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Abstract
Introduction

Water resources are strongly influenced by the hydrological cycle and the estimation of evapotranspiration as the
main component of the hydrological cycle plays an important role in water resources management. This
phenomenon is nonlinear and very difficult to estimate in the sense that there are many parameters involved in
its estimation. There are many methods to estimate evapotranspiration none of which is free from problems.
Some of these methods, such as Lysimeter, are costly and time-consuming, and others, such as empirical
methods only have local value. Therefore, the application of a method which is able to model this phenomenon
based on its entity and with minimum data seems necessary. In recent years, the use of artificial intelligence
models to simulate various problems has become very popular. In terms of performance, artificial neural
networks are very efficient models whose computational speed is completely independent of the mathematical
complexity of the algorithms or the method used.

The purpose of this research is to compare artificial neural network models, neural network model optimized
with genetic algorithm and experimental models in estimation of reference evaporation and transpiration using
meteorological data in Ramhormoz synoptic station.

Materials and Methods

As mentioned above, the aim of this study was to compare the models of artificial neural network (ANN),
artificial neural network optimized with genetic algorithm (ANN + GA) and experimental models (Hargreaves-
Samani, Blaney-Criddle and Irmak) in estimating reference evapotranspiration compared to the results obtained
from the Penman-Monteith FAO standard model by using Meteorological data in Ramhormoz synoptic station.
For this purpose, meteorological parameters of Ramhormoz synoptic station were collected monthly during the
years 2011 to 2018. This information includes: minimum temperature, maximum temperature, average
temperature, wind speed at 2 meters, minimum relative humidity, maximum relative humidity and was sunny
hours.

Artificial neural networks are simplified models of the working system of the human brain, which are not
comparable to natural systems. These models try to imitate human thought processes.

The process of using artificial neural network models includes three stages of training, verification and testing.
In the present study, 70% of the data was considered for training, 10% for validation and 20% for testing. Also,
the stimulus function considered for the training and test phase is the sigmoid tangent.

To extract better results from the artificial neural network model, it is necessary to optimize the parameters used.
To determine the most optimal parameters required for the artificial neural network model, such as the number
of layers, neurons and the weight of the layers, a lot of time is spent on their calibration using the trial and error
method. For this reason, in this research, the combination of artificial neural network model and genetic
algorithm (ANN+GA) was used in order to achieve the optimal parameters of the artificial neural network model.
Minimizing the amount of simulation error as a function of the objective function and the number of iterations
was considered as the stopping condition of the optimization algorithm.
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Results and Discussion

Overall, the results showed that artificial neural network models to empirical models used to model higher
correlation with the Penman-Monteith FAO model. In addition, among the neural network models used, the
integrated neural network model with the genetic algorithm has a higher correlation with the Penman-Monteith
FAO model. So that the value of R2 in Blaney Kridel, Hargreaves Samani, Airmak, ANN and ANN+GA models
is 0.65, 0.819, 0.781, 0.969 and 0.973, respectively. The results of using scenarios using meteorological
parameters as input for ANN and ANN + GA models showed that the highest accuracy of estimating reference
evapotranspiration in both models is related to the scenario with input data such as temperature. The minimum is
the maximum temperature, wind speed at a height of 2 meters, minimum relative humidity, maximum relative
humidity and sunny hours, and the lowest accuracy of the model was in a scenario with two inputs of maximum
temperature and minimum temperature. Among the experimental models, Hargreaves-Samani, Irmak and
Blaney-Criddle models had the highest correlation with the standard Penman-Monteith FAO model, respectively.

Conclusion

Evapotranspiration is one of the important factors in the hydrological cycle and among the determining factors of
energy equations on the earth's surface and water balance. In this regard, many researchers tried to estimate the
amount of evaporation and transpiration with a suitable approximation using a cheap and easier method for
different regions. The purpose of this research is to compare artificial neural network (ANN) models, artificial
neural network optimized with genetic algorithm (ANN+GA) and experimental models (Blaney-Criddle,
Hargreaves Samani and Irmak) in estimating reference evaporation and transpiration compared to the obtained
results. It was done from the standard Penman-Monteith-FAO model, using meteorological data at Ramhormoz
synoptic station. The general results of this research showed that the artificial neural network models have a
higher correlation with the Penman-Manteith-Fau model than the used experimental models. In addition, among
the used neural network models, the integrated neural network model with genetic algorithm has a higher
correlation with the Penman-Manteith-Fau model than the artificial neural network model. Also, among the
experimental models used, respectively, Hargreaves Samani, Irmak, and Blaney-Criddle models have the highest
correlation with the standard Penman-Monteith-Fau method. In line with the results of the present research, it is
suggested to compare the results of experimental models and artificial neural network with the data obtained
from the evaporation pan.
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Table 5- The results of using different scenarios of the ANN model in the test phase

R? MAE RMSE P
0.969 0.161 0.155 1
0.960 0.225 0.210 2
0.938 0.345 0.304 3
0.945 0.303 0.309 4
0.955 0.299 0.278 5
0.959 0.270 0.260 6
0.951 0.273 0.266 7
0.921 0.394 0.385 8
0.915 0.401 0.395 9
0.887 0.457 0.429 10
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Table 6- The results of using different scenarios of ANN+GA model in the test phase

R? MAE RMSE 52 )l
0.973 0.159 0.147 1
0.964 0.211 0.198 2
0.941 0.295 0.286 3
0.948 0.271 0.245 4
0.951 0.261 0.240 5
0.959 0.234 0.229 6
0.955 0.245 0.238 7
0.926 0.390 0.375 8
0.909 0.405 0.394 9
0.896 0.421 0.425 10
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Table 7- Statistical indices between the values estimated by the neural network models and the Penman-Monteith FAO model

R? MAE RMSE FIESW Je
0.975 0.159 0.147 3 ANN
0.971 0.160 0.149 (PO ANN
0.969 0.163 0.155 o903l ANN
0.984 0.142 0.131 Sigel ANN+GA
0.985 0.139 0.130 (PO ANN+GA
0.973 0.145 0.147 903! ANN+GA
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Figure 2-Correlation of reference evaporation and transpiration estimated and obtained with the Blaney-Cridle model and the FAO
Penman Monteith model
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Figure 3- Correlation of reference evaporation and transpiration estimated and obtained with the Hargreaves Samani model and the
FAO Penman Monteith model
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Figure 4- Correlation of reference evaporation and transpiration estimated and obtained with the Irmak model and Penman
Monteith model of FAO
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Figure 5- Correlation of reference evaporation and transpiration estimated and obtained with the ANN model and the FAO Penman
Monteith model
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Figure 6- Correlation of reference evaporation and transpiration estimated and obtained with the ANN+GA model and the FAO
Penman Monteith model
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