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Abstract

Accurate prediction of actual evapotranspiration in response to water resource management problems and

increasing the productivity of agricultural products under dry and semi-arid climatic conditions is considered
essential. Sunflower, as an economic crop with relative resistance to water deficiency, is a suitable option
for cultivation in areas with water limitations. In this study, Support Vector Regression (SVR) and Random
Forest (RF) models optimized with the Genetic Algorithm (GA) were used to predict actual
evapotranspiration. For this purpose, data from weighing lysimeters in Bushland, Texas, USA, during the
2011-2012 growing season were extracted. A total of 230 data points were selected as model inputs in the
form of eight scenarios with different combinations of climatic parameters. The results of this study showed
that, in the SVR-GA model, the best performance was obtained for the combination of inputs including daily
soil temperature inside and outside the lysimeter at a depth of 1.6 m, relative water storage at midnight, daily
average relative water storage, soil temperature at different depths, air temperature, soil heat flux in the rows
and the distance between rows, relative humidity, and wind speed, such that the Root Mean Square Error
(RMSE) was 1.017 mm/day, the correlation coefficient (R) was 0.95, and the Nash Sutcliffe Efficiently (NS)
was 0.908. Also, in the RF-GA model, the best results were obtained with input variables including all the
above-mentioned variables except wind speed, with an RMSE of 1.516 mm/day, an R value of 0.90, and an
NS value of 0.796. Comparison of the results showed that the use of the Genetic Algorithm in optimizing
the models increased prediction accuracy, such that based on the RMSE criterion, the hybrid SVR-GA and
RF-GA models experienced reductions of 59.91% and 35.8%, respectively, compared with their
corresponding standalone models. Finally, the hybrid models can be used as efficient tools for estimating
actual evapotranspiration under conditions where direct measurement using traditional methods is costly or
limited.

Introduction

Evapotranspiration is a fundamental component of the hydrological cycle and plays a vital role
in water resource management, irrigation design and assessing plant water requirements (Chiew et
al., 1995). Since lysimeters provide relatively accurate measurements of evapotranspiration, their
application is often limited due to high costs and the need for specialized expertise, particularly in
developing regions (Feng & Tian, 2021). Therefore, developing alternative predictive models has
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become essential. This study focuses on employing machine learning models, including random
forest and support vector regression, optimized by genetic algorithms to estimate
evapotranspiration. Despite prior research on reference evapotranspiration prediction, limited
attention has been focused to hybrid models, especially for actual evapotranspiration forecasting
due to data limitations. This research introduces a hybrid model aimed at improving prediction
accuracy, applied in the Bushland region of Texas, with sunflower as a strategic crop. The model’s
performance is assessed through various evaluation metrics to demonstrate its efficacy compared
to existing single-model approaches.

Methodology

This dataset comprised one year of lysimeter weight measurements for sunflowers collected at
the USDA-ARS Conservation and Production Laboratory (CPRL), Soil and Water Management
Research Unit (SWMRU) in Bushland, Texas, during the 2011-2012 crop year (Evett et al., 2000).
The parameters measured include wind speed, air temperature, relative humidity, soil temperature,
soil heat flux, daily evapotranspiration, daily averages and relative water storage at specific
lysimeter depths. Sensitivity analysis using Pearson’s correlation Figure (1) revealed that daily
mean soil temperature at 1.6 m depth showed the strongest correlation (r = 0.70), while wind speed
exhibited the weakest (r = —0.32). All variables were measured daily over the full crop year (Evett
et al., 2018; 2022). In this study, data from two lysimeters located in the northeast and southeast of
agricultural fields in Potter City were used as inputs for SVR, RF, RF-GA, and SVR-GA models
to predict actual daily evapotranspiration.
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Fig. 1 — Bar chart of correlation coefficient of input parameters

Random Forest (RF)

The Random Forest (RF) model was first introduced by Breiman (2001) as a decision tree-
based machine learning method. This algorithm has attracted the attention of researchers in recent
years due to its various capabilities, including classification and regression. In Random Forest, a
set of decision trees is built based on different parts of the training data.

Support Vector Regression (SVR)

Support Vector Regression is a support vector machine (SVM)-based method used in
classification and regression analysis problems. It operates on the basis of binary classification in
the desired feature space and is widely used in forecasting problems (Yoon et al. 2011; Jha &
Hayashi 2014).

Genetic Algorithm (GA)

The basic concept of a genetic algorithm was first introduced by Holland (1992). This algorithm
is an optimization method inspired by the principles of natural selection and genetic theory. In this
method, each member of a population, called a chromosome, is considered as a possible answer to
the problem.
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Results and Discussion

Table (1) presents the evaluation results of the models during the test period based on R, RMSE,
NRMSE, NS and WI criteria. Among the SVR scenarios, the seventh scenario showed the best
performance with the lowest error and highest correlation, due to the inclusion of HFR | and HFR;
variables. The SVR-GA model further improved accuracy, reducing RMSE by 1.44% compared to
the best SVR scenario. These results are consistent with Sharafi et al. (2024), who applied a
combined SVR-FOA model for evapotranspiration prediction in Ahvaz with similar
improvements. In the RF-GA model, the seventh scenario achieved the highest accuracy, with R =
0.90, RMSE = 1.516 mm/day, NS = 0.796, NRMSE = 0.122, and WI = 0.98. Comparison of RF
and RF-GA models indicates that genetic algorithm optimization significantly enhances model
performance. This finding aligns with Monavvar Sabegh et al. (2023), who demonstrated improved
evapotranspiration estimates at East Azerbaijan stations using a GA-optimized RF model, reporting
Wilmot indices of 0.982 and 0.992 in different scenarios for Tabriz station.

Table 1 — Performance of the models during the testing period

Model R (Hll{nl\jify) NRMSE NS Wi
SVR-1 0.69 2537 0.204 0.43 0.74
SVR-2 0.80  2.044 0.164 0.63 0.89
SVR-3 0.80  2.077 0.167 0.62 0.89
SVR-4 0.84 1932 0.155 0.67 0.92
SVR-5 0.84 1837 0.148 0.701 0.93
SVR-6 0.84  1.841 0.148 0.70 0.93
SVR-7 0.86  1.820 0.147 0.706 0.93
SVR-8 0.84  1.835 0.148 0.702 0.93
SVR-GA-1 0.76  2.199 0.176 0.572 0.92
SVR-GA-2 0.87  1.670 0.135 0.753 0.97
SVR-GA-3 0.88  1.610 0.130 0.77 0.98
SVR-GA-4 0.89 1533 0.124 0.792 0.98
SVR-GA-5 092 1301 0.105 0.85 0.99
SVR-GA-6 094  1.151 0.093 0.883 0.99
SVR-GA-7 0.94  1.168 0.094 0.879 0.99
SVR-GA-8 095  1.017 0.082 0.908 0.99
RF-1 0.72 2360 0.190 0.504 0.89
RF-2 0.84  1.810 0.146 0.71 0.96
RF-3 0.84 1821 0.147 0.706 0.96
RF-4 086  1.712 0.138 0.74 0.97
RF-5 0.88  1.602 0.129 0.773 0.98
RF-6 0.88  1.627 0.131 0.765 0.97
RF-7 0.88  1.620 0.130 0.768 0.98
RF-8 089  1.618 0.130 0.768 0.98
RF-GA-1 076  2.178 0.176 0.580 0.92
RF-GA-2 0.84  1.805 0.146 0.711 0.96
RF-GA-3 0.86  1.755 0.142 0.727 0.96
RF-GA-4 087  1.672 0.135 0.752 0.97
RF-GA-5 0.88  1.603 0.129 0.773 0.98
RF-GA-6 0.89 1551 0.125 0.787 0.98

RF-GA-7 0.90 1.516 0.122 0.796 0.98
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Model R RMSE NRMSE NS WI
(mm/day)
RF-GA-8 0.90 1.539 0.124 0.790 0.98
Conclusion

This study aims to develop an accurate model for predicting actual evapotranspiration. Hybrid models
can serve as efficient tools for estimating actual evapotranspiration, especially in situations where direct
measurement using traditional methods is costly or limited. In this regard, the SVR, SVR-GA, RF, and RF-
GA models were evaluated using available data from two lysimeters in Bushland, Texas, for the years 2011-
2012. The results of the evaluations showed that the models optimized with the genetic algorithm had the
highest accuracy in predicting actual evapotranspiration and presented the lowest root mean square error
(1.516 and 1.017). Also, Future studies should utilize advanced validation methods like cross-validation to
ensure robust model evaluation, especially with small datasets such as lysimeter data.
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Fig. 1 — Location of the Study Area in Bushland, Texas
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Table 1 - Specifications of Parameters Used

Parameter Description
Name
CSTs Daily average soil temperature at 1.6 m depth inside the lysimeter,
’ measured about 1 meter from the lysimeter wall using a thermocouple.
FST Daily average soil temperature at 1.6 m depth outside the lysimeter,
' measured about 1 meter from the lysimeter chamber wall using a thermocouple.
Daily average soil temperature at 1 m depth inside the lysimeter, measured
CST, . .
about 1 meter from the lysimeter wall using a thermocouple.
FST, Daily average soil temperature at 1 m depth outside the lysimeter,

measured about 1 meter from the lysimeter chamber wall using a thermocouple.
T Daily average air temperature measured at 2 meters above the soil surface.
Daily actual evapotranspiration calculated based on lysimeter mass
ET, RN
change, precipitation, irrigation, and other factors.
Daily average relative humidity (%) measured by a Vaisala sensor at 2
meters above the soil surface inside the lysimeter.
Daily total soil heat flux (MJ/m?) measured at 50 mm depth in the second
HFIR, inter-row spacing inside the lysimeter using a heat flux plate, corrected
thermometrically to the surface.
Daily total soil heat flux (MJ/m?) measured at 50 mm depth in the first row
HFR; from the southern edge of the lysimeter using a heat flux plate, corrected
thermometrically to the surface.
Daily total soil heat flux (MJ/m?) measured at 50 mm depth in the second
HFR; row from the southern edge of the lysimeter using a heat flux plate, corrected
thermometrically to the surface.
Daily total soil heat flux (MJ/m?) measured at 50 mm depth in the first
HFIR, inter-row spacing inside the lysimeter using a heat flux plate, corrected
thermometrically to the surface.
Daily average relative water storage (mm) in the lysimeter based on
RWS,.  calibration of lysimeter scale at water depth, related to an initial arbitrary storage
value at water depth.
Relative water storage (mm) in the lysimeter at midnight based on
RWSwm calibration of lysimeter scale at water depth, related to an initial arbitrary storage
value at water depth.
Daily average wind speed measured by an anemometer at 2 meters above
the soil surface inside the lysimeter.

RH
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Table 2 — Input variables used in each scenario

Model Hyperparameter Optimal value Description
n_estimators 150 Number of decision trees in the forest
RF . max_depth . 12 o Maximum depth 9f each tr(?e
min_samples_split 5 Minimum samples required to split a node
max_features 'sqrt’ Number of features to consider for best split
C (Regularization) 10 Trade-off bet\ye§n model simplicity and
training accuracy
SVR kernel 'tbf’ Kernel type (Radial Basis Function)
gamma 0.01 Kernel coefficient for 'tbf’
epsilon 0.1 Margin of tolerance where no penalty is given
population_size 50 Number of individuals in each generation
GA generations 100 Number of iterations for evolution
(Optimization)  crossover_probability 0.8 Probability of combining parents' features
mutation_probability 0.1 Probability of random hyperparameter changes
Table 3 — Input variables used in each scenario
923l B 33 03l 3 )90 (U pio —F S
Scenario Input Variables output
1 FSTi, FST16, RWSy ET,
2 FSTi, FST1.6, RWSym, RWSave ET.
3 FSTi, FST1.6, RWSMm, RWSgye, CST1, CSTi6 ET,
4 FSTi, FST1.6, RWSm, RWS,ye, CST1, CSTi6, T ET,
5 FSTi, FST1.6, RWSmM, RWSaye, CST1, CSTis, T, HFIR2, HFIR: ET.
6 FSTi, FST16, RWSM, RWSqye, CST, CSTi6, T, HFIR,, HFIR;, RH ET,
7 FSTi, FST1.6, RWSm, RWSave, CST1, CSTi6, T, HFIR2, HFIR;, RH, HFR1, HFR, ET,
8 FSTi, FST1.6, RWSm, RWS,ye, CST1, CSTi6, T, HFIR,, HFIR;, RH, HFR;, HFR», U, ET,
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Table 4— Performance of the models during the testing period

Model R RMSE(mm/day) NRMSE NS WI
SVR-1 0.69 2.537 0.204 0.43 0.74
SVR-2 0.80 2.044 0.164 0.63 0.89
SVR-3 0.80 2.077 0.167 0.62 0.89
SVR-4 0.84 1.932 0.155 0.67 0.92
SVR-5 0.84 1.837 0.148 0.701 0.93
SVR-6 0.84 1.841 0.148 0.70 0.93
SVR-7 0.86 1.820 0.147 0.706 0.93
SVR-8 0.84 1.835 0.148 0.702 0.93

SVR-GA-1 0.76 2.199 0.176 0.572 0.92

SVR-GA-2 0.87 1.670 0.135 0.753 0.97

SVR-GA-3 0.88 1.610 0.130 0.77 0.98

SVR-GA-4 0.89 1.533 0.124 0.792 0.98

SVR-GA-5 0.92 1.301 0.105 0.85 0.99

SVR-G A-6 0.94 1.151 0.093 0.883 0.99

SVR-GA-7 0.94 1.168 0.094 0.879 0.99

SVR-GA-8 0.95 1.017 0.082 0.908 0.99

RF-1 0.72 2.360 0.190 0.504 0.89
RF-2 0.84 1.810 0.146 0.71 0.96
RF-3 0.84 1.821 0.147 0.706 0.96

RF-4

0.86

1.712

0.138

0.74

0.97
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Model R RMSE(mm/day) NRMSE NS Wil
RF-5 0.88 1.602 0.129 0.773 0.98
RF-6 0.88 1.627 0.131 0.765 0.97
RF-7 0.88 1.620 0.130 0.768 0.98
RF-8 0.89 1.618 0.130 0.768 0.98
RF-GA-1 0.76 2.178 0.176 0.580 0.92
RF-GA-2 0.84 1.805 0.146 0.711 0.96
RF-GA-3 0.86 1.755 0.142 0.727 0.96
RF-GA-4 0.87 1.672 0.135 0.752 0.97
RF-GA-5 0.88 1.603 0.129 0.773 0.98
RF-GA-6 0.89 1.551 0.125 0.787 0.98
RF-GA-7 0.90 1.516 0.122 0.796 0.98
RF-GA-8 0.90 1.539 0.124 0.790 0.98
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Fig. 6- Scatter plots of observed and predicted evapotranspiration for the best scenario
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