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This study aimed at establishing a powerful model, using multilayer perceptron (MLP) artificial neural 
networks, while optimizing database distribution, hidden layer quantity, and node number with the 
Levenberg–Marquardt learning algorithm, to predict relative humidity in Tangier city, Morocco. The study 
used a meteorological database with daily readings of 7 variables to predict the output of relative humidity, 
recorded between January 1985 and December 2022 (13 869 days). The efficacy of the developed models 
was evaluated by contrasting performance metrics, including coefficient of correlation and mean square 
error. The best MLP model for the prediction of relative humidity in Tangier has a [7-13-1] architecture, where 
the hidden layer uses the ‘Tansig’ function and the output layer uses the ‘Purelin’ function. The optimized 
model’s efficiency is demonstrated by performance metrics: R = 0.983 and MSE = 0.00295. This MLP model 
is more efficient than the models established by multiple linear regression, S-MLR and MLR (R ≈ 0.930;   
MSE ≈ 10.12). These results have practical applications for better understanding and adapting to climate 
variations in this region.
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INTRODUCTION

Meteorology is a complex scientific field, stemming from the range macroscopic and microscopic 
atmospheric phenomena. Relative humidity (RH) is a pivotal factor and plays a key role in our daily 
lives. The consequences of climate change are manifold, impacting human health (Arundel et al., 1986; 
Baldwin et al., 2023), environmental behaviour (Barreca, 2012), material degradation (Chamas et al., 
2020; Ho et al., 1999; Laouina, 2017), and energy consumption (Kheiri et al., 2023), particularly in 
coastal regions such as Tangier, Morocco, where land–sea interactions give rise to distinctive humidity 
patterns. The significance of relative humidity in governing a region’s meteorology necessitates highly 
precise modelling of this parameter to support sectors such as agriculture, energy management, and 
public health, and to offer significant insights into climate change (Gunawardhana et al., 2017).

The relationship between relative humidity (RH) and pollutant dynamics, as well as human comfort, 
is a complex and multifaceted phenomenon. Low RH has been demonstrated to alter the behaviour 
of airborne substances (Goad and Gawkrodger, 2016), facilitate the spread of influenza, and increase 
mortality (Barreca, 2012). Additionally, low RH has been shown to cause skin, eye, and mucous 
dryness (Onozuka and Hashizume, 2011). While elevated relative humidity (RH) has been shown 
to increase the risk of hand, foot and mouth disease and asthma in children (Yang et al., 2017), 
it has also been demonstrated to promote hepatitis A survival (Mbithi et al., 1991), prolong the 
viability of influenza and SARS-CoV-2 (Deng et al., 2022), and correlates with higher suicide rates 
among youth and women (Deisenhammer, 2003). Low relative humidity conditions have also been 
demonstrated to result in impaired nasal function in senior citizens (Sunwoo et al., 2006) and to 
increase illness susceptibility in children. Beyond the realm of health, RH fluctuations have been 
observed to accelerate material degradation and energy dissipation (He et al., 2021), impede plant 
transpiration and growth, yet alleviate iron deficiency in soybeans (Amin et al., 2021), and at levels 
above 70% to induce heat stress, reduced fertility, and disease in livestock (Gaughan et al., 2008). 
As indicated by the extant literature, moisture has been demonstrated to be a driving force behind 
a variety of processes, including, but not limited to, corrosion of metals and electronics (Rice et al.,  
1980), wood decay (Svensson and Toratti, 2002), polymer deterioration (Copinet et al., 2004), 
alterations to chemical reaction pathways (Yang and Holmén, 2007), diminished engine efficiency, 
and effects on evapotranspiration (Kim et al., 2021). In addition, the potential for nanoporous 
materials to offer renewable energy has been identified (Liu et al., 2024). These effects of relative 
humidity are especially pronounced in a humid environment like Tangier.

A plethora of approaches have been developed with the objective of predicting various meteorological 
factors (Singh et al., 2019). In numerous instances, multi-layer perceptron (MLP) neural networks 
have demonstrated a consistent superiority over other artificial neural network (ANNs) and 
traditional methods, such as multiple linear regression (MLR), in numerical simulations (Kişi, 2007; 
Motahari Nezhad, 2022). These networks of MLP have gained widespread application in the field 
of relative humidity prediction (Białobrzewski, 2008). It has been demonstrated in previous studies 
that the MLP model exhibits superior performance in the prediction of meteorological parameters. 
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For instance, Ben El Houari et al. (2016) found that the optimized 
MLP model outperformed radial basis function (RBF) and 
MLR models in predicting air temperature in Morocco. The 
MLP model’s effectiveness in predicting relative humidity in 
Chefchaouen (El Badaoui et al., 2017), from the same region in 
Morocco as Tangier, supported its use in our study for Tangier. The 
Levenberg–Marquardt algorithm is renowned for its effectiveness 
in training ANN models, owing to its proven ability in forecasting 
and predictive modelling (Abdullah et al., 2016; Alomari et al., 
2018; Awan et al., 2018; Samsuri et al., 2016). When applied to 
parameter modelling in a Mediterranean context analogous to 
our Tangier study, the Levenberg–Marquardt algorithm estimated 
global solar radiation in the eastern Mediterranean with a 
noteworthy regression coefficient of 0.99 (Çelik et al., 2016). 
Recent other studies have also confirmed the robustness of ANN 
models, especially MLP and long short-term memory (LSTM) 
models, in predicting relative humidity across diverse regions 
and climates (Abdelsattar et al., 2025; Zarin and Mayorga, 2021). 
However, the application of these models to the humid western 
Mediterranean environment of Tangier, the focus of this study, 
has not yet been conducted. The objective of our study was to 
address this research gap.

The objective of this study was to develop an efficient MLP ANN 
model for predicting relative humidity levels in Tangier. The model 
utilizes explanatory variables such as temperature, shortwave 
radiation, direct shortwave radiation, total precipitation, 
evapotranspiration, vapour pressure deficit, and wind speed. 
The process entails the optimization of the MLP configuration 
through the judicious selection of the data distribution, number of 
hidden layers, number of neurons, and regularization parameter, 
with consideration for the relationship between independent 
and dependent variables. The performance of the model is 
evaluated by means of statistical regression indicators, such as 
the correlation coefficient (R) and the mean square error (MSE).  

This provides a comprehensive overview of the most effective way 
to parameterize the optimal size in an MLP model for the purpose 
of making accurate predictions. Tangier’s western Mediterranean 
locale (B, 1940) underscores the novelty and significance of this 
inaugural mathematical meteorological modelling study. To the 
best of our knowledge, no study has hitherto focused on RH 
prediction in a western Mediterranean climate like Tangier’s, thus 
creating a significant gap in the existing research.

METHODOLOGY

Study area

The city of Tangier (35°47’ N. 5°49’ W) has a coastal location, 
known for its very high levels of relative humidity and its industrial 
and economic impacts on Morocco in general and in particular its 
northern region. The city covers an area of 11 570 km², 1.6% of the 
total area of the Kingdom of Morocco (Bourouhou et al., 2018).

Tangier is bordered by the Mediterranean Sea to the north, 
the Atlantic Ocean to the west (Fig. 1), the Taza-Al Hoceima-
Taounate region to the east, and the Gharb-Chrarda-Beni Hssen 
region to the south (Laghzal et al., 2016). The city’s climate is 
influenced by the air masses originating from these two bodies of 
water, resulting in a unique geographical location. Meteorological 
phenomena, such as sea breezes and temperature inversions, have 
been observed to exert a substantial influence on relative humidity 
in this region (Eick et al., 2023; Emmanuel and Johansson, 2006).

Characterizing the database

The database studied contains the values of 8 meteorological 
parameters recorded every hour between 1 January 1985 and 21 
December 2022, i.e., 332 856 x 8 values. For the present study, we 
transformed these data to obtain daily values, by averaging the 
values of each parameter for each day. For precipitation, however, 

Figure 1. Geographical location of Tangier
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we have calculated the accumulated hourly values over the day. As 
a result, we produced a global database of 13 869 records, each with 
8 columns representing the different meteorological parameters. 
The meteorological parameters, their units and designations used 
in this study are listed in Table 1.

Table 2 shows the statistical indicators for 8 daily variables. The 
standard deviations show a more pronounced dispersion for 
the parameters of RH, T, PT, VP and WS, indicating a greater 
variability in these values. On the other hand, the rest of 
parameters are relatively stable. Simply put, the more dispersed 
parameters are more volatile than the others and can experience 
more significant fluctuations over time.

Figure 2 shows the average annual RH during the study period. 
According to this graph, the maximum annual value of RH 

reached 82.9% in 2004, while the minimum annual value 
recorded was 75.1% in 1994. These annual variations, with higher 
values in 2004 and relatively lower values in 1994, illustrate the 
fluctuation in RH over time. The yearly profiles indicate that the 
data’s variability is non-stationary. This non-stationarity makes it 
challenging to accurately capture and express the data’s variability.

Figure 3 is a plot of the variation in monthly RH percentages over 
the study period, averaged for each month over 38 years. The 
maximum monthly value of RH reaches 83.3% (December), while 
the minimum monthly value is 67.7% (July); hence the monthly 
RH decreases from January (83.1%) until July, after which the RH 
starts to increase to reach the maximum value in December. The 
data show a general trend of monthly RH being higher in winter, 
early spring, and late autumn than in summer, early autumn, 
and late spring. These observations are consistent with the 
Mediterranean climate of the region, where RH is generally high 
due to the influence of air masses from the Mediterranean Sea.

Database preprocessing

It is imperative to normalize the database compositions, inputs, 
and targets in order to effectively train an artificial neural network 
to optimize its dispersion (Cabello-Solorzano et al., 2023), using 
the following formula:

Xn
X X

X X
2 1( )min
max min                                 (1)

For a given variable: X = observed value; Xn = normalized value; 
Xmax = maximum value; Xmin = minimum value.

Table 1. Meteorological variables, their units and definitions

Variable Unit Definition

T °C Temperature at 2 m elevation

SR MJ/m² Shortwave radiation

DR MJ/m² Direct shortwave radiation

PT mm Total precipitation

ET mm Evapotranspiration

VP hPa Vapour pressure deficit

WS m/s Wind speed

RH % Humidity at 2 m elevation

Table 2. Statistical indicators of daily meteorological parameters

Variable Variable type Minimum Maximum Average Standard deviation

T Independent variables 0.90 32.00 17.82 4.92

SR 0.03 1.29 0.74 0.34

DR 0.00 0.84 0.46 0.25

PT 0.00 100.30 1.20 4.40

ET 0.00 0.24 0.08 0.04

VP 0.48 36.70 5.87 4.03

WS 0.40 20.40 5.64 2.86

RH Dependent variable 29.50 96.40 77.22 8.65

Figure 2. Variation of the annual percentage of relative humidity for the city of Tangier
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Statistical analysis

Statistical indicators

The performance of the models is determined by calculating and 
comparing the metrics of correlation coefficient (R) and mean 
squared error (MSE).

Correlation is defined as the term used to describe a relationship 
between phenomena or mathematical variables that tend to vary, 
are related to, or occur together in a way that cannot be predicted 
by chance (Akoglu, 2018). The equation used to calculate the 
Pearson correlation coefficient (Asuero et al., 2006) in this study 
was as follows:
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where: YO = average of the observed values; YP = average of the 
predicted values; YPj and YOj = predicted and observed values on 
observation j, respectively; N = number of observations.

MSE is commonly used as a performance indicator for 
constructing ANNs. The average squared difference between 
actual and estimated values is what this indicator is defined as. 
In this work, we aim to minimize the MSE by modelling the 
most efficient architecture (MSE ~ 0). The mathematical formula 
consists of (Ben El Houari et al., 2015):

MSE 1 2
1N
Y YPj Ojj

N ( )                              (3)

Multiple linear regression

Multiple linear regression (MLR) is a flexible system designed to 
examine the relation between a group of independent variables 
(or predictors) and a single dependent variable (or criterion) 
(Aiken et al., 2003).

MLR was expressed by the following equation:

Y a a X a X a X a X� � � � ��� �0 1 1 2 2 3 3 n n �                  (4)

where: Y = dependent variable; Xi = independent variables (i =1, 
2, …, n); ai = regression coefficients (i = 1, 2, …, n); ao = regression 
constant; ε = error; n = number of independent variables.

Stepwise multiple linear regression

Stepwise multiple linear regression (S-MLR) is an extremely 
valuable calculation technique for data analysis problems (Breaux, 
1967). This approach allows for iterative selection of variables 
that contribute the most to the prediction of the result, with no 
inclusion of redundant or insignificant variables. Getting an 
accurate and effective prediction requires determining the optimal 
number of variables to include in the model. This iterative method 
is particularly suitable for cases where there are a large number 
of independent variables, simplifying the MLR model while 
maintaining its predictive performance.

Artificial neural networks (ANN)

ANN is an attempt to assimilate the functioning of the biological 
brain. The computing system of ANNs is massively parallel, 
composed of a large number of simple processors with many 
interconnections (Asadollahfardi, 2015). The high accuracy of 
neural networks in predicting numerical data of various physical 
parameters is well known (Abdallaoui and Badaoui, 2015, 2011; 
Ajina et al., 2023; Al-Shawwa et al., 2018; Chaal and Aboutafail, 
2021; Elazhari et al., 2017; Sharma and Sahoo, 2022).

Therefore, network predictions are also a probability distribution 
(Hamid, 2009; Lourakis, 2005). Numerous units and processes 
contribute to the performance of the ANN architecture. These 
components include the number of hidden layers, the number 
of neurons per layer, the input layer, and the output layer. The 
relationship between units necessitates mathematical procedures 
involving algorithms and transfer functions. The signal comes 
from a node called the synaptic weight (weight Wi). Bias enhances 
the input sharpness of the activation function. Mathematically, we 
can describe a neuron k by the equation (Hyakin, 1994):

Y f W Xk
k

n

k k k[ ]
1

                                  (5)

where Wk = synaptic weight; Xk = input variable (k = 1, 2, …, n); 
𝜃k = neuron bias; f = transfer function; Yk = output variable.

Multilayer perceptron

The multilayer perceptron (MLP) is a derivation of the perceptron 
model created by Rosenblatt in the 1950s (Rosenblatt, 1958).  

Figure 3. Variation of monthly relative humidity percentages for the city of Tangier
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The fully connected MLP structure is of the «Feed-Forward» type 
with 3 layers, including the input layer, the output layer, and the 
hidden layers. It uses the learning algorithm of backpropagation 
(Asadollahfardi, 2015). The architecture in MLP networks holds 
significance, as a lack of connectivity can render the network 
incapable of solving the problem and insufficiently adjusting the 
parameters, while an excess of connections can lead to overfitting 
of training data (Lins and Ludermir, 2005). The simplicity of the 
non-linear relationship between the independent variables and the 
dependent variable can also lead to underfitting of the data. Figure 4 
shows the architecture of the MLP model with a single hidden layer.

Regularization L2 

Regularization is an essential technique to improve the ability 
to generalize machine learning models. It is frequently used to 
manage the complexity of advanced models. Such models demand 
marked regularization to prevent overfitting. In contrast, simpler 
models may need less.

One of the most prevalent forms of regularization is L2 
regularization, which usually yields superior outcomes (Gupta et 
al., 2018; Phaisangittisagul, 2016). To apply this method, we include 
the summation of the square of all parameters (weight and bias) to 
the cost/loss function. By minimizing the total cost function using 
an optimizer, each weight Wi undergoes modification through a 
½ λWi

2 regularization term, where λ represents the regularization 
parameter. This term of L2 regularization enables the reduction of 
each weight to zero, thereby controlling the model’s complexity 
and preventing overfitting and underfitting to the training data.

The mathematical expression for the L2 regularization term:

�
2

2
1
Wii

m

��                                            (6)

Then, in order to calculate the regularized mean squared error 
values, it is imperative to include the regularization term for every 
cost/loss function value of the MSE. This can be achieved by using 
the following formula:

MSE MSEregularized no-regularized� �
���2

2
1
Wii

m
              (7)

RESULTS AND DISCUSSION

Multiple linear regression

It is well known that multiple linear regression is a modelling 
technique that attempts to improve the relationship between 

inputs and outputs. This part of the study attempts to build a model 
to predict the dependent variable, relative humidity, from the 7 
predictors already mentioned, using multiple linear regression:

RH = 77.915 + 1.020 x T − 8.205.SR + 7.545 x DR + 
0.100 x PT − 9.202 x ET − 2.681 x VP + 0.015 x WS        

(8)

The performance obtained with this model of MLR is: MSE = 
10.120; R = 0.93001.

To optimize the number of independent variables, we can use 
the S-MLR method, which tries to minimize the number of 
explanatory variables, with a model performance more or less 
similar to that of MLR.

The equation for the best model provided by the calculations 
when applying S-MLR is:

RH = 78.015 + 1.020 x T − 8.157 x SR + 7.510 x 
DR + 0.101 x PT − 9.286 x ET − 2.684 x VP             

(9)

The performance obtained with this model of S-MLR is: MSE = 
10.121; R = 0.93000.

This last model from S-MLR keeps 6 explanatory parameters, 
with the exception of the parameter of wind speed, compared to 
the MLR, with both methods giving a very similar performance. 
The current data does not show a linear relationship between 
wind speed (WS) and RH.

Both of the MRL models above are less accurate for predicting 
RH, have relatively high MSEs, and have correlation coefficients 
with potential for improvement in order to increase the accuracy 
of prediction. For this reason, we looked for a more efficient 
neural model than these linear regression related models.

Development of the MLP model

The goal of building a learning model is not to train the model to 
produce an exact representation of the training data, but to build a 
model that is capable of understanding the process that generates 
the relationship between inputs and outputs. In addition, the 
learning model must have good generalization to accurately 
predict input data. The development of a perfect ANN model is 
challenged by the multiplicity of choices over multiple probable 
configurations, depending on many parameters, mathematical 
processes, and data management options (O’Leary, 1993).

In this work, we studied the effects of data distribution, number 
of hidden layers, number of nodes on each layer, and activation 
functions ‘Tansig’ and ‘Purelin’, on the performance of ANN 

Figure 4. Multilayer perceptron network architecture with a single layer
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models, while using the Levenberg–Marquardt (LM) learning 
algorithm. In each phase, we considered the default options 
proposed by the program (Matlab) with the option obtained by 
the calculation of the previous step, thus considering the average 
of 10 computational tests to ensure the quality and reliability of 
the results. We start with the default settings: number of similar 
neurons in each layer and function couples, ‘Tansig’ in the hidden 
layers and ‘Purelin’ in the output layer, with the Levenberg–
Marquardt backpropagation algorithm. Also, many applications 
have found a perfect performance for prediction of RH utilizing 
the LM algorithm with the configuration with the transfer 
function ‘Tansig’ in the hidden layer and ‘Purelin’ in the output 
layer (Elazhari et al., 2022; Ben El Houari et al., 2016).

Initially, we used 34 input parameters, but after analysing the 
data and to avoid overfitting, we reduced this number to 7 inputs. 
This simplifies the structure of the model while preserving its 
ability to capture important data patterns, thus promoting better 
generalization to new data. Thus, the computation is penalized by 
a regularization of type L2, in such a way that the regularization 
coefficient 𝜆 is adjusted to the value 𝜆 = 0.01, so that the 
computation time is minimal, the number of iterations is minimal 
(between 2 and 10), and that the performance of the models is 
optimal, avoiding overfitting and underfitting.

Step 1: Optimize database distribution

Distributing a given dataset is part of developing ANN models. 
It arbitrarily (randomly) divides the database into 3 parts: one 
for learning, one for validation, and one for testing. The first part 
is used to adjust the connection weights. The validation group is 
used to evaluate the performance of the model after successful 
training (Shahin et al., 2004). The test portion is used to check the 
performance of the network at different stages of learning, and 
training is stopped if the error in the test set increases.

We ran 5 different splits to select the best data distribution for 
optimal performance. The results (Table 3) show that a distribution 
of 80% for learning, 10% for validation, and 10% for testing gives 
the best results, with an MSE of 0.0076 and R of 0.9671. This allows 
the model to generalize well and is recommended to achieve 
optimal performance. However, it is important to consider the 
context and size of the data and explore different distributions to 
ensure model robustness and performance.

Step 2: Optimize the number of hidden layers

During this phase, we tested architectures consisting of 1 to 5 
hidden layers. The results in Table 4 show that a single hidden layer 

was satisfactory, avoiding excessive complexity and unnecessary 
connections. This approach provides good performance while 
maintaining the simplicity and interoperability of the model.

Step 3: Optimize the number of neurons in the hidden layer

This part aims to optimize the number of neurons in the hidden 
layer. Figure 5 shows the variation of the number of neurons from 
1 to 15 according to the average of 10 tests of the computations of 
the evaluators MSE and R. It shows that there is a general increase 
in performance as a function of increasing the number of neurons; 
however, the use of 13 neurons in the hidden layer achieves 
optimal efficiency compared to other numbers of neurons, with 
an accuracy of MSE = 0.00295 and R = 0.983.

The developed architecture proposed for predicting RH levels in 
Tangier city is shown in Fig. 6 and constitutes:

•	 The input layer related to predictive variables such as T, SR, 
DR, PT, ET, VP, and WS

•	 The hidden layer, which is made up of 13 neurons, each of 
which is activated by the ‘Tansig’ function, which plays a 
crucial role in the learning process

•	 The output layer, which is dedicated to the RH dependent 
variable and uses the ‘Purelin’ activation function to 
generate the final predictions

The 3-layer architecture was meticulously selected to optimally 
depict the intricate interrelationships between the input 
variables and the RH output variable. The employment of the 
‘Tansig’ function in the hidden layer facilitates the capture of 
nonlinear patterns, while the ‘Purelin’ function in the output 
layer guarantees an adequately linear response. The integration of 
these components within the model facilitates the attainment of 
precise and consistent outcomes in predicting the RH variable, 
contingent upon the presence of predictors.

The significance of this study lies in its contribution to meteorology, 
as evidenced by the development of a highly accurate predictive 
model for relative humidity. This model is a critical component in 
the field of meteorological observations and forecasting, as RH is 
a pivotal atmospheric variable. This work enhances the precision 
and reliability of humidity estimation based on multiple daily 
meteorological inputs by leveraging the multilayer perceptron 
(MLP) optimized with the Levenberg–Marquardt algorithm. This 
provides a robust computational tool that can support calibration 
processes, reduce observational uncertainty, and assist in the 
design of measurement systems in climates with high variability, 
such as Tangier. The high correlation coefficient (R = 0.983) and 

Table 3. Mean square error and correlation coefficient values for different database distributions

Percentage of database for learning Percentage of database for validation Percentage of database for test MSE R

50% 25% 25% 0.0088 0.9629

60% 20% 20% 0.0109 0.9452

70% 15% 15% 0.0095 0.9583

80% 10% 10% 0.0076 0.9671

90% 5% 5% 0.0097 0.9461

Table 4. Mean square error and correlation coefficient values as a function of the number of hidden layers

Number of hidden layers MSE R

1 layer 0.0076 0.9671

2 layers 0.0077 0.9668

3 layers 0.0098 0.9491

4 layers 0.0084 0.9617

5 layers 0.0099 0.9518
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low mean square error (MSE = 0.00295) indicate the model’s 
strong performance, positioning this overview as a potential 
reference for digital methods in atmospheric sciences.

CONCLUSION

The study was developed by examining the relative humidity 
values of the city of Tangier, as recorded over a span of 13 869 days, 
commencing on 1 January 1985, and concluding on 21 December 
2022. In order to execute this process, it is necessary to implement 
a multilayer perceptron architecture (MLP) in conjunction with 
the Levenberg–Marquardt algorithm and 2 transfer functions. The 
term ‘Tansig’ is employed for the hidden layer, while ‘Purelin’ is 
utilized for the output layer. This modelling was accompanied by a 
rigorous evaluation, in which model performance was compared 
with statistical indicators, such as correlation coefficients and 
mean squared error.

The findings indicated that the MLP model exhibited superior 
performance in comparison to multiple linear regression, thereby 
substantiating its capacity to establish more intricate nonlinear 
relationships between explanatory variables and the dependent 

variable, relative humidity. This flexibility in the modelling process 
enables the creation of more accurate and reliable predictions.

Through meticulous analysis of the optimal parameters, it was 
ascertained that the most efficient configuration consists of 7 
inputs in the input layer, a hidden layer with 13 nodes activated 
by the ‘Tansig’ function, and the linear function ‘Purelin’ in the 
output layer for the dependent variable. The implementation of 
the Levenberg–Marquardt algorithm proved instrumental in 
mitigating the overfitting of the model, enhancing the efficiency of 
the computations, and fortifying the model’s overall reliability. The 
employment of L2 regularization has been shown to play a critical 
role in the reduction of computation time and iterations, thereby 
enhancing the robustness of the model and preventing overfitting.

The MLP model developed has been shown to be a powerful tool 
for predicting the relative humidity in Tangier over an extended 
period. This study underscored the pivotal role of architectural 
design and the parameters selected during the modelling process, 
thereby facilitating the attainment of results that surpass those of 
multiple linear regression methods. These encouraging results 
suggest the potential for machine learning methods to be utilized 

Figure 5. Variation of the mean square error (MSE) and the correlation coefficient (R) as a function of the number of neurons

Figure 6. Architecture of the optimal MLP model developed for predicting relative humidity in the city of Tangier
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in the domain of meteorology, particularly in the context of 
climate data prediction and analysis.
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