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Abstract— In order to establish an empirical mathematical model to predict the monthly air temperature in the region of
Meknes in Morocco, three types of artificial neural networks (ANN): Multi layer perceptron (MLP), cascade feed forward
and Elman recurrent network were studied. The performances of the developed models with these types of ANN are
discussed and compared with those of the model developed by the multiple linear regressions. The database used contains
a monthly historical of meteorological parameters recorded in the region of Meknes between 1996 and 2013. These
parameters are atmospheric pressure, humidity, precipitation, visibility, wind speed, maximum wind speed and dew point
as input parameters and air temperature as an output parameter. The obtained results, based on the correlation
coefficients (R), the mean squared error (MSE) and the sums of squared errors (SSE) demonstrate that the air
temperature prediction is optimal and more efficient with the MLP model, Levenberg-Marquard algorithm with
architecture [7-4-1] and the Tansig function in the hidden layer and the Purelin function in the output layer.
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I. INTRODUCTION

Acrtificial neural networks are improved techniques of data processing able to model relationships between particularly
complex functions. Indeed, artificial neural networks (ANN) have been successfully used in various domains of science and
engineering because of its ability to model both linear and non-linear systems without the need to make assumptions as are
implicit in conventional statistical approaches. The ANN predictive technique has been used in weather events [1;2;3], stock
market [4], cloud classification and identification [5;6], Several authors have been developed ANN models for air
temperature prediction in many countries such as Dombayc et al. [7] in Denizli (Turkey), Almonacid et al. [8] in several
regions in Spain and Tasaddug et al. [9] in Jeddah in Saudi Arabia. . Also, Behrang et al. [10] developed the multilayer
Perceptron (MLP) and radial basis function (RBF) neural networks to predict the daily sunlight in Dezful in Iran. These
authors considered different weather variables, including average air temperature, relative humidity, sunshine hours,
evaporation, and values of the wind speed between 2002 and 2006. The objective of this study is to establish an artificial
neural network model to predict efficiently the monthly air temperature in the region of Meknes, Morocco. In this context,
three ANN models were developed including two static types (Multilayer Perceptron (MLP), cascading network (cascading
feed forward)) and the third is the recurrent EIman network. Their performances were compared to those of the multiple
linear regressions.

1. MATERIAL AND METHODS
A. Normalization of the database

In general, the database must be pretreated so that its values can be adapted to the inputs and outputs of the network. A
common pre-processing comprises an appropriate normalization, which is applied in order to consider the amplitude of the
values accepted by the network. The learning base consists of seven vectors X;, X,, ..., X7 that are the independent variables
who have been normalized between 0.1 and 0.9 according the following formulation [11]:

Xi' _Ximin
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i - Standard of variable X; for observation values j,
i - Actual values of variable X; for observation j,

i min - Minimum value of the variable X;,

i max - Maximum value of the variable X;.

XX XX

The values of the dependent variable were normalized in the range [0, 1] following the equation (2):
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Yi: Normalized value of the variable Y for observation j,
Yi: Actual value of the variable Y for observation j,
Y max - maximum value of the variable Y,
Y max - Minimum value of the variable Y,
Table 1 : Meteorological variables
Parameter Designation Min Average Max Type of
parameter
Atmospheric pressure (hpa) Pr 1011.8 1017.1 1027.8
Humidity (%) H 39.5 64.2 83.4
Precipitation (mm) P 0 39.1 331.7
Visibility (km) Vis 6.8 8.8 102 | 'ndependent
variables
Wind speed (km/h) \Y 3.0 10.6 17.6
Maximum wind speed (km/h) Vmax 11.0 20.4 27.8
dew point (°C) Tr 2.0 11.1 17.0
Air temperature (°C) Tair 18 17.4 29.2 Dependent
variable

B. Multiple Linear Regression

Multiple linear regression (MLR) was used to predict the values of the dependent variable from independent variables. It
is used to find the best linear model to predict the dependent value that produces the minimum error. In such model, each
independent variable is weighted so that the value of the correlation coefficients maximizes the influence of each variable in

the final equation [1].
Y=a,+ a; X; + a, X, + ...+a, X, 3)
a; . Theregression coefficients i=1,2,...;n.
C. Artificial neural networks

The neural network is defined as an assembly of identical structural elements called interconnected cells (or neurons) like
the ones of the vertebrates’ nervous system (Biological neurons) [12]. The authors as in [13] were inspired to develop formal
or artificial neurons. Thus, similarities were established between the elements of biological neurons and components of
Artificial Neural Formal (Figure 1). An artificial neuron is defined as a non-linear algebraic function set, to bounded values,
actual variables called "input"”, with three basic elements: a set of connection weights, a threshold, and an activation function
[14].
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Figure1: Analogy between biological and artificial neuron [15].
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1) Multilayer perceptrons: The Multilayer Perceptrons are networks having structure follows a logic of information
processing through successive layers of artificial neurons, from input to output, without return upstream information [16].
For this type of network, each neuron in a layer is connected to each neuron in the preceding layer and in the next layer
(except for the input and output layers) and no connection exists between the cells of the same layer. Figure 2 shows an
example of Multilayer Perceptron type network with single hidden layer neurons.
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(input variables)

Figure 2:  Example of Multilayer Perceptron neural network simplified with a single hidden layer.

2) Cascade feed forward: These artificial neural networks are similar to MLP networks. They have unidirectional
connections forward (feed forward) and each neuron fully connected to the next layer units. The remaining fact is that the
neurons of the input layer are connected to the neurons of the output layer. Figure 3 shows a network in cascade with a single
hidden layer.
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Figure 3:  Example of cascade feed forward neural network with a single hidden layer

3) Recurring networks "Elman™: These networks’ structure can comprise recurrences (Figure 4). These recurrences can
dramatically change the dynamics that will be established in a network of neurons and make it self-perpetuating. The use of
induction will be included in the context of multi-layer perceptrons with the Elman network. In this type of network, the
activation of the hidden layer is duplicated back into the input layer. Recurrent networks using leaky integrators may be
designated as the recurrent neural network for a continuous time. They are known to be theoretically capable of replicating
any dynamic systems.
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Figure 4 : Example of EIman network with one hidden layer.
D. Model Performance Evaluation

The correlation coefficient (R), the mean square error (MSE) and the sum of squared errors (SSE) were used to evaluate
the predictive quality and performance of artificial neural network models developed for predicting monthly air temperature
in the city of Meknes.

1) Correlation coefficient: The correlation coefficient (R) between the desired values and those estimated for each neuron
of the output layer is an additional parameter to estimate network performance model. It is calculated according to [17]:

N
Z(YP' _YOJ')Z
R=[1-1tb — (6)
Z;;(YOJ' _Ym)z
=

With Yy, as the average of the observed values
The correlation coefficient is between -1 and 1, reflecting a good performance of the network when its value is close to 1.

2) Mean square error: This allows the combined statistical index assessing variance and bias. It is used as the measure of
the overall performance of the model. The model is well optimized if the value of MSE is close to zero, which tends towards
a better performance and a perfect forecast. Its mathematical formulation is given by the following equation [18]:

1 N 2
— 2 \Ypj — Yoi (5)
N :
j=1
With:  Yp; and Yo; are respectively the predicted and observed values on the observation j;
N is the number of observations.

MSE =

3) Sums of squared errors: This statistical index also allows a combined assessment of the variance and bias. The model
is well optimized if the SSE value is close to zero. Its mathematical formulation is given by the following equation [9]:
N
2
SSE = > (Yp; - Yo @)
j=1
With Yp; et Yq; are respectively the observed and predicted values for the observation j.

I1l. RESULTS AND DISCUSSION

In this study, the database was divided in three phases: learning, testing and validation phases. The obtained values of R,
MSE and SSE (results not presented in the text) indicate that the best distribution of the global database is 70%, 15% and
15% for the learning phase, the testing phase, and the validation phase respectively.

A. Multiple Linear Regression
Statistical analysis by the method of multiple linear regression was performed using Xlstat software on all of the database to
predict the monthly air temperature. The obtained regression equation is:
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YMLR = 62,1572 - [0,0450 x Pr] - [0,1277 x H] - [0,0123 x P[ - [0,2201 x Vis[ + [0,1331 x V]
- [0,0502 x Vmax] + [1,0209 x Tr]. (8)

The coefficient of correlation obtained by the model MLR (R = 0.77) and the mean squared error (MSE = 0.01) indicates
that the air temperature does not correlate linearly with the other meteorological parameters.
Figure 5 shows the relationship between the observed and the estimated of the monthly values obtained for air temperature
MLR method.

0 5 10 15 20 25 30 35
Observed values

Figure 5: Relationship between the observed and the estimated of the monthly values obtained for air temperature and estimated air by the MLR
method.

B. Multilayer Perceptron

Because of the robustness of the Levenberg-Marquardt algorithm [1;19;20], this algorithm was used with one hidden
layer while changing the number of hidden neurons and the transfer functions couples. Table 2 presents the obtained values
for the correlation coefficient, the mean squared error and the sum of errors. These results indicates that the MLP model, with
the Levenberg-Marquardt as learning algorithm, the Tansig function in the hidden layer, and the Purelin function in the
output layer, with the configuration [7-4-1] are most optimal architecture to predict the monthly air temperature.

Table 2 : Performance model developed by MLP type of neural network based on the transfer functions couples

Hidden layer ~ Output layer Designation R MSE x 10" SSE Architecture
Tansig Tansig TT 0.982 62 1.93 [7-8-1]
Tansig Logsig TL 0.936 421 13.13 [7-9-1]
Tansig Purelin TP 0.992 29 0.93 [7-4-1]
Logsig Tansig LT 0.986 50 1.56 [7-10-1]
Logsig Logsig LL 0.941 427 13.32 [7-2-1]
Logsig Purelin LP 0.987 48 1.49 [7-7-1]
Purelin Tansig PT 0.977 85 2.65 [7-3-1]
Purelin Logsig PL 0.937 444 13.85 [7-8-1]
Purelin Purelin PP 0.981 66 2.06 [7-9-1]

Figure 6 shows the relationship between the predicted and observed values obtained for the monthly air temperature by
MLP network. It shows a good correlation between observed and predicted air temperature values.
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Figure 6 :  Relationship between the predicted and observed values of the monthly air temperature obtained by MLP neural network.
C. Cascade feed forward

The Cascade feed forward is a type of neural network architectures that are similar to MLP networks. It also has forward
unidirectional connections (feed forward); the neurons of the input layer are also connected to the output layer.
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Table 3 : Performance of the model developed by the Cascade neural network based on the transfer functions couples.

Hidden layer ?gﬁ? Designation R MSEx10®  SSE  Architecture
Tansig Tansig TT 0.987 45 1.4 [7-4-1]
Tansig Logsig TL 0.941 420 13.1 [7-7-1]
Tansig Purelin Ip 0.988 40 124 [7-10-1]
Logsig Tansig LT 0.989 36 1.12 [7-3-1]
Logsig Logsig LL 0.941 430 13.4 [7-3-1]
Logsig Purelin LP 0.987 44 1.37 [7-6-1]
Purelin Tansig PT 0.976 83 2.58 [7-8-1]
Purelin Logsig PL 0.930 440 13.72 [7-6-1]
Purelin Purelin PP 0.981 67 2.09 [7-7-1]

Figure 7 shows a strong correlation between the observed and estimated values of the air temperature obtained by the

cascade neural network.

To determine the optimal network architecture, we varied the pair of transfer functions and number of neurons in the
hidden layer. Table 3 shows the obtained values of R, MSE, and SSE for different pairs of transfer functions and different
number of hidden neurons. For LM learning algorithm, the best performance is obtained with neural network architecture [7-
10-1], the Tansig function as transfer function for the hidden layer and the Purelin function for the output layer. With 10

hidden neurons,
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Figure 7 :  Relationship between monthly observed air temperature and those predicted by the model developed by the cascade neural network.
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D. Recurring networks "Elman"

For EIman model, the activation of the hidden layer is duplicated back into the input layer and the optimum structure of the
network has found while performing a variation of the pairs of transfer functions and neuron numbers of the hidden layer.
Table 4 shows the calculation of R, MSE and SSE for different pairs of transfer functions and a different number of hidden
layer neurons. For LM learning algorithm, the best performance(R=0.982, MSE = 6.2x10" and SSE = 1.93) is obtained with
neural network architecture [7-7-1], the Tansig function as transfer functions for the hidden layer and the Purelin function for
the layer output with 7 hidden neurons.

Table 4 : Performance of the model developed by Elman neural network based on the transfer functions couples.

Hidden Output designation R MSE x 10" SSE Architecture
layer layer
Tansig Tansig TT 0.980 68 2.12 [7-4-1]
Tansig Logsig TL 0.932 460 14.35 [7-5-1]
Tansig Purelin TP 0.982 62 1.93 7-7-1
Logsig Tansig LT 0.980 67 2.09 [7-9-1]
Logsig Logsig LL 0.932 450 14.04 [7-5-1]
Logsig Purelin LP 0.981 64 1.99 [7-8-1]
Purelin Tansig PT 0.975 84 2.62 [7-3-1]
Purelin Logsig PL 0.936 430 13.41 [7-6-1]
Purelin Purelin PP 0.982 66 2.05 [7-8-1]

Figure 8 shows a best correlation between the observed results and those estimated for the air temperature during the period
of the study.
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Figure 8 :  Relationship between monthly observed and predicted values of air temperature by the developed Elman neural network’s model.
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E. Performance of the developed ANN models

Based on the R, MSE and SSE obtained values for the three models studied in this work, the best performance of MLP
model was obtained with the Levenberg-Marquardt algorithm and pair transfer functions (Tansig-Purelin) with network
architecture [7-4-1]. For the cascade network, the best performance is achieved with neural network architecture [7-10-1], the
Tansig function as transfer function for the hidden layer and the Purelin function for the output layer with 10 hidden
neurons.. For the recurrent model of Elman, the transfer functions (Tansig-Purelin) with LM algorithm, was obtained with
network architecture [7-7-1].

Table 5 summarizes the obtained values of correlation coefficient, mean square errors and sums of squared errors for
neural networks models of MLP, Cascade feed forward, EIman network, and multiple linear regression.

Table 5: Correlation coefficients, mean square errors, and sum quadratic errors obtained for the MLP models, Cascade, EIman, and MLR

ANN model R MSE SSE
MLP 0.992 0.0029 0.93
CASCADE 0.988 0.0040 1.24
ELMAN 0.982 0.0062 1.93
MLR 0.778 0.0100 3.12

So, the most effective model to predict the monthly air temperature in Meknes in Morocco is the MLP network with LM
learning algorithm, network architecture [7-4-1], while using the office as Tansig transfer function for the hidden layer and
the Purelin function for the output layer and four hidden neurons.

IV.CONCLUSION

In this study, three types of artificial neural networks including Multi layer perceptron, cascade feed forward, and Elman
recurrent network were studied to predict efficiently the monthly air temperature in the region of Meknes, Morocco. The
obtained results, expressed in terms of R, MSE and SSE, were compared with each other and with those obtained for the
model developed by the multiple linear regression. These results indicated that the MLP model using the Levenberg-
Marquard algorithm, the network architecture [7-4-1], the sigmoidal transfer function in the hidden layer, linear in the output
layer, and 75% of the database chosen randomly for the learning phase was the optimal combination to predict successfully
the monthly air temperature in the region of Meknes in Morocco.
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