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Abstract- The active and disordered nature of weather makes weather forecasting a challenging and
provocative task. Various numerical models have been developed and applied for this purpose, however
usually it’s difficult to conclude accurate predictions. Although artificial neural networks have been
considerably applied for weather forecasting, even then marking the precise result was still a question!
Consequently some researchers proposed to use Cluster models of neural networks for the prediction task.
When considering multiple neural networks, the redundancy caused by having multiple models and also
combining the results of different networks are still the main challenges. In this project, a new Composite
model is proposed for weather forecasting based on the Cluster of neural networks. Here, the redundancy
issue has been addressed by introducing an integrated model in which a feature selection module is first
applied to the data. Introduction of a Mutual information approach to tackle the challenge of combining
the results of different networks and reducing the redundancy in the Composite model. The evaluation of
result presents an outperformance of the proposed method compared to previous work.
Keywords- Classification, Cluster Neural Network; Modular Neural Network; Mutual Information;
Weather prediction
I.
INTRODUCTION
Weather Forecasting is the use of science and technology simultaneously in order to predict weather for a
specific location. Because of the atmosphere conditions are dynamic and disorder in nature, forecasting
results are not usually precise. Hence Neural networks (NN) are one of the most powerful artificial
intelligence methods that are used for nonlinear modeling and particularly for weather forecasting. Many
researchers have applied different types of neural networks in the field of weather forecasting, and back
propagation algorithm [6] is utilized for training. However, this algorithm is a gradient-based method that
often gets stuck in local minima. The output of such practice is the weighted sum of each network, then
concluding that Radial Basis Function (RBF) network could provide the best result [11], and Hopfield
network had the poor outcome such as Multi-Layered Perceptron (MLP) [3] or (RBF) for predicting the
weather.
At macro level, weather forecasting is usually done using the data gathered by remote sensing satellites.
Weather parameters like maximum temperature, minimum temperature, level of rainfall, cloud conditions,
wind streams and their directions, are projected using images taken by these meteorological satellites to
assess future trends. The satellite-based systems are inherently expensive and require complete support
system. The variables defining weather conditions like temperature, relative humidity, rainfall etc., vary
constantly with time, forming time series of each parameter and can be used to develop a forecasting
model either statistically or using some other means that uses this time series data. The true power and
advantages of neural networks lies in the ability to represent both linear and nonlinear relationships
directly from the data being modeled.
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Traditional linear models are simply inadequate when it comes for true modeling data that contains
nonlinear characteristics. A neural network model is a structure that can be adjusted to produce a mapping
from a given set of data to features of or relationships among the data. The model is adjusted, or trained,
using a collection of data from a given source as input. After successful training, the neural network will
be capable to perform classification, estimation, prediction, or simulation on new data from the same or
similar sources. An Artificial Neural Network (ANN) is an information processing paradigm that is
inspired by the way biological nervous systems, such as the brain, process information. The key element
of this paradigm is the new structure of the information processing system. It is composed of a huge
number of highly interconnected processing elements working in accord to solve specific problems.
II.
PRPOSED MODEL
The proposed model for temperature prediction is composed of three different stages. At the first stage
data are normalized and useful features are selected based on stepwise regression. At the second stage,
it’s proposed to have a Cluster of four different neural networks each of which is trained based on the data
provided by the first stage. Then at the third stage, a mutual information approach in order to select the
best networks and with that, the results of the selected networks are combined.
Data Preprocessing- The representation and quality of data is done first before consecutively an analysis
in data preprocessing. If there is much irrelevant and redundant information present or noisy and unreliable
data, then knowledge discovery during the training phase is more difficult. Data preparation and filtering
steps can take considerable amount of processing time. Data pre-processing includes cleaning,
normalization, transformation, feature extraction and selection etc. The product of data pre-processing is
the final training set.
Normalization- Changes in expression are independent of abundance. Rare transcripts are as likely to
change in response to a given stress as common ones. The probe-level data must be cleaned and processed
to obtain biologically meaningful measurement. Background correction: eliminate signals due to nonspecific binding. Some of the assumptions can be made as follows:








Most transcripts are not differentially expressed in response to a given stress.
Expression ratio of typical spot: tumor/control= 1.
Range of abundance begins at 0. “Negative transcripts” = error measurement. Outliers are
biologically relevant.
Lowess is a technique for fitting a smoothing curve to a dataset. An intensity dependent
normalization. Predicted lowess value is subtracted from the data to decrease the standard
deviation and place the mean log ratio at 0.
All samples in the dataset are corrected independently.
Lowess normalization can be applied to complete or incomplete datasets.

Feature Selection Methods- The central assumption when using a feature selection technique is that the
data contains many redundant or irrelevant features. In statistics, the most popular form of feature selection
is stepwise regression, which is a wrapper technique. It is a greedy algorithm that adds the best feature (or
deletes the worst feature) at each round. The main control issue is deciding when to stop the algorithm. In
machine learning, this is typically done by cross-validation. In statistics, some criteria are optimized. This
leads to the inherent problem of nesting. More robust methods have been explored, such as branch and
bound and piecewise linear network.
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Feature selection is often an essential data preprocessing step prior to applying a classification algorithm
such as Multi-Layer Perception (MLP). The term feature selection is taken to refer to algorithms that
output a subset of the input feature set. One factor that plagues classification algorithms is the quality of
the data. If information is irrelevant or redundant or the data is noisy and unreliable then knowledge
discovery using training is more difficult. Regardless of whether a learner attempts to select features itself
or ignores the noise, feature selection prior to learning can be beneficial. Reducing the dimensionality of
the data reduces the size of the hypothesis space and allows algorithm to operate faster and more
effectively. Figure 1 shows the composite model of the cluster neural network.
Stage 1:
Data
Processing

Initial Training Data
Normalization
Feature selection

Stage 2:
Training Cluster
Of network

GRNN
output1

TDNN
output2

Stage 3:
Computing mutual
information

MLP

RBF
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output4
Desired output

Mutual Information Computation

MI based Network
Stage 4:
Combine Results
Combining all winner
based results

Figure 1. Composite Model using Cluster of Neural Networks

III.
METHODOLOGY
An Artificial Neural Network (ANN) is a system that can be used to perform classifications on datasets.
The ANN can access a solution space that is unavailable to computational systems based on logical
inferences. They have the ability to relate n-inputs to m-output classes and operate on classification
problems which are non-linear. Given a series of continuously variable input values, ANNs are able to
place each case into a particular output class. If the input variables are represented by n, the output classes
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by m, then n > m where n and m are members of the set of real numbers. The Methodology for proposed
Composite Model involves Classification, Cluster of Neural Networks, and Mutual Information

3.1. Classification
Classification involves four types: General Regression Neural Network (GRNN), Time Delay neural
Network (TDNN), Radial Basis Function (RBF), and Multi-layer Perceptron (MLP).
Generalized Regression Neural Network- GRNN is a variation of the radial basis neural networks, which
is based on kernel regression networks. A GRNN does not require an iterative training procedure as back
propagation networks. It approximates any arbitrary function between input and output vectors, drawing
the function estimate directly from the training data. In addition, it is consistent that as the training set size
becomes large, the estimation error approaches zero. A GRNN consists of input layer, pattern layer,
summation layer and output layer. The number of input units in input layer depends on the total number
of the observation parameters. The first layer is connected to the pattern layer in which each neuron
presents a training pattern and its output. The pattern layer is connected to the summation layer. The
summation and output layer together perform a normalization of output set. In training of network, radial
basis and linear activation functions are used in hidden and output layers. Each pattern layer unit is
connected to the two neurons in the summation layer, S and D summation neurons. S summation neuron
computes the sum of weighted responses of the pattern layer. On the other hand, D summation neuron is
used to calculate un-weighted outputs of pattern neurons. The Generalized Regression Network consists
of three layers of nodes with entirely different roles: The input layer, where the inputs are applied, the
hidden layer, where a nonlinear transformation is applied on the data from the input space to the hidden
space, the linear output layer, where the outputs are produced. GRNN a very useful tool to perform
predictions and comparisons of system performance in practice.
Time Delay Neural Network- TDNN is an artificial neural network architecture whose primary purpose
is to work on sequential data. The TDNN units recognize features independent of time-shift and usually
form part of a larger pattern recognition system, converting continuous audio into a stream of classified
phoneme labels for speech recognition. An input signal is augmented with delayed copies as other inputs,
the neural network is time-shift invariant since it has no internal state. The basic model presented
a perceptron network whose connection weights were trained with the back-propagation algorithm, this
may be done in batch or online. The TDNN architecture addresses both problems by imposing certain
restrictions on the network topology and by the way in which weights are updated. Hidden units are
connected to a limited number of input units that represent a consecutive pattern in the input window.
These hidden units have a receptive field that are only sensitive to a part of the input window. The positions
and a receptive field covers a subsequence of three positions, there must be eight hidden units with the
same receptive field. Since the corresponding weights in all copies of a receptive field are forced to have
the same values, these hidden units are said to have linked receptive fields.
Radial basis function neural network: In the field of mathematical modeling, a radial basis function
network is an artificial neural network that uses radial basis functions as activation functions. The output
of the network is a linear combination of radial basis functions of the inputs and neuron parameters. Radial
basis function networks have many uses, including function approximation, time series prediction
classification, and system control. Radial basis functions are powerful techniques for interpolation in
multidimensional space. RBFs have been applied in the area of neural networks where they may be used
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as a replacement for the sigmoid hidden layer transfer characteristic in multi-layer perceptron. RBF
networks have two layers of processing: In the first, input is mapped onto each RBF in the 'hidden' layer.
The RBF chosen is usually a Gaussian. Like Gaussian Processes, and unlike SVMs, RBF networks are
typically trained in a Maximum Likelihood framework by maximizing the probability of the data under
the model. SVMs take a different approach to avoiding over fitting by maximizing instead a margin. RBF
networks are outperformed in most classification applications by SVMs. In regression applications they
can be competitive when the dimensionality of the input space is relatively small.
Multilayer perceptron: Typically, one unit model is placed at each node of the network & interconnections
run between units. The network model is operated by a training algorithm, which itself has a number of
associated variables. The network used in this development employs the back propagation technique for
training. This network is a feed forward multi-layer network. It should contain, 1 Input Layer of Units, At
least 1 Hidden Layer of Units, and 1 Output Layer of Units. It is important to note that weights are assigned
to the interconnections between each layer in the network. The back propagation technique is employed
as a means of reducing error in the network’s classification, by initially calculating this error and the
propagating it back through the network for reduction. Inputs are propagated to the first layer of hidden
units, whose output is calculated and propagated to the next hidden later. This process is repeated until
the output layer is reached. Each output layer unit calculates the activation, from the sum of weighted
inputs from previous layers. The error on the initial output is computed and propagated back to the first
hidden layer, where the weight matrix is updated. A multilayer perceptron is a feed forward artificial
neural network model that maps sets of input data onto a set of appropriate outputs. A MLP consists of
multiple layers of nodes in a directed graph, with each layer fully connected to the next one. Except for
the input nodes, each node is a neuron with a nonlinear activation function. MLP utilizes back
propagation for training the network. MLP is a modification of the standard linear perceptron and can
distinguish data that are not linearly separable. The multilayer perceptron consists of three or more layers
(an input and an output layer with one or more hidden layers) of nonlinearly-activating nodes and is thus
considered a deep neural network. Each node in one layer connects with a certain weight 𝑊𝑖𝑗 to every
node in the following layer. Some people do not include the input layer when counting the number of
layers and there is disagreement about whether 𝑊𝑖𝑗 should be interpreted as the weight from i to j or the
other way around. We represent the error in output 𝑗 node in the 𝑛𝑡ℎ data point (training example) by
𝑒𝑗 (𝑛) = 𝑑𝑗 (𝑛) − 𝑦𝑗 (𝑛), where 𝑑 is the target value and 𝑦 is the value produced by the perceptron.
3.2. Cluster of neural networks
Two main categories exist in combining neural networks: modular networks and Cluster of networks. In
modular network the problem is divided into different parts and each part is solved by one module, while
in Cluster of networks, a collection of independent networks is considered and each of them learns and
solves the whole problem independently. The proposed model contains Cluster of four neural networks:
MLP, RBF, general regression neural network and time delay neural network. MLP, which is a feed
forward neural network, uses the back-propagation algorithm for training. RBF is also a feed forward
network and a combination of supervised and unsupervised methods is used in the training task. GRNN
is a four-layered neural network and it usually works better that MLP while at the same time, it can be
trained faster only within a single iteration.
3.3. Mutual information
Mutual information (MI) is a linear value that is used for measuring correlation between two linear or
nonlinear random variables. In fact, mutual information between two random variables is the knowledge
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provided by one of them that reduces uncertainty about the other. MI, I(X;Y), showing the amount of
information being shared by X and Y, is defined as
𝐩(𝐱,𝐲)

𝐈(𝐗: 𝐘) = − ∑𝐱∈𝐗 ∑𝐲∈𝐘 𝐩(𝐱, 𝐲) 𝐥𝐨𝐠 𝐩(𝐱)𝐩(𝐲)

(1)

Based on this definition, if X and Y are closely related, then I(X; Y) will be large, otherwise when X and
Y are independent, I(X, Y) will be zero [9]. In fact, mutual information between two random variables is
the knowledge provided by one of them that reduces uncertainty about the other. We apply mutual
information to calculate the correlation between the output of each network and the desired output. Then,
the networks that have produced an output closer to the desired one are selected. The outputs of the chosen
networks are then combined together at the last stage of the model based on the Winner-Takes-All
strategy. We apply mutual information to calculate the correlation between the output of each network
and the desired output. Then, the networks that have produced an output closer to the desired one are
selected. The outputs of the chosen networks are then combined together at the last stage of the model
based on the Winner-Takes-All strategy.
IV.
RESULTS AND DISCUSSION
The numerical data used in this research consists of six different features of the atmosphere and they are
Dew Point, Humidity, Sea Level Pressure (hPa), Visibility (Km), Wind Speed (Km/h) and Precipitation
(mm). Data are divided into three datasets: one for training, one for validation, and one as test data to
report the error of the proposed model. By performing the feature selection at the first stage of the model,
four features out of six features are selected, which are: Dew Point, Humidity, Sea Level Pressure and
Visibility. The validation set consists of 366 data samples. At the second stage of the model, each of the
four networks in the model is trained based on the training data. Then at the third stage, the mutual
information between the actual output (real temperature) and the output of each network is calculated, as
shown in Table I.
Table 1. MI between the output of each network & the actual output.

MI(MLP) MI(RBF) MI(TDN) MI(GRNN)
0.12
2
0.1
1
Figure 2 shows comparision between proposed model and the original temperature. In order to validate
the proposed work with other types of models in the literature, five different methods are chosen to
compare with: GRNN, RBF, and three methods based on the Clusters of networks as presented in [2, 3].
We can note from the below figure that proposed temperature is almost equivalent to that of actual one.

Figure 2. Estimated temperature based on proposed Method
RBF, GRNN
@IJRTER-2016, All Rights Reserved
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In Figure 3 the output of GRNN, RBF and the proposed model are compared with the actual real
temperature, based on the validation dataset.

Figure 4. Estimated temperature based on the proposed method as compared to SOM and voting scheme in [2]

The combined network result as in [2] for two different methods are presented in figure 4 in terms of
validation set as compared: the first one is based on a competitive network like SOM, and the second one
is based on a voting scheme. Table 2 shows mean-squared error (MSE) between the actual temperature
and the estimated one for different methods, based on the testing data. As we can see from the results in
this table, the proposed model can provide better results comparing with other types of methods in terms
of MSE.
Table 2. Comparing the performance of the proposed method with other methods in terms of Mean Square
Error(MSE)

Prediction Method

MSE

Proposed Method

0.17

RBF

0.99

GRNN

1.114

SOM

1.23

V.
CONCLUSION
The comparison results in terms of the validation set are presented with the outcome of the research work.
The proposed model is also an integrated model since a feature selection module is considered at the first
stage of the model. In addition, to reduce the redundancy caused by considering Cluster of networks, and
also decrease the complexity, it’s proposed to calculate the correlations between the output of each
network and the actual result. A comparison between the results of the proposed model and some similar
models in the literature shows an outperformance of the proposed model.
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