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Abstract
Accurate estimation of actual evapotranspiration (ETa) is essential for sustainable water 
management and irrigation planning. This study presents a simulation–optimization 
framework, integrated with the Simple Algorithm for Evapotranspiration Retrieving 
(SAFER) model, for daily ETa estimation and applies it to a heterogeneous agricultural 
region with multiple crop types. Unlike conventional SAFER implementations that 
rely on linear regression or trial-and-error calibration, the proposed framework 
enables simultaneous calibration of model coefficients via a single optimization 
procedure while preserving the model’s nonlinear structure. Daily ETa was estimated 
using remote sensing inputs, including normalized difference vegetation ındex, 
land surface temperature (LST), surface albedo (αs), and meteorological data. The 
model was evaluated under two different training–testing scenarios to assess its 
robustness and generalization capability. Scenario I, which used only 38 satellite 
overpass days for calibration, achieved a test R2 of 0.8195 and an overall R2 of 0.8152. 
These results were consistent with Scenario II (test R2 = 0.8249; overall R2 = 0.8181), 
indicating stable predictive performance across different data partitioning schemes. 
The optimized coefficients remained highly consistent across scenarios (a ≈ 0.315, 
b ≈ −0.0012), demonstrating stable parameter convergence and robustness of the 
optimization process. Overall, the results indicate that reliable ETa estimation can be 
achieved even with limited calibration data, highlighting the practical applicability 
of the proposed framework for water management in data-scarce regions.
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1. Introduction 
Estimating actual evapotranspiration (ETa) is critical for effective water resource 
management and agricultural irrigation planning. Accurate ETa estimation plays a 
key role in characterizing the hydrological cycle and improving agricultural water use 
efficiency.

In recent years, several energy balance-based approaches have been developed to 
estimate crop water consumption using remote sensing data. Among the most widely used 
models are the surface energy balance algorithm for land1, mapping evapotranspiration 
at high resolution with ınternalized calibration2, and simplified surface energy balance.3
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In addition to these approaches, Teixeira4 proposed 
the Simple Algorithm for Evapotranspiration Retrieving 
(SAFER), a computationally efficient and biophysically 
consistent method designed primarily for irrigated areas 
in semi-arid regions. SAFER estimates the ETa fraction 
(ETf = ETa/ETo) using remote sensing variables such as the 
normalized difference vegetation ındex (NDVI), spectral 
reflectance data, land surface temperature, and basic 
meteorological inputs. By integrating vegetation status 
and surface energy balance components with reference 
ETa (ETo) derived from the Penman–Monteith method, 
SAFER enables reliable spatial estimation of ETa.5–9

The Penman–Monteith equation10 is widely accepted 
as the standard method for estimating ETo. However, its 
practical application is often constrained by high data 
requirements, which have motivated the development of 
simplified alternative approaches. One such method is 
the Hargreaves–Samani equation11, which requires only 
maximum and minimum air temperature data. Although 
SAFER-based studies predominantly rely on Penman–
Monteith-derived ETo7,12, applications using simplified 
ETo formulations remain limited.6

Given its physical basis and data efficiency, SAFER’s 
performance can be further improved through local 
calibration of its parameters, particularly when applied 
across heterogeneous agricultural landscapes. The 
implementation of SAFER typically requires Landsat 8 
imagery, including visible and near-infrared bands (B2–
B5), shortwave infrared bands (B6–B7), and thermal 
infrared bands (B10–B11). These spectral inputs are used 
to derive key biophysical variables, including surface 
albedo, brightness temperature, land surface temperature 
(LST), and NDVI.13

Several studies have demonstrated the successful 
application of SAFER for estimating ETa at daily and 
monthly scales. Representative examples include Nadeem 
et al.14, Nascimento Leão et al.15, and Venancio et al.16, all of 
which emphasize the necessity of parameter recalibration 
and the challenges associated with transferring calibrated 
coefficients across different climatic and cropping 
conditions.17,18

To address these limitations, Karahan et al.19 proposed 
an artificial neural network (ANN)–based model for daily 
ETa estimation using limited meteorological and remote 
sensing inputs, including NDVI and LST. Their approach 
integrated satellite overpass data without temporal 
interpolation and demonstrated strong predictive 
performance (R2 = 0.84), highlighting the potential of 
data-efficient modeling strategies.

In this study, a simulation–optimization (S/O) 

framework based on heuristic optimization techniques is 
proposed for calibrating SAFER model parameters. Daily 
ETa is estimated using NDVI, LST, surface albedo (αs), 
and available meteorological data, consistent with the 
input structure used in Karahan et al.19 To evaluate model 
robustness under different data availability conditions, two 
scenarios are considered: Scenario I, which uses a limited 
training dataset, and Scenario II, which combines satellite 
overpass observations with long-term measurements.

The results demonstrate strong agreement between 
observed and predicted ETa values across both scenarios, 
confirming the robustness, stability, and practical 
applicability of the proposed S/O–SAFER framework for 
large-scale, multi-crop ETa estimation.

2. Materials and methods
2.1. Study area and data used

The study area is located in the Lower Seyhan, in the 
southeastern part of the Mediterranean Region of Türkiye 
(Figure 1). It is located approximately 30 km from Adana’s 
city center and covers an area of 9,495 hectares. The Lower 
Seyhan Plain is a typical deltaic plain characterized by very 
flat topography, with slopes generally less than 1%, and an 
extensive irrigation and drainage network.19,20

Agricultural activity in the region is intensive, with 
two cropping seasons per year (summer and winter). The 
dominant crop types include citrus and various rotational 
crops that reflect the diversified agricultural structure of 
the area.21

Meteorological data used in this study were obtained 
from the L8 and Çotlu meteorological stations located 
within the study area.19,21 The dataset includes daily 
observations of minimum and maximum air temperature 
(Tmin, Tmax), wind speed (U), solar radiation (Rs), 
minimum and maximum relative humidity (RHmin, 
RHmax), and precipitation (P). In total, the dataset consists 
of 769 consecutive daily records covering the period from 
September 16, 2020, to October 24, 2022.19

Reference ETa (mm/day) was calculated using the 
FAO-56 Penman–Monteith method10, which is widely 
recognized as the standard approach for ETo estimation 
(Equation 1).

	 (1)

where Eto (mm/day) represents the rate of ETa from a 
reference surface; net radiation (Rn; MJ/m2/day) denotes 
the balance between incoming and outgoing radiation; 
soil heat flux (G; MJ/m2/day) represents the heat transfer 
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into the soil; (es − ea) is the vapor pressure deficit (kPa); 
γ is the psychrometric constant (kPa/°C); Δ denotes the 
slope of the saturation vapor pressure–temperature curve 
(kPa/°C); u2 (m/s) is the wind speed measured at 2 m above 
the ground surface; and T (°C) is the mean air temperature, 
calculated as the average of daily minimum and maximum 
temperatures.

Satellite data required for actual ETa estimation and 
for mapping high-resolution evapotranspiration using an 
internalized calibration model were obtained from the 
United States Geological Survey (USGS) EarthExplorer 
platform (http://earthexplorer.usgs.gov).2,22

In addition, the NDVI and LST products derived from 
the MODIS dataset were obtained via the Google Earth 
Engine platform23–25 and harmonized with those used by 
Karahan et al.19 The use of an identical dataset structure 
ensures direct comparability between the proposed model 
and the ANN-based approach presented in 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 presented in Figure 2.

When the correlation matrix in Figure 2 and the 
descriptive statistics in Table 1 WERE jointly evaluated, 
the results indicate strong and physically consistent 
relationships among the variables. In general, ETa 
showed the strongest association with ETo and Rs, 
whereas its correlations with LST, albedo, and NDVI were 
comparatively weaker. This suggests that atmospheric 
demand and radiative forcing variables play a more 
dominant role in explaining ETa variability, while the 
remaining variables provide complementary information 
that supports model robustness rather than acting as 

primary drivers.

Table 1. Descriptive statistics of the dataset used in the study

Statistic LST Alpha NDVI ETo ETa

Mean 28.066 0.154 0.505 3.476 3.070

Standard deviation 9.002 0.016 0.064 1.757 1.190

Min 7.050 0.116 0.340 0.466 0.612

Max 45.490 0.186 0.738 8.084 6.967

Median 31.690 0.154 0.501 3.416 3.099

Q1 19.773 0.143 0.459 1.800 2.165

Q3 35.370 0.165 0.550 5.026 3.922

Interquartile range 15.598 0.022 0.091 3.226 1.757

Skewness −0.419 −0.192 0.295 0.139 0.068

Kurtosis 1.894 2.495 2.709 1.781 2.322

Abbreviations: Alpha: Surface albedo; ETa: Actual evapotranspiration; 
ETo: Reference evapotranspiration; LST: Land surface temperature; 
NDVI: Normalized difference vegetation index.

In particular, the very high correlation between ETo 
and ETa (r = 0.896) indicates that actual ETa is largely 
controlled by atmospheric water demand, suggesting an 
“atmospheric demand-driven” system behavior. Similarly, 
the strong relationship between LST and ETo (r = 0.854) 
demonstrates that surface temperature is a key regulator 
of evaporative demand, highlighting the dominant role 
of climatic forcing. The correlation between LST and ETa 
(r = 0.719), although weaker, indicates that this effect is 
primarily mediated by ETa through ETo.

The NDVI exhibited weak correlations with all 
variables (r ≈ 0.15–0.30), indicating limited coupling with 
climatic drivers. This behavior can be attributed to land use 

Figure 1. The study area is located in the southeastern Mediterranean region of Türkiye
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characteristics of the study area, where approximately 45% 
consists of citrus orchards (perennial evergreen vegetation) 
and the remaining areas are under intensive agricultural 
practices with 2–3 cropping cycles per year. As a result, 
NDVI remains relatively stable throughout the year and 
should be interpreted not as a direct climatic indicator, but 
rather as an anthropogenically influenced phenological 
stability metric.

The alpha variable showed moderate correlations with 
LST, ETo, and ETa (≈0.50–0.56), indicating that surface 
properties are moderately linked to climatic processes, 
although their explanatory strength remains limited 
compared to the primary forcing variables.

When considered alongside the descriptive statistics in 
Table 1, the 769-day dataset represents short- to medium-
term hydro-meteorological dynamics and exhibits 
structural signals consistent with long-range dependence 
frameworks discussed by Dimitriadis et al.26 LST showed 
high variability, with a standard deviation of 9.00 and a 
wide range (7.05–45.49), while ETo exhibited similarly 
strong variability and extreme values, confirming its role as 
a key climatic forcing component. This structure suggests 

that both variables may exhibit persistent behavior (H > 
0.5).

Actual evapotranspiration, characterized by more 
balanced statistical properties (standard deviation 
= 1.190, skewness ≈ 0.068), is a dependent response 
variable influenced jointly by atmospheric demand 
and surface conditions, exhibiting moderate-to-strong 
long-memory behavior. In contrast, NDVI showed low 
variability (standard deviation = 0.064) and a narrow range 
(0.340–0.738), reflecting a stable structure driven not by 
ecological limitation but by intensive agricultural activity 
and anthropogenic stabilization. Figure 3 illustrates the 
temporal variations of the variables used in the model, 
while Figure 4 presents the correlation relationships 
between the model variables and the observed ETa.

Overall, when both correlation patterns and statistical 
properties are considered, the system is consistent with a 
non-Markovian, scale-dependent, and partially persistent 
hydro-climatic structure in line with Dimitriadis et al.26, 
where LST and ETo act as primary climatic drivers, 
while NDVI partially decouples from this long-memory 
structure due to land use–driven anthropogenic effects.
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Figure 2. Correlation structure between ETa and model variables
Abbreviations: Alpha: Surface albedo; ETa: Actual evapotranspiration; ETo: Reference evapotranspiration; LST: Land surface temperature; NDVI: 

Normalized difference vegetation index.
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2.2. Simple Algorithm for Evapotranspiration 
Retrieving model

The SAFER model is an energy-balance-based approach 
used to estimate ETa by integrating physical parameters 
derived from satellite imagery with meteorological 
data from ground-based stations4,8 The model is 
widely recognized for its simplicity of implementation, 
applicability under extreme environmental conditions, 
independence from detailed crop classification, and 
effective use of the ET/ETo ratio combined with remote 
sensing-derived variables.27

The SAFER model was originally developed and 
validated using field observations from irrigated 
agricultural areas and the caatinga ecosystem within the 
semi-arid Middle–Lower São Francisco River Basin. It 
has since been demonstrated to be an effective tool for 
ETa estimation, particularly in regions where in situ data 
availability is limited.6 The model formulation is expressed 
as follows (Equation 2):

0
0exp +a

s

TET a b ET
NDVIα

  
=   ⋅   

	 (2)

where a and b are the empirical regression (calibration) 
coefficients, which are optimized based on site-specific 
conditions, satellite sensor characteristics, and climatic 
variability; T₀ is the land surface temperature derived from 
thermal infrared bands or equivalent thermal indicators; αs 
is the surface albedo at pixel level; NDVI is the normalized 
difference vegetation ındex representing vegetation density 
and vigor; Eta is the actual ETa (mm/day); and Eto is the 
reference ETa (mm/day). 

In classical applications, the calibration parameters 
(a and b) are typically estimated using linear regression 
between concurrent satellite-derived variables and 
ground-based measurements such as eddy covariance flux 
tower data or lysimeter observations. This site-specific 
calibration step is essential for improving model accuracy 
and ensuring regional adaptability7,18,28,29

2.3. Simulation–optimization–Simple Algorithm 
for Evapotranspiration Retrieving and symbiotic 
organisms search algorithm 

To enhance the predictive performance of the SAFER 
model, an S/O framework was adopted to calibrate the 
empirical coefficients a and b. Unlike classical calibration 
approaches such as linear regression, which estimate fixed 
parameters based on a single global relationship, the S/O 
framework enables adaptive parameter tuning under 
varying climatic and surface conditions. This improves the 

model’s flexibility and generalization capability.

Within this framework, the symbiotic organisms search 
(SOS) algorithm was employed as the optimization engine. 
Proposed by Cheng and Prayogo30, SOS is a population-
based metaheuristic algorithm inspired by symbiotic 
interactions in natural ecosystems. Each candidate solution 
represents a potential parameter set (a, b), and solutions 
are iteratively improved through three interaction 
mechanisms:

(i)	 Mutualism phase: Two candidate solutions interact and 
both benefit by moving toward a shared advantageous 
region, typically guided by their average position and 
the current best solution. 

(ii)	 Commensalism phase: One solution improves by 
exploiting the information from another solution 
without affecting it. 

(iii)	Parasitism phase: A solution modifies another to 
generate a new candidate; if the new solution has 
better fitness, it replaces the original. 

These interaction strategies provide a balanced search 
mechanism by combining exploration (global search of 
the parameter space) and exploitation (refinement of 
promising regions), thereby increasing the probability of 
converging to a global optimum.

The SOS algorithm has been successfully applied in 
various hydrological and water resources optimization 
problems. For instance, when calibrating the nonlinear 
Muskingum flood routing model for the Karun River, SOS 
outperformed the genetic algorithm and harmony search, 
achieving lower error values.31 Similarly, in reservoir 
operation studies such as those conducted for the Safarud 
Reservoir, SOS demonstrated fast convergence and high 
solution accuracy in identifying optimal operational 
policies.32 These findings confirm the robustness and 
efficiency of SOS for nonlinear parameter estimation and 
water resources optimization problems.

The proposed S/O–SAFER optimization framework 
operates in three sequential phases:

(i)	 Initialization phase: Initial candidate solutions for 
parameters a and b are randomly generated within 
predefined search bounds. 

(ii)	 Evaluation phase: For each candidate solution, ETa 
is computed using the SAFER model, and model 
performance is evaluated by comparing predicted and 
observed values using the mean squared error (MSE) 
as the objective function. 

(iii)	Optimization phase: The SOS algorithm iteratively 
updates candidate solutions by minimizing the 
objective function, progressively guiding the search 
toward an optimal parameter set while avoiding 
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entrapment in local minima. 
Through this procedure, the SAFER model parameters 

are locally optimized in a data-driven manner, enabling 
more reliable ETa estimation across heterogeneous surface 
and climatic conditions.

2.4. Model evaluation and optimization framework

The S/O–SAFER model’s performance was evaluated 
by comparing daily measured ETa values with model 
predictions. The statistical indicators used included33:

(i)	 MSE: Quantifies the magnitude of prediction errors 
(mm/day). 

(ii)	 Mean absolute error (MAE): Represents the average 
absolute difference between predicted and observed 
values (mm/day). 

(iii)	Coefficient of determination (R2): Measures the 
proportion of variance explained by the model. 

During optimization, the SOS algorithm was used to 
determine the optimal a and b parameters by minimizing 
the MSE-based objective function. For all experiments, the 
SOS configuration was defined with a population size of NP 
= 50, and the search space boundaries for the parameters 
a and b were set to [−10, 10]. The optimization process 
was terminated when the maximum number of iterations 
was reached (or the convergence criterion was satisfied), 
ensuring computational consistency across all scenarios.

For each candidate parameter set generated by SOS, 
ETa values were computed using the SAFER model, 
and predictions were compared against observed 
measurements. The iterative optimization process was 
repeated until the stopping criterion was met, yielding the 
parameter set that minimizes the prediction error.

Results across various data scenarios and meteorological 
conditions indicate that the S/O-SAFER framework 
consistently achieves lower error metrics and higher 
correlation (R2) values than the classical SAFER calibration 
approach.

The integration of satellite-derived variables (NDVI, 
surface temperature, and surface albedo) with ETo 
significantly enhances model accuracy and enables local 
adaptation to different crop types and surface conditions. 
Overall, the S/O–SAFER model demonstrates superior 
performance in both optimization efficiency and predictive 
accuracy compared to conventional calibration methods.

3. Results
3.1. Application of the Simple Algorithm for 
Evapotranspiration Retrieving model 

The S/O–SAFER model generates daily ETa estimates 
by integrating key remote sensing and meteorological 
variables, including NDVI, LST, ETo, solar radiation (Rs), 
and MODIS-derived surface albedo (αs). As shown in 
Figure 3, the model parameters exhibit significant temporal 
variability, reflecting complex nonlinear dynamics that 
cannot be adequately captured by linear regression-based 
calibration approaches. This behavior highlights the 
need for a nonlinear S/O framework to properly capture 
parameter evolution and improve ETa estimation accuracy.

Traditional derivative-based nonlinear optimization 
techniques are often sensitive to initial parameter settings 
and constrained search domains, and they may converge 
to local minima rather than the global optimum.34,35 
To address these limitations, the SOS algorithm was 
employed. SOS provides a robust population-based search 
mechanism that balances exploration and exploitation in 
the solution space, enabling effective calibration of the 
nonlinear SAFER model parameters. In this study, SOS 
was used as the primary optimization engine; however, 
the framework remains flexible and can be extended to 
alternative metaheuristic optimization algorithms.

To evaluate the robustness and generalization capability 
of the proposed model, two different experimental 
scenarios were designed:

(i)	 Scenario I: 38 satellite overpass days were used for 
model training, while the remaining 731 days were 
reserved for testing. 

(ii)	 Scenario II: 80% of the full 769-day dataset was 
randomly assigned for training, and the remaining 
20% was used for testing. 

3.1.1. Scenario I

In Scenario I, the model achieved R2 values of 0.7294 and 
0.8195 for the training and testing datasets, respectively. 
The corresponding root MSE (RMSE) values were 0.6910 
(training) and 0.5694 (testing). When evaluated over the 
entire dataset, the model yielded an R2 of 0.8152 and an 
RMSE of 0.5774. These results are consistent with the 
regression analysis presented in Figure 5.

The close alignment between the 1:1 reference line 
and the regression fit indicates strong agreement between 
observed and predicted ETa values. This suggests that the 
model accurately reproduces the underlying ETa dynamics 
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with minimal systematic bias.

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.

3.1.2. Scenario II 

In Scenario II, 80% of the dataset was used for model 
training, yielding optimized parameter values a = 0.311686 
and b = −0.001216 obtained via the SOS-based calibration 
process. When evaluated on the complete dataset, the 
model achieved an R2 of 0.8181 and an RMSE of 0.5584, as 
illustrated by the scatter plots in Figure 7.

The close agreement between the 1:1 reference line 
and the regression fit indicates a strong consistency 
between observed and predicted ETa values. This result 
further confirms the robustness of the proposed model 
under randomly partitioned training–testing conditions 
and highlights its generalization capability across the full 
dataset.

As depicted in Figure 8, the model maintains consistent 
performance across different seasons, suggesting that it 
effectively captures the underlying ETa dynamics rather 

than seasonal fluctuations. This further highlights its 
robustness and strong generalization capability under 
varying climatic conditions.

3.2. Comparison of simulation–optimization–Simple 
Algorithm for Evapotranspiration Retrieving model 
performance with alternative models

To assess the effectiveness of the proposed S/O–SAFER 
framework, its performance was compared with three 
widely used calibration and optimization approaches: LR, 
the Nelder–Mead simplex algorithm, and the Broyden–
Fletcher–Goldfarb–Shanno (BFGS) algorithm.

Linear regression establishes a relationship between 
dependent and independent variables under the assumption 
of linearity.36 Although computationally efficient and easy 
to interpret, it has limited ability to represent complex 
nonlinear relationships, potentially reducing predictive 
accuracy in heterogeneous agricultural environments.

The Nelder–Mead simplex algorithm is a derivative-
free local optimization technique that iteratively updates 
a simplex to minimize an objective function.37 While it 
can effectively handle nonlinear optimization problems 
without gradient information, its performance may be 
affected by the risk of converging to local minima.
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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
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The BFGS algorithm is a quasi-Newton optimization 
method that approximates the Hessian matrix to 
efficiently locate the optimum of a smooth objective 
function.38 Although generally faster than Nelder–Mead, 
its performance can be sensitive to the choice of initial 
parameter values and data quality.
3.2.1. Model calibration and performance metrics

The S/O–SAFER model estimates daily ETa using NDVI, 
LST, surface albedo (αs), and ETo. The model parameters 
were calibrated using the proposed SOS-based one-step 
S/O framework. To evaluate predictive performance, 
S/O–SAFER was benchmarked against linear regression, 
Nelder–Mead, and BFGS under two different calibration 
scenarios:

•	 Scenario I: Only the 38 satellite overpass days were 
used for calibration, while the remaining 731 days 
were reserved for model evaluation.

•	 Scenario II: The complete dataset (769 days) was 
randomly divided into 80% training and 20% testing 
subsets.

Model performance was evaluated using the MSE, 
MAE, RMSE, and R2. The optimized parameter values (a 

and b) and the corresponding performance metrics for the 
training, testing, and full datasets are summarized in Table 
2.

3.2.2. Comparative performance across scenarios 

The comparative evaluation of the S/O–SAFER model 
against benchmark approaches—linear regression, Nelder–
Mead, and BFGS optimization—demonstrates clear and 
consistent performance advantages across both Scenario I 
and Scenario II, as summarized in Table 2. The assessment 
is based on multiple statistical indicators, including MSE, 
MAE, RMSE, and R2 across training, testing, and full 
datasets.

Overall, the S/O–SAFER model exhibited superior 
predictive accuracy and generalization capability in 
both scenarios. In Scenario I, which represents a more 
challenging setting with limited training data, the model 
achieved a testing R2 of 0.8195 and an overall R2 of 0.8152. 
These values indicate strong explanatory power despite 
data constraints. In Scenario II, performance improves 
slightly, with testing and overall R2 values reaching 0.8249 
and 0.8181, respectively, confirming the model’s robustness 
and stability across different data configurations.
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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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A closer inspection of error metrics further supports 
these findings. In Scenario I, the testing RMSE and MAE 
were 0.5849 and 0.4548, respectively, while in Scenario II, 
they slightly decreased to 0.5696 and 0.4479, respectively. 
This reduction indicates improved prediction precision 
when additional training information is available. 
Importantly, the differences between training and testing 
errors remain relatively small in both scenarios, suggesting 
that the S/O–SAFER model does not exhibit significant 
overfitting and maintains strong generalization.

In contrast, the linear regression model showed 
consistently lower predictive performance across all 
evaluation metrics. Its testing R2 values (0.7076 in Scenario 
I) are substantially lower than those of S/O–SAFER and are 
accompanied by higher error levels (RMSE = 0.6468). This 
behavior is primarily attributed to the model’s inherent 
assumption of linearity, which limits its ability to capture 
nonlinear relationships in the dataset.

The optimization-based models, Nelder–Mead and 
BFGS, yielded intermediate performance. While they 
provided reasonable predictive accuracy, their results were 
less stable than those of S/O–SAFER. For instance, both 
Nelder–Mead and BFGS exhibit identical testing RMSE 
values (0.6260), indicating convergence to similar local 
solutions. However, their R2 values (0.7261 for testing in 

both methods) remain significantly below those of the 
proposed model, reflecting limited modeling flexibility and 
sensitivity to optimization dynamics and initial conditions.

From a broader perspective, the comparison reveals 
that S/O–SAFER consistently achieved the best trade-off 
between accuracy and generalization across all scenarios. 
Unlike linear regression, which was constrained by linear 
assumptions, and Nelder–Mead/BFGS, which depended 
heavily on optimization behavior, S/O–SAFER maintained 
stable performance across training and testing partitions. 
This stability is particularly important for real-world 
applications where data variability and limited sample sizes 
are common challenges.

In summary, the results confirm that the proposed S/O–
SAFER framework not only achieves higher predictive 
accuracy but also demonstrates superior robustness 
and generalization capability compared to conventional 
regression and optimization-based approaches.

4. Discussion
In a previous work, Karahan et al.19 developed an 
ANN-based framework for estimating daily ETa by 
integrating satellite-observed days with long-term field 
measurements. Although that study demonstrated 
promising predictive capability, the ANN model was 

Table 2. Performance comparison of S/O–SAFER, linear regression, Nelder–Mead, and BFGS models under Scenarios 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 0.8167

Testing 0.3245 0.4479 0.5696 0.8249

All data 0.3532 0.4617 0.5943 0.8181

Linear regression

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

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

Abbreviations: BFGS: Broyden–Fletcher–Goldfarb–Shanno; MAE: Mean absolute error; MSE: Mean squared error; RMSE: Root mean squared error; 
SAFER: Simple Algorithm For Evapotranspiration Retrieving.
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trained on only approximately 5% of the available dataset, 
limiting its ability to fully exploit the information content 
of the observations. The authors noted that increasing the 
number of measurements could further improve model 
performance. In the present study, the same dataset was 
utilized to facilitate a direct comparison; however, the 
modeling philosophy differs substantially. Unlike the ANN 
approach, which is entirely data-driven, the proposed 
S/O–SAFER framework combines a physically based ETa 
formulation with a deterministic optimization strategy.

The results demonstrate that the proposed S/O–
SAFER framework provides accurate and consistent ETa 
estimates under different calibration scenarios. Despite 
the substantial difference in training data size, both 
scenarios produced nearly identical optimal parameter 
values (Scenario I: a = 0.3148, b = −0.0012; Scenario II: a = 
0.3158, b = −0.0012). This close agreement suggests that the 
optimization process converges toward a stable parameter 
region and that the calibrated SAFER formulation is 
relatively insensitive to the specific composition of the 
training dataset under the investigated conditions. The 
consistency of the optimized coefficients also indicates that 
the model structure effectively captures the dominant ETa 
dynamics across the study area.

A notable finding is that Scenario I, which relied 
exclusively on 38 satellite overpass days for calibration, 
achieved predictive performance comparable to that of 
Scenario II, which utilized a substantially larger training 
dataset. For the test dataset, Scenario I achieved R2 = 0.8195 
and RMSE = 0.5849, whereas Scenario II achieved R2 = 
0.8249 and RMSE = 0.5696. Across the entire dataset, the 
differences between the two scenarios remained negligible. 
These results indicate that reliable parameter calibration 
can be achieved using a limited number of observations, 
substantially reducing data requirements while maintaining 
predictive performance. From a practical perspective, this 
finding is particularly important for regions where long-
term field measurements are unavailable or difficult to 
obtain.

Comparison with alternative calibration approaches 
further highlights the effectiveness of the proposed 
framework. Linear regression exhibited lower predictive 
accuracy, likely because the exponential structure of the 
SAFER equation cannot be adequately represented through 
a simple linear calibration procedure. Similarly, although 
Nelder–Mead and BFGS produced reasonable results, 
their performance was less consistent across datasets. In 
contrast, the SOS-based optimization framework yielded 
stable parameter estimates and maintained high predictive 
accuracy across both scenarios, indicating a better balance 
between exploration and exploitation during calibration.

Another important contribution of this study is the 
application of the SAFER model over a heterogeneous 
agricultural region characterized by multiple crop types and 
multiple growing seasons. Previous SAFER applications 
have generally focused on individual crops or relatively 
homogeneous agricultural environments. The presence 
of different crop species, varying phenological stages, and 
multiple harvest cycles introduces substantial spatial and 
temporal variability, making ETa estimation considerably 
more challenging. Nevertheless, the results demonstrate 
that the proposed framework can successfully capture 
ETa dynamics across diverse land-cover and cropping 
conditions without requiring crop-specific calibration.

Furthermore, compared with purely data-driven 
approaches such as ANNs, the proposed framework offers 
greater physical interpretability because the estimated 
ETa values remain directly linked to the underlying ETa 
formulation. This characteristic reduces dependence 
on large training datasets and provides a transparent 
calibration process while maintaining competitive 
predictive performance.

Overall, the strong agreement between observed and 
predicted ETa values, the consistency of the optimized 
coefficients across scenarios, and the robust performance 
achieved with limited calibration data demonstrate the 
reliability and practical applicability of the S/O–SAFER 
framework. In addition, the obtained results show generally 
good agreement with the simple methods proposed by 
Wang et al.39 and Tegos et al.40 These findings indicate 
that the proposed method is a robust and powerful tool 
for water resource management and operational ETa 
estimation, particularly in heterogeneous agricultural 
regions with limited data availability.

5. Conclusion
This study introduced a one-step S/O framework for 
calibrating the SAFER model and estimating daily ETa 
using remotely sensed variables and meteorological data. 
The proposed approach jointly optimizes the SAFER 
coefficients within a single optimization procedure, 
providing an alternative to conventional regression-based 
calibration methods.

The results demonstrated that both calibration scenarios 
produced highly similar parameter values and comparable 
predictive performance. Scenario I, which relied on only 
38 satellite overpass days for calibration, achieved nearly 
the same accuracy as Scenario II, indicating that reliable 
ETa estimation can be obtained with substantially fewer 
data. The consistency of the optimized coefficients across 
scenarios further suggests a stable parameter region under 
the investigated conditions.
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The successful application of the framework over 
a heterogeneous agricultural area containing multiple 
crop types and cropping cycles demonstrates its practical 
potential for large-scale ETa estimation. These findings 
indicate that the proposed S/O–SAFER framework 
constitutes a robust and efficient tool for supporting 
irrigation planning and water resource management, 
particularly in regions where extensive field measurements 
are unavailable.

It should be noted that the present study is based on a 
limited temporal dataset and does not cover a sufficiently 
long time period (e.g., multi-decadal records) to support a 
robust assessment of interannual variability or long-term 
persistence characteristics, such as those quantified by the 
Hurst exponent. Therefore, long-term clustering behavior 
of ETa could not be evaluated within the scope of this study. 
Future research incorporating longer time series would be 
valuable for further investigating these aspects.
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