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Introduction

Evapotranspiration is considered one of the most essential parameters in meteorology and water
resources (Sun et al., 2021). Therefore, accurate estimation of reference evapotranspiration is one of
the most important tasks that lead to better management of water resources and solving many water
engineering challenges (Wanniarachchi and Sarukkalige, 2022). Various meteorological variables,
such as solar radiation, air temperature, relative humidity, and wind speed, can interactively affect
the reference evapotranspiration component (Yan et al., 2019). Therefore, the development of
various improved methods to predict this very important variable is of particular importance for
researchers (Ghumman et al., 2021). Due to the complexity of hydrological systems, complete
modeling of hydrological systems is very complicated (Eslamian and Eslamian, 2022). In addition,
the existence of uncertainty in future climate changes makes it important to model and achieve
possible future changes. In such a situation, it is beneficial to use modeling based on mathematical
relationships and data-based models (Kisi et al., 2016). One of the available models is Support
Vector Regression (SVR), which has been used in various studies (El Bilali et al., 2023; Shabani et
al., 2020). The fruit fly optimization algorithm (FOA) is used as one of the innovative algorithms for
optimization, and due to its high accuracy in various optimization applications, such as global
continuous optimization problems, it has been able to attract a lot of attention (Wu et al., 2020). The
aim of this research is to evaluate the performance of SVR optimized with FOA in estimating daily
reference evapotranspiration of Ahvaz station located in Khuzestan province. Due to the hot and
semi-desert climate of Ahvaz and the growing shortage of water resources, accurate forecasting of
daily reference evapotranspiration becomes more important in this station. It is noteworthy that the
SVR-FOA hybrid model is used for the first time in this research to predict daily reference
evapotranspiration values. The review of previous studies has shown that the SVR-FOA model has
not been used to estimate daily reference evapotranspiration.
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Methodology
Study area

In the current research, daily reference evapotranspiration values were considered during the
statistical period of 22 years in 2000-2022 at Ahvaz station. This city is located in the geographical
position of 31° 30" N and 48° 65" E, in the plains of Khuzestan and with a height of 12 m above sea
level, in the southwest of Iran and the center of Khuzestan province.
Table (1) shows the different scenarios considered as input and output of the models. Parameters of
average temperature (Tag), minimum temperature (Tmin), Maximum temperature (Tp.), average
relative humidity (RHayg), minimum relative humidity (RHpin), maximum relative humidity (RHmax),
wind speed (U), and sunshine hours (SSH) as input parameters and daily reference
evapotranspiration (E) as the target parameter. The way of choosing different input compounds to
estimate daily reference evapotranspiration in the studied models is based on having a higher
correlation than other compounds.

Table 1- Different input combinations to estimate the amount of daily evapotranspiration in the studied

models
Scenario parameters Input Output
1 Tavg E
2 Tavq Tmin Tmax E
3 Tavq Tmin Tmax RHavq E
4 Tavq Tmin Tmax RHavq RHmin RHmax E
5 Tavq Tmin Tmax RHavq RHmin RHmax U2 E
6 Tavg T min T max RHayq RHmin RH max U2 SSH E

Support Vector Regression (SVR)

SVR is used to classify and analyze regression problems. This method was proposed by Vapnik
and Chervonenkis (1974). SVR is based on the dual classification in the desired feature space and is
widely used in prediction problems (Jha and Hayashi, 2014; Yoon et al., 2011).

Fruit fly optimization algorithm (FOA)

Pan (2012) presented the fruit fly optimization algorithm (FOA) for the first time. This simple and
fluent algorithm has solved part of the challenges related to the difficulties of previous algorithms.
This algorithm is similar to many other meta-heuristic algorithms that are designed based on the
inspiration of nature, based on the natural behavior of organisms. The fruit fly approaches the
location of the fruit after smelling the fruit in the air. This insect finds the exact position of the fruit
by using its sense of sight (Poluru and Kumar R, 2021).

In this research, the statistical parameters of correlation coefficient (R), root mean square error
(RMSE), Nash-Satcliff coefficient (NS), and Willmott’s index of agreement (WI) were used to
evaluate the performance of different scenarios defined for the studied methods.

Findings

The evaluation of the results according to Table (2) showed that the third scenario of the SVR
model with R=0.71, RMSE= 1.45 mm/day, NS=0.33, and WI1=0.82 has the lowest error compared to
other SVR combinations. The high accuracy of this model shows the high importance of the relative
humidity parameter in increasing the prediction accuracy of the reference evapotranspiration
parameter. Among the combined SVR-FOA models, the sixth scenario with R=0.71, RMSE=1.24
mm/day, NS=0.51, and WI=0.82 has the highest accuracy compared to all scenarios. The reason for
this is the addition of the sunshine hour’s parameter to the model inputs. Because the city of Ahvaz
has a semi-desert climate due to long sunshine hours, and as a result, sunshine hours have an
effective role in predicting the accuracy of the daily reference evapotranspiration parameter.
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Table 2- Evaluation parameters of the studied models in the test period

Evaluation criteria

Model R RMSE (mm/day) NS Wi
SVR-L 0.65 153 0.25 0.78
SVR-2 0.64 1.60 0.18 0.77
SVR-3 0.71 145 0.33 0.82
SVR-4 0.69 152 0.26 0.81
SVR-5 0.70 156 0.22 0.81
SVR-6 0.69 152 0.26 0.82
SVR-FOA-1 0.61 139 0.38 0.73
SVR-FOA-2 0.62 139 0.38 0.73
SVR-FOA-3 0.68 132 0.44 0.79
SVR-FOA-4 0.72 1.30 0.46 0.81
SVR-FOA-5 0.72 1.25 0.50 0.81
SVR-FOA-6 0.71 124 0.51 0.82
Conclusion

Forecasting reference evapotranspiration is of particular importance for researchers, therefore
researchers have provided various methods to improve the performance of forecasting models. In this
research, using SVR and SVR-FOA methods, daily reference evapotranspiration values were
estimated in Ahvaz station during the statistical period of 2000-2022. The obtained results were
compared using statistical parameters and it was found that the sixth scenario of the SVR-FOA
model provided the best performance with the lowest error (1.24 mm/day) compared to all models.
Among the scenarios of the SVR model, the third scenario of the SVR model showed the lowest
error (1.45 mm/day) compared to other SVR combinations. In the general situation of the sixth
scenario, the combined SVR-FOA model provided good results in predicting daily reference
evapotranspiration values and was suggested for daily reference evapotranspiration prediction.
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Table 1- Daily statistical parameters of the data used in the test period

Parameter uz2 SSH RH Tavg E
Unit (m/s) (hr) (%) (°C) (mm)
Average 1.99 7.18 54.81 17.07 3.54
Minimum 0.25 0 19 5.3 0.2
Maximum 6.5 11.4 91.25 29.7 10.8
Standard 0.97 3.29 13.51 401 176

deviation
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Table 2- Different input combinations to estimate the amount of daily evaporation in the studied

models
Scenario parameters Input Output
1 Tavg E
2 Tavq Tmin Tmax E
3 Tavq Tmin Tmax RHavg E
4 Tavq Tmin Tmax RHavg RHmin RHmax E
5 Tavq Tmin Tmax RHavg RHmin RHmax U2 E
6 Tavg T min T max RHayq RHmin RH max U2 SSH E
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Table 3- Evaluation parameters of the studied models in the test period

Model Evaluation criteria

R RMSE (mm/day) NS Wi

SVR-1 0.65 153 0.25 0.78
SVR-2 0.64 1.60 0.18 0.77
SVR-3 0.71 1.45 0.33 0.82
SVR-4 0.69 1.52 0.26 0.81
SVR-5 0.70 1.56 0.22 0.81
SVR-6 0.69 152 0.26 0.82
SVR-FOA-1 0.61 1.39 0.38 0.73
SVR-FOA-2 0.62 1.39 0.38 0.73
SVR-FOA-3 0.68 1.32 0.44 0.79
SVR-FOA-4 0.72 1.30 0.46 0.81
SVR-FOA-5 0.72 1.25 0.50 0.81
SVR-FOA-6 0.71 1.24 0,51 0.82

Predicted E (mum/day)
&
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