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Abstract. Indirect determination of pan evaporation (PE) has been highly regarded, due to the advantages of intelligent models
employed for this objective. This work pursues improving the reliability of a popular intelligent model, namely multi-layer
perceptron (MLP) through surmounting its computational knots. Available climatic data of Fresno weather station (California,
USA) is used for this study. In the first step, testing several most common trainers of the MLP revealed the superiority of the
Levenberg-Marquardt (LM) algorithm. It, therefore, is considered as the classical training approach. Next, the optimum
configurations of two metaheuristic algorithms, namely cuttlefish optimization algorithm (CFOA) and teaching-learning-based
optimization (TLBO) are incorporated to optimally train the MLP. In these two models, the LM is replaced with metaheuristic
strategies. Overall, the results demonstrated the high competency of the MLP (correlations above 0.997) in the presence of all
three strategies. It was also observed that the TLBO enhances the learning and prediction accuracy of the classical MLP (by
nearly 7.7% and 9.2%, respectively), while the CFOA performed weaker than LM. Moreover, a comparison between the
efficiency of the used metaheuristic optimizers showed that the TLBO is a more time-effective technique for predicting the PE.
Hence, it can serve as a promising approach for indirect PE analysis.
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1. Introduction

Pan evaporation (PE) is defined as an evaporative water
loss from a standardized pan (Faiz et al. 2018). The PE
plays a significant role in environmental management like
water budgeting appraising (Malik et a/. 2020) and
approximating reference crop evapotranspiration (Malik et
al. 2018). It is also an indication of the atmosphere
evaporative demand (Djaman et al. 2017) and a reliable
index for reference evapotranspiration analysis
(Muhammad et al. 2019). So far, this parameter has been
analyzed using various linear and non-linear techniques
(Liu et al. 2004, Xu et al. 2006, Almedeij 2012). Shimi et
al. (2020), for example, investigated various regressive
tools for monthly and annual PE forecast. But the feasibility
of machine learning approaches encouraged the authors to
use the processors like artificial neural networks (ANN)
(Kisi2009), adaptive neuro-fuzzy inference system (ANFIS)
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(Sanikhani et al. 2012), genetic programming (GP) (Guven
and Kisi 2013), and support vector machine (SVM) (Lin et
al. 2013) for indirectly analyze the PE, as well as other
critical engineering domains (Hakim and Razak 2014, Ye et
al. 2020).

Guven and Kisi (2011) applied linear GP (LGP), and
compared its efficiency with several machine learning tools
such as the MLP, GRNN, and RBF and found that the LGP
can be successfully employed for modeling the PE. Goyal et
al. (2014) investigated the feasibility of various intelligent
and empirical models for the same purpose in Karso
watershed, India. Their findings, first, revealed the higher
potential of intelligent models, and second, the showed the
superiority of least squares support vector regression (LS-
SVR) and fuzzy logic. In this relation, The largest
correlation for the fuzzy logic, LS-SVR, ANN1, and ANN2
was 0.82, 0.80, 0.72, and 0.75, respectively. Lu et al. (2018)
employed various tree-based models including M5 model
tree (M5Tree), gradient boosting decision tree (GBDT), and
random forest (RF) for the same purpose in China. Their
results showed that the GBDT, not only outperformed the
empirical approaches but also was the superior model over
the RF and M5Tree. Allawi and El-Shafie (2016) tested
different ANFISs and RBFs for predicting the evaporation
rate in southeast Malaysia. With reference to mean absolute
error (MAE) of 0.0032 and the correlation of 0.963, the
RBF presented the best performance. Mohammadrezapour
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et al. (2019) compared the accuracy of SVM, ANFIS, and
gene expression programming (GEP) for estimating the
potential evapotranspiration in Sistan and Baluchestan
stations, Iran. In all cases, the SVM was the best-fitted
model, followed by the GEP and ANFIS. In a similar effort,
the applicability of MLP, co-active ANFIS (CANFIS), RBF,
and self-organizing map ANN were compared for the PE
analysis in central Himalayas. The also considered
Griffith’s and Stephens-Stewart empirical models. Their
findings revealed the better performance of the CANFIS
and MLPNN (root mean square errors, RMSEs of 0.627
and 0.214, respectively). Another study for gratifying usage
of the CANFIS was carried out by Salih ef al. (2019).

Synthesizing different models has been extensively
examined for creating innovative approaches. Keshtegar
and Kisi (2017) presented a hybrid of response surface
method (RSM) by synthesizing the exponential and
polynomial mathematical functions to simulate the PE in
Turkey stations. The compared the proposed model with
several data mining tools including ANFIS, second-order
response surface function, and M5Tree. It was shown that
the RSM and M5Tree provide generally the best and
poorest estimations, respectively. Qasem et al. (2019) could
improve the accuracy of the SVR using wavelet transforms
for predicting PE in Turkey. Keshtegar ef al. (2016) used a
conjugate gradient optimization to adjust nonlinear
mathematical functions applied to the PE prediction
problem in Iran. Based on the RMSEs of 1.94 vs. 2.41 and
2.19, the proposed model outperformed the ANFIS and
MS5Tree.

Concerning the use of metaheuristic algorithms, many
scholars have used these strategies for optimizing predictive
models in domains (Nehdi and Greenough 2007, Mehrabi

et al. 2020, Asadi Nalivan et al. 2022). For environmental
subjects, wind speed (Kerem and Saygin 2019), river
bedload (Roushangar and Shahnazi 2019), dissolved
oxygen concentration (Yaseen et al. 2018), flood
susceptibility (Termeh et al. 2018), river flow (Yaseen et al.
2020) are examples of parameters that have been modeled
by these techniques. Zeinolabedini Rezaabad et al. (2020)
hybridized the ANFIS by several metaheuristic algorithms,
namely imperialist competitive algorithm (ICA),
biogeography-based  optimization (BBO), teaching-
learning—based optimization (TLBO), and invasive weed
optimization (IWO) for evapotranspiration modeling. They
showed that the ICA-ANFIS (RMSE = 0.5 and R =0.99) is
more accurate than other tested models. Likewise, Kisi et
al. (2017) improved the quality of the ANFIS results using a
dynamic evolving strategy. Moazenzadeh ef al. (2018) used
a combination of SVR with firefly algorithm (FA) for
simulating the evaporation in Iran. It was observed that the
prediction error of the FA-SVR was in a shorter range
([1.02, 1.31] vs. [1.05, 1.43]). In a similar optimization task,
Guan et al. (2020) hybridized the SVR using krill herd
algorithm. They successfully predicted the PE. A
comparative study by Tikhamarine et al. (2019) evaluated
the competency of five metaheuristic algorithms, namely
grey wolf optimizer (GWO), multi-verse optimizer (MVO),
particle swarm optimizer (PSO), whale optimization
algorithm (WOA) and ant lion optimizer (ALO), coupled
with the ANN for reference evapotranspiration prediction in
India and Algeria. They professed the higher robustness of
the GWO, due to its higher accuracy in both stations. More
application of these algorithms can be found in studies like
(Ali Ghorbani et al. 2018, Feng et al. 2018).
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Fig. 1 Location of the Fresno station
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Fig. 2 Time-series of the PE and effective factors

In more recent works by Moayedi et al. (2021) and
Zhang et al. (2022), several algorithms including shuffled
complex evolution (SCE), vortex search algorithms (VSA),
sunflower optimization (SFO), electromagnetic field
optimization (EFO), and stochastic fractal search (SFS)
were comparatively and successfully tested on ANN for
predicting PE. Following these innovative efforts, this work
evaluates the feasibility of two novel strategies, namely
cuttlefish optimization algorithm (CFOA) and teaching-
learning-based optimization (TLBO) for training the ANN
applied to predicting the PE from various climatic
parameters. With reference to the earlier literature, the
reason for utilizing such algorithms lies in their potential for
overcoming computational knots like local minima trap
(Moayedi et al. 2019, 2020). The results are compared with
a typically trained neural network to assess the effects of the
proposed approaches.

2. Methodology and study area

In this work, the PE is predicted by taking the effect of
several climatic parameters into account. These parameters

are air temperature (Ta), wind speed (Sw), solar radiation
(Rs), pressure (P), and the percentage of humidity (Hp)
which play the role of inputs during the development of
intelligent models. In this relation, the PE is the target
parameter.

The data are collected in a weather station, namely
Fresno with the WBAN number of 93193. Fig. 1 shows the
location of this station in California (Longitude: 119° 43' W
and Latitude: 36° 47' N). The Santa Maria station is
operated by the US environmental protection agency and its
records are downloaded from the corresponding website
(http://www.epa.gov).

Considering the available for the last five-year, the
records from January 01, 1986 to December 31, 1989 are
used by models to learn the non-linear pattern of the PE.
Once the models are trained, they predict the PE for the
inputs of the subsequent year, i.e., January 01, 1990 to
December 31, 1990. Comparing the predicted PEs with the
actual values recorded for this period will reflect the
reliability of the developed models in confronting new
climatic conditions.

Fig. 2 presents the variations of the Ta, Sw, Rs, P, Hp,
and PE over 1986-1990. As expected, Ta, Rs, and PE follow
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Table 1 Descriptive statistics of the PE and input factors in both periods

Indicator
Phase Parameter
Average  Skewness Sample variance Standard deviation Minimum  Maximum
Ta (°C) 17.9 -0.1 62.9 7.9 0.2 33.1
Sw (mi/h) 6.5 0.6 6.8 2.6 0.6 17.6
Rs (Langley) 453.7 -0.2 42459.3 206.1 35.1 769.5
Training
P (Kpa) 100.5 0.4 0.3 0.5 98.4 102.3
Hpr (%) 51.9 0.6 335.1 18.3 21.0 100.0
PE (mm) 6.2 0.3 18.4 43 0.0 15.9
Ta (°C) 17.5 -0.1 72.7 8.5 -3.0 349
Sw (mi/h) 6.6 0.5 8.2 2.9 1.3 16.2
Rs (Langley) 468.1 -0.1 41152.2 202.9 66.0 788.6
Testing
P (Kpa) 100.5 0.7 0.2 0.5 99.5 101.8
Hpr (%) 49.0 0.7 269.6 16.4 23.0 99.0
PE (mm) 6.4 0.3 19.6 4.4 0.0 16.1
a distinct pattern in this period. The average value of the PE Hidden Layer Output Layer

for 1986, 1987, 1988, 1989, and 1990 is 6.2, 6.1, 6.1, 6.3,
and 6.4 mm. Moreover, the maximum evaporation occurred
is 16.1 mm on June 27. The statistical description of all
parameters for the training and testing periods is presented
in Table 1.

2.1 Methodology

The MLPNN: The MLPNN (Hornik et al. 1989, Pinkus
1999) is a highly popular neural network that can deeply
explore non-linear relationships. Similar to a biological
neural system, several neurons, that are thoroughly
connected by weights, form an ANN (Anderson and
McNeill 1992). Based on the layer that they lie in, each
group of neurons is labeled as one of input, hidden, output.
The weights are tantamount to the synapses that (for a
three-layered MLPNN) make connections between the input
neurons with the hidden neurons, as well as between the
hidden neurons with output neurons. Along with a number
of bias factors, the weights affect the input vector in each
neuron. Another important component of a neuron is the
activation function which activates the final calculations
prior to being released. Note that, this function could be
either linear (e.g., Purelin) or non-linear (e.g., Tansig) for
each layer (Nguyen ef al. 2019, Mehrabi 2021).

Fig. 3 shows the MLPNN used for predicting the PE in
the present work. Based on the five input parameters (i.e., T,
WS, SR, P, and H) and one output parameter, this network
has five neurons in the first layer, and one neuron in the
latest layer. The number of hidden neurons was designated
to be four after a trial and error process.

Generally, an MLPNN is trained through adjusting the
biases and weights to establish a reasonable input-output
mathematical relationship (Mehrabi and Moayedi 2021). In
the Matlab environment, various training algorithms can
handle this task.

The CFOA: Based on the camouflage behavior of the
cuttlefish, Eesa et al. (2013) developed the CFOA

Output

Fig. 3 The MLPNN used for simulating the PE

algorithm. This technique has provided a capable optimizer
for diverse complex issues (Giernacki et al. 2017, Eesa and
Orman 2020). The actions in three cell layers of a cuttlefish,
namely chromatophores, iridophores, and leucophores are
considered for this process. Reflection and visibility are two
major procedures that do the homochromy. The first
procedure shows how the cuttlefish reflects an incoming
light and the second one how the cuttlefish matches the
color of its skin with the environment. Hence, the algorithm
secks the best hiding state.

As equation 1 expresses, in the first step of the CFOA, a
population (P) is initialized with d chromatophore cells
each of which containing N points.

P = (S)isica = (CellY)1cicq = (point; ;) <isq1<j<ny (1)

Next, new solutions are created from the existing ones.
The population is classified in four classes where the global
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and local search tasks are cooperatively handled by the
classes 2 and 3, and 1 and 4, respectively. the individuals of
class 1 simulate the chromatophore-iridophore interaction to
reflect the light with respect to the surrounding light colors.
Equations 2 and 3 are used to address the new solution
points.

Reflection; = R X point;; 2)
Visibility; = V x (pointp; — point; ;) 3)

Also, Spew 18 defined as follows
Snew = Visibility + Reflection @)

The terms R and V, which represent the degree of
reflection and visibility, respectively, are calculated as
follows

R=rand X (rp — 1) + 1, (5)
V=rand X (v; —v,) + v, (6)

where rand is a random number in [0, 1], r; and 1, as well
as v; and v,, are the limits for the mentioned parameters.
Notably, R should be computed for this class, while V
equals 1.

In the second class, the individuals mark the iridophore
cells to simulate the reflection of the outside light. The
reflection can be taken by the chromatophore cells or
released to outside. In this class, Eq. (3) is used to calculate
the visibility, while the reflection is obtained from Eq. (7).

reflection; = R X bestp; (7

In the third class, without any change in the color, the
leucophore characteristic reflecting light taken from the
chromatophore cells is used. The reflection of the newly-
generated solutions is calculated by Equation 7. The
visibility is obtained as follows

visibility; = V X (bestp; — AVpest) ®)

the learning community (i.e., the students).

In the teacher phase, the most outstanding learner is
deemed as the teacher. The i student in the #" iteration is
updated based on the below equation

XiH—1 = Xit + Ti(Xtteacher - TifXave) (9)

where X} represents the current solution, 7; gives a random
value in [0, 1], Xf.qcner Stands for the most outstanding
solution (i.e., the teacher), and X, is the average result of
the students. Also, Tif is the teaching factor that obtained as
follows

Tl.f = round[1 + rand(0,1){2 — 1}] (10)

The second phase is dedicated to the interaction between
the students. They aim to enhance their knowledge through
this scientific interaction. Mathematically, assuming the
students X; and X (k #), it can be written

Xit+1 — Xlt + Ti(th+1 _ X]1é+1) (11)
if f(X,€+1) > f(th+1)

XP = XE (Xt — X b
it FX) > FOET) 12
Once the new solution is of higher quality (compared to

the present solution), it replaces the present solution (Sayari
et al. 2020).

3. Results and discussion
3.1 Accuracy indicators

Different statistical accuracy indices are used to assess
the quality of prediction and comparing the performance of
the models. The goodness of fit of the results is reflected by
Pearson correlation coefficient (PCC) as expressed in Eq.
(13). Needless to say, the larger the obtained PCC is, the
higher the agreement of the results is

f=1(PEiforecast - ﬁfcrecast)(PEireality - ﬁreality)

PCC =

JZf:l(PEifo‘recast - ﬁforecast)z \/Zf=1(PEiTeamy - ﬁreality)z

where AV is average of the Speq. In the case of this class,
V is calculated whereas R equals 1.

Lastly, in the fourth class, the reflection case of the
outside light is simulated. The CFOA checks the suitability
of the found solution. If the fitness of the Spes: is higher than
the present solution, the are exchanged, otherwise, the
explained procedure continues until meeting a stopping
criterion (Riffi and Bouzidi 2015).

The TLBO: Mimicking the common teaching-learning
process in schools, the TLBO was designed by Rao et al.
(2011) in 2011. This algorithm has successfully served in
various engineering domains (Zhang et al. 2020, Zhou et al.
2020). Consisting of two phases of teacher and learner, a
teacher tries to establish the largest possible harmony over

(13)

Moreover, the error of prediction is measured by two
criteria, namely mean absolute error (MAE) and root mean
square error (RMSE) as expressed in Egs. (14) and (15).

N
1
MAE = EZ |PEireality - PEiforecastl (14)
i=1

2

N
1
§Z [(PEireality - PEiforecast)] (15)

i=1

RMSE =

In the above formulations, applied to S samples,
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Table 2 The results of trying various training algorithms

RMSE
Algorithm Description
Train Test
Trainbfg BFGS Quasi-Newton 0.2098 0.2319
Traincgb Conjugate Gradient with Powell/Beale Restarts 0.2382 0.2800
Traincgf Fletcher-Powell Conjugate Gradient 0.2159 0.2291
Traincgp Polak-Ribiére Conjugate Gradient 0.2854 0.3418
Traingdx Variable Learning Rate Backpropagation 0.3845 0.4225
Trainoss One Step Secant 0.2918 0.3343
Trainscg Scaled Conjugate Gradient 0.3631 0.3424
Trainrp Resilient Backpropagation 0.3560 0.4478
Trainlm Levenberg-Marquardt 0.1989 0.2134
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Fig. 4 The convergence proceeding of (a) MLP-CFOA; and (b) MLP-TLBO
PE; . and PE; stand for the observed and defined as the RMSE between the observed PEs and those
reality forecast

predicted PE, respectively. Based on the considered periods,
S equals 1461 and 365 in the training and testing phase,
respectively.

3.2 Classical training

First, to determine the best typical training algorithm for
the ANN, this network was trained by nine different
existing algorithms, namely trainbfg, traincgb, traincgf,
traincgp, traingdx, trainoss, trainscg, trainrp, and trainlm.
Notably, Matlab v. 2017b is used for the implementations in
this study. Table 2 gives the results of this process.

According to this table, with the RMSEs of 0.1989 and
0.2134 for the training and testing phase, respectively,
trainlm (i.e., Levenberg- Marquardt (Moré 1978)) performs
the best among the tested algorithms. The neural network
adjusted by this algorithm is used and referred to as the
typical MLP (TMLP) for further evaluations.

3.3 Metaheuristic-based training

Applying the CFOA and TLBO to the MLP is the
purpose of this section. Two hybrids of MLP-CFOA and
MLP-TLBO are implemented to investigate the capability
of metaheuristic techniques versus typical training
algorithms. In this process, the CFOA and TLBO pursue the
optimal minimization of the problem function which is

predicted by the MLP neural network. Note that, the data
belonging to the training period are used in this stage.

As a well-established step in utilizing population-based
algorithms, a trial and error practice is executed for
designating a suitable population size (Np, e.g., the number
of students in the TLBO). Nine values including 10, 25, 50,
75, 100, 200, 300, 400, and 500 are tested as the Nps of the
MLP-CFOA and MLP-TLBO. Fig. 4 shows the resultant
convergence curves. As is seen, this parameter has a distinct
effect on the optimization process. For example, the
performance of the Np = 25 is considerably weaker than
others. The Nps of 500 and 75 are finally chosen for the
MLP-CFOA and MLP-TLBO, due to the lowest RMSEs
obtained for them.

3.4 Training efficiency and formulation

The RMSEs of the MLP-CFOA and MLP-TLBO were
0.3081 and 0.1832, respectively. This accuracy indicator
along with the MAEs of 0.2239 and 0.1399 indicates a very
good level of accuracy for both models. It means that the
ANN trained by both metaheuristic algorithms has acquired
a correct perception from the PE behavior. As for the
TMLP, the LM could train it with the RMSE and MAE of
0.1989 and 0.1516, respectively. It similarly shows the high
capability of this algorithm for analyzing the behavior of
the PE from Ta, Sw, Rs, P, and Hp.
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Fig. 5 shows the training results. The pattern
comparison shows that the changes in the PE have been
correctly predicted over all four years. Moreover, the
presented histogram charts show a desirable frequency of
errors. At a glance, the frequency of the errors reduces with
the increase of the magnitudes.

A simple comparison between these three MLPs
demonstrates that one of the metaheuristic-trained networks
captures a more profound understanding than the TMLP.
More clearly, the TLBO-adjusted weights and biases are the
most reliable ones for setting the MLP up. After that, the
LM outperformed the CFOA.

Eq. (16) gives the relationship suggested by the TLBO
for predicting the PE.

PEr,po = 0.515480 X g(Ryiq, )|
+0.486265 X g(Ryia,)
—0.215546 X g(Ryia,) (16)
+0.310956 X g(Ruyia, )
—0.657627 X g(Rpia,) + 0.412092
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where g(x) = “_ez——u — 1 is the activation function. Also,
Ryia,» Ruiay Ruiay and Ry;q, contribute  to  the inputs
through the following equations:

Ryia, = 0.834459 x T, — 1.067082 X Sy,
—0.907805 X Rg — 0.949503 x P (17)
+0.412931 X Hp — 1931622

Ry, = 0.967031 X T, — 0.527909 X Sy,
—1.121571 x Rg — 0.186468 x P (18)
~1.106545 x Hp — 0.965811

Ryia, = —0.897107 X T, — 0.112751 X Sy
+1.099499 X Rg + 0.999855 X P (19)
+0.839666 X Hp + 0.000000

Ryia, = 0.987260 X Ty + 1.092657 X Sy,
—0.034927 X Rg + 0.697875 X P (20)
+1.036500 X Hp — 0.965811

p=0.010644, o = 0.19868
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Fig. 5 Real and captured PE patterns and histogram of the errors for the training samples of (a) and (b) TMLP;
(c) and (d) MLP-CFOA; and (e) and (f) MLP-TLBO (p = Mean error and ¢ = Standard error)
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Ryias = 0.339569 X T, + 1.192675 X Syy
+0.770372 X Rg + 1.178831 x P
+0.458546 x Hp + 1.931622

21

3.5 Predicting the PE

In this section, the accuracy of the proposed models
(i.e., the TMLP, MLP-CFOA, and MLP-TLBO) is evaluated
for predicting the PE over the year 1990. With this in mind
that the models have not previously come across these data,
the accuracy of their prediction addresses their ability for
reproducing the PE pattern.

Fig. 6 gives a comparison between the observed and
predicted PEs in the testing phase. Similar to the training
phase, the models have been highly sensitive to the changes
in both large and small scales. The highest PE value is 16.1
that is predicted to be 15.5926, 15.1157, and 15.5462 by the
TMLP, MLP-CFOA, and MLP-TLBO, respectively. As for
the lowest value, the PE of 0.0 is predicted to be 0.2070,
0.1254, and 0.0757.

Referring to the RMSEs of 0.2134, 0.3194, and 0.2029,
plus the MAEs of 0.1623, 0.2332, and 0.1473, a reliable
prediction has been carried out by all three models.
Moreover, the values of mean absolute percentage error
were below 7% (i.e., 5.2580, 6.6022, and 5.5532%) which

Rana Muhammad Adnan Ikram, Imran Khan, Hossein Moayedi, Loke Kok Foong and Binh Nguyen Le

reflect a low relative error. Therefore, it can be deduced that
LM, CFOA, and TLBO have properly tuned the
computational parameters so that they can be reliably used
for unseen climatic situations.

The third accuracy indicator is the PCC that measured
the goodness of fit for both training and testing results. The
regression charts are shown in Fig. 7. Each figure contains
the training and testing results of one model. As is seen, in
all cases, the models are very close to the ideal prediction
(i.e., the line with the equation x = y). The PCCs were
0.99896, 0.99745, and 0.99909 for the training results, and
0.99892, 0.99740, and 0.99895 for the testing results.

3.6 Comparison and further discussion

In the former section, it was derived that the TLBO
gives the best training of the MLP, followed by the LM and
CFOA. The same ranks were obtained for the testing phase,
due to the higher reliability of the MLP-TLBO compared to
both TMLP and MLP-CFOA. Accordingly, the use of
TLBO increased the learning capability of the MLP by
around 7.7% in terms of the MAE. Likewise, the TLBO-
based network could predict the PE with nearly 9.2% lower
error. Moreover, although the CFOA could develop a very
robust MLP, the results of the typical MLP were more
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Fig. 6 Comparison between the observed PEs and those predicted by (a) TMLP; (b) MLP-CFOA;
and (¢c) MLP-TLBO in the testing phase
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Another advantage of the TLBO was utilizing a
considerably simpler configuration compared to the CFOA
(i.e., the Nps of 75 vs. 500). Consequently, the optimization
of the MLP using the TLBO was faster than the other
optimizer (1491.4 vs. 4602.3 seconds). Referring to Fig. 4,
it is true that the accuracy of the CFOA algorithm has
increased with the increase of population size but it should
be considered that the sensitivity becomes less and less. In
other words, the rate of accuracy increment is much larger
for the initial population. Therefore, based on this
observation, as well as previous studies of the CFOA
algorithm, we deduced that population sizes greater than
500 would not add too much to the solution. Besides, since
optimization using these algorithms is a time-consuming
process, time should be considered as well. As is known,
higher population sizes require longer time. Hence, even if
heavier population sizes give a better response, it would not
be quite optimum from computational point of view.

The limitations of this research can be considered as
potential ideas for conducting future studies. For instance,
although the high generalizability was observed for the
suggested models, they were applied only to one station.
For further reliability assessment, cross-validations are
recommended using the similar records of other stations. It
exposes different meteorological and environmental
conditions for adapting the models. Moreover, the problem
space in this work was constructed from 5 inputs. It raises
the idea of feature selection for reducing the most eminent
inputs and discarding the negligible ones. Sometimes it can
result in a less complicated configuration, and consequently,
reducing the computational burden of the problem (e.g.,
reducing the optimization time).

4. Conclusions

Despite the excellent applicability of popular PE
evaluative models, they can be further enhanced by
assigning their training task to metaheuristic science. This
research evaluated the potential of cuttlefish optimization
algorithm and teaching-learning-based optimization for
training an MLP neural network. Comparing these
algorithms with a well-known trainer revealed that the

better understood by the TLBO-based model. It also
outperformed two other models in predicting this parameter
in terms of all accuracy indicators. Therefore, replacing the
LM with the TLBO is an effective way for enhancing the
accuracy of the MLP. However, the LM was superior over
the CFOA in both phases. Furthermore, compared to the
CFOA, the solution of the TLBO was discovered in a
shorter time and by a smaller number of agents. Therefore,
this algorithm could optimize the MLP in a less complicated
space. Last but not least, the authors would suggest
comprehensive comparative studies toward identifying
more powerful optimizers.
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