accurate spatial mapping of 
surface evaporation [5–9]. 

The Penman–Monteith equation is widely recognized as the standard method for ETo 
estimation. However, its application is often limited by extensive data requirements, which has 
encouraged the development of alternative approaches that require fewer meteorological variables 
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[10]. Among these, the Hargreaves–Samani method [11], which uses only maximum and minimum 
air temperature data, is frequently employed. Previous SAFER-based studies have primarily relied 
on ETo derived from the Penman–Monteith method [7,12], while applications utilizing simpler ETo 
estimation techniques remain scarce [6]. 

Given its data efficiency and biophysical grounding, the predictive performance of SAFER can 
be further enhanced through local calibration of its parameters, making it an effective tool for 
assessing surface evaporation over irrigated landscapes. Implementation of SAFER requires Landsat 
8 reflectance data from the blue (B2), green (B3), red (B4), near-infrared (B5), and shortwave infrared 
(B6 and B7) bands, as well as radiance data from the thermal bands (B10 and B11). These inputs are 
essential for deriving surface albedo, brightness temperature, land surface temperature, and NDVI 
[13]. 

Numerous studies have demonstrated the successful application of SAFER for estimating ETa 
at daily and monthly scales. Representative examples include Nadeem et al. [14], Do Nascimento 
Leão et al. [15], and Venancio et al. [18], highlighting both the need for parameter recalibration and 
the challenge of transferring coefficients across regions with different climatic and cropping systems. 

To address these limitations, Karahan et al. [19] developed an artificial neural network (ANN)–
based model to estimate daily ETa using limited climatic and remote sensing data (NDVI, land 
surface temperature). Their approach combined satellite overpass data with minimal meteorological 
inputs to train the network, allowing daily ETa estimation without temporal interpolation. 
Evaluation across different data scenarios demonstrated high reliability (R² = 0.84). 

2. Materials and Methods 

2.1. Study Area and Data Used 

The study area is located in the Lower Seyhan Plain (LSP), situated in the southeastern part of 
the Mediterranean Region of Türkiye (Figure 1). The site is approximately 30 km from the city center 
of Adana and covers an area of 9,495 hectares. The LSP represents a typical delta plain characterized 
by a highly flat topography with slopes of 1% or less, and an extensive irrigation and drainage 
network [19,20]. In this region, two cropping seasons are practiced each year—summer and winter—
dominated mainly by citrus and other rotational crops [21]. 

 

Figure 1. The study area is located in the southeastern Mediterranean region of Turkiye. 

Meteorological data used in the study were obtained from the L8 and Cotlu meteorological 
stations located within the study area [19,21]. These data include daily measurements of minimum 
and maximum air temperature (Tmin, Tmax), wind speed (U), solar radiation (Rs), minimum and 
maximum relative humidity (RHmin, RHmax), and precipitation (P). The dataset covers 769 days of 
continuous observations between 16 September 2020 and 24 October 2022 [19]. Reference 
evapotranspiration (ETo, mm day⁻¹) was computed using the FAO-56 Penman–Monteith method 
[22]. 
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ETo ൌ 0.408 ∆ ሺR୬ െ Gሻ  ൅  γ 900 T ൅  273  uଶ ሺeୱ െ eୟሻ∆  ൅  γ ሺ1 ൅  0.34 uଶሻ  ሺ1ሻ 
According to Equation (1), the variables are defined as follows: ETo (mm day⁻¹) represents the 

reference evapotranspiration; Rn (MJ m⁻² day⁻¹) denotes the net radiation; G (MJ m⁻² day⁻¹) is the soil 
heat flux; (es − ea) indicates the vapor pressure deficit in the air (kPa); γ is the psychrometric constant 
(kPa °C⁻¹); Δ represents the slope of the saturation vapor pressure–temperature relationship (kPa 
°C⁻¹); u₂ (m s⁻¹) refers to the wind speed measured at a height of 2 m above the ground; and T (°C) is 
the mean air temperature, calculated as the average of the daily minimum and maximum 
temperatures 

Satellite data required for actual evapotranspiration (ETa) estimation and METRIC model 
implementation were obtained from the United States Geological Survey (USGS) web platform 
(http://earthexplorer.usgs.gov) [2,23]. 

In addition, normalized difference vegetation index (NDVI) and land surface temperature (LST) 
parameters derived from the MODIS dataset were compiled via the Google Earth Engine (GEE) 
platform [24–26] and harmonized with the dataset used in Karahan et al. [19]. Using the same dataset 
ensures that the proposed model results can be directly compared with those of the ANN-based 
model presented by Karahan et al. [19]. 

To evaluate the linear relationships between independent variables (LST, albedo, NDVI, Rs, ETo) 
and the dependent variable (ETa), a Pearson correlation coefficient matrix was constructed, and the 
results are summarized in Figure 2. 

 

Figure 2. The correlation relationship between ETa and model parameters. 

The correlation analysis revealed strong positive relationships between ETa and both ETo and 
Rs, while the correlations with LST, albedo, and NDVI were moderate to weak. This indicates that 
ETo and Rs should be considered as the primary predictors in ETa modeling, whereas the other 
variables contribute to improving the model performance and were therefore included as auxiliary 
inputs. Figure 3 illustrates the temporal variations of the model inputs and ETa values, while Figure 
4 presents the correlation relationships between ETa and each variable. A joint evaluation of Figures 
2, 3, and 4 clearly demonstrates a strong linear association between ETa and the investigated 
variables. Based on these findings, the model selection and design process are detailed in the 
following section. 
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Figure 3. Temporal variation of the input variables used in the model. 

 
Figure 4. Correlation relationships between ETa and the model input variables. 

2.3. SAFER Model 

The SAFER (Surface Energy Balance Algorithm for Evapotranspiration Retrieval) model is an 
energy balance-based approach that estimates actual evapotranspiration (ETa) using physical 
parameters derived from satellite imagery and meteorological data from ground stations [4,8]. Its 
main advantages include ease of implementation, applicability under extreme environmental 
conditions, no requirement for crop classification, and utilization of the ET/ETo ratio combined with 
remote sensing parameters [27]. The SAFER model was developed using field data from irrigated 
agricultural areas and the caatinga ecosystem in the semi-arid Middle-Lower São Francisco River 
Basin. It has been reported as an effective tool for ETa estimation in regions with limited data 
availability [6]. 

The model is expressed as follows: 
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𝐸𝑇𝑎   = 𝑒𝑥𝑝 ൤𝑎 + 𝑏 ൬ 𝑇ை𝛼ௌ𝑁𝐷𝑉𝐼൰൨ 𝐸𝑇ை (2) 

Where a and b are regression (calibration) coefficients optimized according to site, sensor, or 
climatic conditions. T₀ represents the surface temperature obtained from thermal bands or other 
thermal indicators, while αₛ denotes the pixel surface albedo. ETa refers to the actual 
evapotranspiration (mm/day), and ETo represents the reference evapotranspiration (mm/day). In 
classical calibration, parameters are determined through linear regression using concurrent satellite 
data and field measurements (e.g., flux towers or lysimeters), ensuring region-specific calibration and 
enhancing model accuracy [7,18,28,29]. 

2.4. S/O-SAFER Optimization and SOS Algorithm 

To improve the SAFER model’s performance, a heuristic-based Simulation-Optimization (S/O) 
approach was used to calibrate the a and b coefficients. Traditional linear regression methods, which 
assign fixed parameters via a single linear relationship, limit the model’s generalizability under 
varying climate and surface conditions. 

Within the S/O framework, the Symbiotic Organisms Search (SOS) algorithm was employed. 
Developed by Cheng and Prayogo [30], SOS is a metaheuristic optimization inspired by symbiotic 
interactions among organisms. Each candidate solution improves through three types of interactions: 
• Mutualism: In this interaction, both organisms benefit. New solutions are generated by 

combining the average of two organisms with the current best solution. 
• Commensalism: In this interaction, one organism benefits while the other remains unaffected, 

leading to an improvement in the fitness of the benefiting organism. 
• Parasitism: One organism attempts to improve by altering another’s solution; if superior, the 

new solution replaces the original. 
These interaction mechanisms balance both the exploration and exploitation processes within 

the solution space, thereby increasing the likelihood of achieving a global optimum. The Symbiotic 
Organisms Search (SOS) algorithm has been applied in hydrology and water resources engineering, 
particularly in optimization problems such as flood routing and reservoir operation. In a study 
conducted on the Karun River, the parameters of the nonlinear Muskingum model were estimated 
using the SOS algorithm, and the results demonstrated lower error values compared to the Genetic 
Algorithm (GA) and Harmony Search (HS) methods [31] Similarly, in a study carried out on the 
Safarud Reservoir, the SOS algorithm was employed to determine the optimal reservoir operation 
strategy, and it was reported that the algorithm achieved fast convergence and high solution accuracy 
[32]. These studies indicate that the SOS algorithm is an effective optimization tool for the calibration 
of hydrological systems and for water resources management  

The S/O-SAFER optimization proceeds in three phases: 
1. Initialization Phase: Random initial values for a and b are generated within predefined bounds. 
2. Prediction and Evaluation Phase: ETa is computed for each parameter combination using the 

SAFER model; predicted values are compared with measured data, and the Mean Squared Error 
(MSE) is calculated. 

3. Parameter Update Phase: SOS iteratively searches for the parameter combination that 
minimizes the error function, avoiding local minima and seeking a global optimum. 
This approach allows local-scale optimization of SAFER parameters and enables reliable ETa 

estimation under different surface and climatic conditions. 

2.5. Model Performance Evaluation 

The S/O-SAFER model’s performance was evaluated by comparing daily measured ETa values 
with model predictions. The statistical indicators used included: 
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The model performance was evaluated using several statistical indicators, including the Mean 
Squared Error (MSE), Mean Absolute Error (MAE), Coefficient of Determination (R²), and Nash–
Sutcliffe Efficiency (NSE). MSE quantifies the magnitude of prediction errors (mm/day), while MAE 
represents the mean absolute difference between predicted and observed values (mm/day). R² 
measures the proportion of variance explained by the model, and NSE assesses model performance 
in time series predictions [33]. 

During optimization, a and b parameters were determined using SOS, and ETa values were 
calculated for each combination. Tests under various data scenarios and meteorological conditions 
indicated that S/O-SAFER provides lower error metrics and higher correlation (R²) compared to 
classical SAFER. 

The integration of satellite data (NDVI, surface temperature, albedo) with reference 
evapotranspiration (ETo) enhanced the model’s accuracy and allowed local adaptation of parameters 
for different crops and surface types. Overall, S/O-SAFER demonstrates superior performance in both 
optimization and predictive accuracy relative to conventional calibration methods. 

3. Results 

3.1. Application of the SAFER Model 

The S/O-SAFER model produced daily ETa estimates by integrating NDVI, LST, ETo, Rs, and 
MODIS-derived surface albedo (αs) values. As illustrated in Figure 3, the model parameters exhibit 
notable temporal fluctuations, reflecting complex nonlinear dynamics that cannot be adequately 
captured using linear regression approaches. Therefore, a nonlinear simulation-optimization 
framework is essential to accurately capture parameter behavior and improve ETa prediction. 

Derivative-based nonlinear optimization methods are sensitive to initial values and the search 
space, and they often risk becoming trapped in local minima [34,35]. To overcome these limitations, 
the Symbiotic Organisms Search (SOS) algorithm was applied, providing a robust, parameter-free, 
and globally balanced search capable of capturing the full nonlinear dynamics of the SAFER model 
parameters. Importantly, the SOS-based framework is flexible and can accommodate alternative 
heuristic algorithms, enhancing its general applicability. 

The model was tested under two distinct scenarios to evaluate robustness and generalization: 
To assess the robustness and generalization capability of the proposed models, two experimental 
scenarios were established. In Scenario I, the dataset was partitioned such that 38 satellite overpass 
days were allocated for model training, while the remaining 731 days were used for independent 
testing. In Scenario II, 80% of the total 769-day dataset was randomly sampled for training, and the 
remaining 20% was reserved for model validation and testing. 

3.1.1. Scenario I 

For Scenario I, R² values of 0.7294 and 0.8195 and RMSE values of 0.6910 and 0.5694 were 
obtained for the training and testing phases, respectively, while for the entire dataset, R² = 0.8152 and 
RMSE = 0.5774 were achieved, as derived from the scatter plots shown in Figure 5. The P=O fit line 
and the regression lines nearly coincide, indicating excellent agreement between the observed and 
predicted ETa values 
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c) 

Figure 5. Comparison between observed and predicted ETa values for training, test, and full datasets (Scenario I). 

As shown in Figure 6, the seasonal variation in model performance is minimal, highlighting the 
model’s stability and high generalization capability across different temporal conditions. 
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Figure 6. Temporal variation of model results for Scenario I, illustrating the seasonal stability and general 
agreement of predicted ETa with observations. 

3.1.2. Scenario II 

In Scenario II, 80% of the dataset was used for training, resulting in optimal parameters of a = 
0.311686 and b = −0.001216. For the complete dataset, R² = 0.8162 and RMSE = 0.5584 were obtained, 
as evidenced by the scatter distributions in Figure 7. The close overlap between the P = O reference 
line and the regression line demonstrates a strong consistency between the observed and predicted 
ETa values. 

As depicted in Figure 8, the model maintains stable performance across different seasons, 
indicating its resilience and strong capacity to generalize under varying climatic conditions 
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b) 

 

 
 
 
 
 
 
 
c) 

Figure 7. Model results for Scenario II, showing the comparison between observed and predicted ETa values for 
training, test, and full datasets. 

 

Figure 8. Temporal variation of model results for Scenario II, demonstrating the consistent alignment of 
predicted and observed ETa values throughout the study period. 
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3.2. Comparison of S/O-SAFER Performance with Alternative Models 

Accurate calibration and evaluation of predictive models require benchmarking against 
established modeling and optimization approaches. In the context of ETa estimation, three widely 
used methods are: 

Linear Regression (LR): LR models the relationship between dependent and independent 
variables assuming linearity [36]. It is simple, computationally efficient, and easy to interpret. 
However, its inability to capture nonlinear dynamics limits its predictive accuracy in heterogeneous, 
multi-crop landscapes. 

Nelder-Mead (NM) Simplex Algorithm: NM is a derivative-free local search optimization 
method that adjusts parameters iteratively using a simplex of points to minimize an objective 
function [37]. NM can handle nonlinear optimization without requiring gradient information, but it 
is prone to convergence to local minima and may show unstable performance across datasets. 

BFGS (Broyden–Fletcher–Goldfarb–Shanno) Algorithm: BFGS is a quasi-Newton 
optimization method that approximates the Hessian matrix to efficiently find the minimum of a 
smooth objective function [38]. While faster and often more accurate than NM, BFGS performance 
depends on initial parameter guesses and data quality, making it susceptible to noisy or sparse 
datasets. 

3.2.1. Model Calibration and Performance Metrics 

The S/O-SAFER model estimates daily actual evapotranspiration (ETa) using NDVI, land surface 
temperature (LST), and MODIS-derived surface albedo (αs) values, calibrated via a SOS-based one-
step simulation–optimization framework. To evaluate the predictive performance, S/O-SAFER was 
benchmarked against LR, NM, and BFGS under two scenarios: 
• Scenario I: Only limited satellite-observed days were used for training (38 days), with the 

remaining days for testing. 
• Scenario II: Satellite-observed days combined with long-term field measurements were 

randomly split into 80% training and 20% testing sets. 
Table 1 presents the optimal parameters (a, b) and performance metrics (MSE, MAE, RMSE, R²) 

for training, testing, and full datasets. 

Table 1. Performance metrics of S/O-SAFER, Linear Regression, Nelder-Mead, and BFGS models for Scenario I and II. 

         

Model Scenario 
Model parameters 

Dataset MSE MAE RMSE R2 
a b 

S/O   SAFER 

I 0.3148 -0.0012 

Training 0.4848 0.5312 0.6962 0.7294 

Testing 0.3421 0.4548 0.5849 0.8195 

All Data 0.3492 0.4586 0.5909 0.8152 

II 0.3158 -0.0012 

Training 0.3604 0.4652 0.6003 0.8117 

Testing 0.3245 0.4479 0.5696 0.8357 

All Data 0.3532 0.4617 0.5943 0.8162 

Linear Reg. 

I 

0.4395 -0.0014 

Training 0.3732 0.4778 0.6109 0.7342 

Testing 0.4184 0.5130 0.6468 0.7076 

All Data 0.3868 0.4884 0.6219 0.7265 

Nelder-Mead 0.2927 -0.0012 

Training 0.3310 0.4440 0.5753 0.7643 

Testing 0.3919 0.4893 0.6260 0.7261 

All Data 0.3493 0.4576 0.5910 0.7530 
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BFGS 0.4145 -0.0015 

Training 0.3382 0.4549 0.5815 0.7591 

Testing 0.3919 0.4970 0.6260 0.7261 

All Data 0.3543 0.4675 0.5953 0.7494 

3.2.2. Comparative Performance Across Scenarios 

The S/O-SAFER model consistently exhibits superior performance across both evaluation 
scenarios. In Scenario I, where the training data were limited, the model achieved a test 𝑅ଶvalue of 
0.8195 and an all-data 𝑅ଶvalue of 0.8152, which are very close to the results obtained in Scenario II 
(test 𝑅ଶ = 0.8357, all-data 𝑅ଶ = 0.8162). These outcomes indicate that the S/O-SAFER model 
maintains its predictive reliability even when trained with fewer data. In contrast, the linear 
regression model performed relatively poorly due to its inherent assumption of linearity, resulting 
in lower 𝑅ଶ and higher RMSE values. The NM and BFGS optimization methods produced 
reasonably good results; however, they exhibited less stability and higher sensitivity to initial 
parameter settings and dataset characteristics compared to the S/O-SAFER model. 

4. Discussion 

Building on previous work, Karahan et al. (2024) applied an artificial neural network (ANN) to 
estimate evapotranspiration by integrating satellite-observed days with long-term field 
measurements. In that study, however, the ANN was trained using only approximately 5% of the 
total dataset, which was insufficient to fully capture the model’s peak performance. It was noted that 
increasing the number of measurements could overcome this limitation. In the present study, the 
S/O-SAFER model was developed using the same dataset as in the ANN study; however, the 
modeling approach and parameterization differ substantially, as S/O-SAFER relies on physically 
based inputs and a deterministic optimization structure rather than a purely data-driven algorithm. 

As shown in Table 1, both scenarios yield nearly identical optimal parameter values (Scenario I: 
a = 0.3148, b = −0.0012; Scenario II: a = 0.3158, b = −0.0012). Despite the limited training dataset in 
Scenario I, its performance is remarkably close to that of Scenario II. Specifically, for the test set, 
Scenario I achieves R² = 0.8195 with RMSE = 0.5849, while Scenario II reaches R² = 0.8357 with RMSE 
= 0.5696. Across the full dataset, Scenario I attains R² = 0.8152 and RMSE = 0.5909, compared to 
Scenario II’s R² = 0.8162 and RMSE = 0.5943. These results indicate that Scenario I provides nearly 
equivalent performance to Scenario II, highlighting that high accuracy can be achieved without the 
additional effort and larger training set required in Scenario II. 

The S/O-SAFER model estimates actual evapotranspiration (ETa) using NDVI, land surface 
temperature (LST), and daily surface albedo (αs). Across both scenarios, S/O-SAFER consistently 
outperforms conventional linear regression and alternative optimization approaches (Nelder–Mead 
and BFGS). While Nelder–Mead and BFGS occasionally achieve comparable results in certain subsets, 
their overall performance is less stable, further emphasizing S/O-SAFER’s robustness and 
generalization capability (Figures 5–8). 

Crucially, unlike previous studies focusing on small-scale plots or single crop types (e.g., maize 
or citrus), this study applies S/O-SAFER over a large, heterogeneous area with multiple cropping 
cycles per year. This spatial and temporal complexity considerably increases the challenge of 
accurately estimating ETa, making the model’s high performance particularly noteworthy. From both 
practical (covering diverse crop distributions and multiple harvests) and theoretical (stability and 
generalization over heterogeneous landscapes) perspectives, the study extends the utility of S/O-
SAFER far beyond the scenarios reported in the literature. 

Furthermore, in contrast to purely data-driven models such as ANNs, which may suffer from 
overfitting when data are limited, S/O-SAFER offers a deterministic, energy balance-based 
framework. Its physically interpretable structure provides reliable predictions with consistent 
seasonal performance, overcoming the fluctuations and inconsistencies inherent in black-box 
approaches. Notably, while ANN models also combine satellite-observed and long-term field 
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measurements, their limited training subsets in previous studies prevented full performance 
realization, whereas S/O-SAFER achieves high accuracy using only NDVI, LST, αs, and available 
meteorological data—demonstrating the efficiency and practicality of Scenario I. 

Overall, the results from Table 1 and Figures 5–8 demonstrate that S/O-SAFER delivers superior 
accuracy, stability, and generalization across multiple scenarios, large-scale heterogeneous areas, 
diverse cropping patterns, and multi-harvest cycles. These findings establish S/O-SAFER as a robust, 
reliable, and highly applicable tool for sustainable water resource management and accurate crop 
evapotranspiration estimation. 

5. Conclusions 

The S/O-SAFER model, optimized through the SOS-based one-step simulation–optimization 
framework, effectively estimates daily actual evapotranspiration (ETa) using NDVI, LST, and 
MODIS-derived surface albedo (αs) across large, heterogeneous areas supporting both summer and 
winter crops. This study represents the first application of the S/O-SAFER model in a multi-crop, 
large-scale context, integrating parameter calibration and capturing nonlinear dynamics in a single 
optimization step, in contrast to previous approaches relying on linear regression or trial-and-error 
calibration for single crop types. 

The optimum parameters obtained in both scenarios were highly consistent (Scenario I: a = 
0.3148, b = −0.0012; Scenario II: a = 0.3158, b = −0.0012), and the model demonstrated robust 
performance. Scenario I achieved R² = 0.7294/0.8195 (training/testing) with RMSE = 0.6962/0.5849, 
while Scenario II achieved R² = 0.7310/0.8178 with RMSE = 0.6003/0.5696. For the full dataset, Scenario 
I attained R² = 0.8152 with RMSE = 0.5909, and Scenario II reached R² = 0.8162 with RMSE = 0.5943. 
The close alignment of parameter values and performance metrics across scenarios indicates that 
Scenario I, using a smaller training set, can achieve nearly the same accuracy as Scenario II, 
highlighting the efficiency and practicality of limited-data applications. 

The similarity of the obtained parameters to those reported in previous studies [8] confirms the 
reliability of the S/O-SAFER framework under varying geographic and climatic conditions, while 
deviations from standard coefficients emphasize the necessity of regional and multi-crop calibration 
[19]. Unlike small-scale, single-crop studies, this work demonstrates that S/O-SAFER can accurately 
capture ETa dynamics over extensive areas with multiple crops and harvests per year, underscoring 
both its practical applicability and theoretical soundness. 

Overall, the one-step, large-scale, multi-crop calibration framework provides a robust, reliable, 
and highly accurate tool for actual evapotranspiration estimation, suitable for regions with limited 
meteorological data, and capable of supporting improved water management and irrigation planning 
strategies. Scenario I, in particular, offers a nearly optimal balance between data requirements and 
model performance, demonstrating that high accuracy can be achieved without extensive field 
measurement efforts. 
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The following abbreviations are used in this manuscript: 
S/O Simulation/Optimization 
SAFER Simplified Approach for Evapotranspiration Retrieval 
ETo Reference Evapotranspiration 
ETa Actual Evapotranspiration 
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ETf Evapotranspiration Fraction (ETa/ETo) 
LST Land Surface Temperature 
NDVI Normalized Difference Vegetation Index 
α (alpha) Surface Albedo Coefficient 
SEBAL Surface Energy Balance Algorithm for Land 
METRIC Mapping Evapotranspiration at High Resolution 
SSEB Simplified Surface Energy Balance 
MODIS Moderate Resolution Imaging Spectroradiometer 
NM Nelder–Mead Optimization Algorithm 
BFGS Broyden–Fletcher–Goldfarb–Shanno Optimization Algorithm 
MSE Mean Squared Error 
MAE Mean Absolute Error 
RMSE Root Mean Squared Error 
R² Coefficient of Determination 
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