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Abstract. Evapotranspiration (ET) is a hydrological variable that is very im-
portant in hydrology and agriculture. Traditionally, ET estimation process is
bascd on empirical models and conducted over monthly and daily data. 1'echno-
logical developments have increased the collection of climate data related to I:T.
Commonly, processing data with a tfiner temporal resolution using classical meth-
ods is complex. However, artificial intelligence has become an alternative tool to
model ET, when large datasels are available. One of the most used (echniques (o
model ET is neural networks. Models developed using neural networks have
shown good performance n E1 estimation, mainly when a multilayer perceptron
1s employed. [Towever, 1t 1s recognized that multilayer perceptron architectures
could present difficulties related to their learning mechanisms. Thus, this paper
presents the implementation of a hybrid machine learning method based on mul-
tilayer perceptron and metaheuristic algorithms. The experimental results show
that hybridized methods can improve the ET estimation process. In this study,
the performance comparison 1s based on several state-of-the-art metaheuristic
methods including the Runge Kutta Optimization Algorithm, the Crow Search
Algorithm, the Fuzzy Logic, and the Grey Wolf Optimizer Algorithm.

Keywords: Machine learning, Metaheuristic Algorithms, Multilayer Percep-
tron.

1 Introduction

Evapotranspiration refers to the quantity of water that returns to the atmosphere due to
evaporation from water bodies and vegetation transpiration [1]. Estimating evapotran-
spiration 1s considered an essential task in hydrological studies and water resources
management in agriculture [2]. Commonly, evapotranspiration estimation is based on
the calculation of reference evapolranspiration, which is considered a climatic parame-
ter that expresses the evaporating power of a specific location and time [3]. However,
due to the complexity of their measurement, empirical methods were formulated
through time mainly based on the relationship between evapotranspiration and clima-
tological variables. Among these methods are Priestley-Taylor [4], Hargreaves [5] Pen-
man [6], and the most uscd and recommended by the Food and Agriculture Organiza-
tion (FAO), the FAO-56 Penman-Monteith method [3]. One feature of these methods
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is that the calculations are performed commonly on a monthly and daily basis. This was
duc to the lack of information on the climatological variables used in the calculations
in the past. Nonetheless, it is currently possible to use technological devices to collect
meteorological data with a finer temporal resolution, but now, a task to solve consists
of processing this information. In this sense, computational models derived from arti-
ficial intelligence have become a good option mainly due to their capacity to capture
complex dynamics and non-lincar patterns. Among these kinds of models, Neural Net-
works arc one of the most used and (ested to model evapotranspiration [7]. For example,
Kumar et al. [8] use a Multilayer Perceptron to model reference evapotranspiration
based on information on six meteorological variables, obtaining good results compared
with the FAO 56 Penman-Monteith method and lysimeter measurements. Rahimikhoob
|9] also uses a multilayer perceptron to model evapotranspiration but uses only infor-
mation about maximum and minimum temperature and solar radiation. Their results
show a good agreement with the relerence evapotranspiration calculated based on FAO
56 Penman-Monteith method. Recently, Jain and Gupta [10] compared four different
architectures to model evapotranspiration according to the climate conditions of India.
Their results found that it is possible to model evapotranspiration with good results
based only on temperature, solar radiation, and wind speed information. Nevertheless,
the results recognized that the models based on multilayer pereeptron could have prob-
lems with the global weight adjustment in their learning mechanisms. To solve this
problem, new architecture has been proposed. The hybridization method has been rec-
ognized as a good option to improve the performance of the models because, in some
research, precision improvement and a reduction in computing time have been ob-
served. However, the need to study the behavior of these methods 1s recognized. Thus,
this research aimed to implement a hybrid machine-learning method based on multi-
layer perceptron and metaheuristic algorithms and evaluate their performance to predict
reference evapotranspiration.

2 Methodology

To analyze the performance of the optimization algorithm, a multi-layer perceptron was
built based on a network architecture 5-6-1, which means the input layer is composed
of five input variables, the hidden layer comprises six neurons, and an output layer
which returns evapotranspiration predictions. The number of parameters or function
weights according to the proposed architecture was 42. The iteration number to evaluate
the performance of the optimization techniques was 1000. A schematic description of
the multi-layer perceptron is shown in Figure 1. A list of the metaheuristic methods
applied in the hybridization as well as their initial parameter configuration is shown in
Table 1. The proposed algorithm was implemented using MATL AR software. The in-
put data were obtained from a weather station located in Autlan, Jalisco, México. This
weather station registers hourly data [or temperature, solar radiation, wind velocity,
relative humidity, and barometric pressure.
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Fig. 1. Multi-layer perceptron architecture. The input layer uses the climatic variables com-
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monly used to calculate evapotranspiration with traditional models.

Table 1. Metaheuristic algorithms used for the hybridization.

1D Name Parameters
Cr-2
PSO  Particle Swarm Optimizati ol
article Swarm Optimization Weamp—0.99
=1
SCA Sine Cosine Algorithm r=2
. = rand(0,1
GWO Grey Wolf Optimizer ::; :rrz::] d( ©, 1))
CSA Crow Search Algorithm AP=1
Fl=2
. . . . c=03
CMA-ES Covariance Matrix Adaptation Evolution Strategy N
g =
p=35
. pr=0.15
Tuzz: TFuzzy 1.
uzzy uzzy Logic Per=15
Tun—0.75
RUN Runge Kutta Optimization Algorithm h=2

Results and discussion

Figure 2 shows examples of the results obtained while running the seven metaheuristic
algorithms uscd to optimize the model's parameters. The [irst subgraph shows the re-
sults for all the models tested. In this subgraph, apparently, all the models show similar
behavior. However, when the results of each model were plotted individually, there was
some 1nteresting behavior. I'irst, it is noticeable that almost all the models show rapid
convergence, although the PSO, SCA, and RUN show better results after iteration num-
ber 400. According to the mean descriptive statistics (Table 2) calculated based on 30
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runs of each algorithm, the Runge Kutta Optimization Algorithm performs better, fol-
lowed by the Crow Scarch Algorithm, the Fuzzy Logic, and the Grey Woll Optimizer.
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Fig. 2. Convergence of the metaheuristic algorithms.
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This behavior can also be observed in Figure 3. The asymptotic behavior of the Ruge

Kutta approaching the value of 0.02 is noticeable.

During the algorithms' running, the PSO algorithm's results fluctuated wildly, alt-
hough their execution time can be considered low. On the other hand, the CMA-ES
algorithm, which was expected to perform well, showed the highest variability between
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runs, which can be confirmed through its standard deviation shown in Table 2. Alt-
hough not designed with a focus on climatological data, the SCA algorithm shows a
behavior similar to that observed with CMA-ES. Regarding the execution time, the
Fuzzy Logic was the most time-consuming because it uses approximately six minutes
per run compared to the two minutes of execution of the other algorithms. Nevertheless,
this time of execution is considered as low because, in all the runs, the algorithms
stopped until they reached 1000 iterations.
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Fig. 3. Comparison of the convergence of the metaheuristic algorithms.

Table 2. Mean descriptive statistics of the running tests.

Statistic PSO | SCA  GWO  CSA | CMA-IS  I'UZZY RUN
Minimum 0.061 | 0.058 @ 0.044 @ 0.041 0.059 0.45 0.024
Maximum 0.138 | 0.168  0.165 0.158 0.888 0.161  0.174
Mean 0.067 | 0.072  0.051 @ 0.047 0.068 0.050 | 0.041
STD 0.012 | 0.015 0.010  0.011 0.029 0.011 0.021

4 Conclusion

In this research, machine learning techniques and metaheuristic algorithms were im-
plemented to find models with better performance for the prediction of evapotranspira-
tion. The algorithms selected for the study were the Particle Swarm Optimization
(PSO), Crow Scarch Algorithm(CSA), Sinc Cosine Algorithm (SCA), Grey Woll Op-
timizer (GWQ), Covariance Matrix Adaptation Evolution Strategy (CMA-ES), FUZZY
LOGIC (FUZZY), and the Runge Kutta Optimizer (RUN) in conjunction with a multi-
layer perceptron. The results show that hybridization can improve the performance of
the models focused on the prediction of hourly evapotranspiration, mainly when it is
uscd in the hybridization of the Runge Kutta Optimization Algorithm, the Crow Scarch
Algorithm, the Fuzzy Logic, and the Grey Wolf Optimizer Algorithm. Nevertheless, it
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is necessary to carry out more experiments to confirm and improve the performance of
the models shown in this rescarch.
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