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Abstract

Climate precipitation prediction field is a key aspect in meteorology. The precipitation is a variable
associated with natural disasters and can cause impacts in the several sectors of society. However, this is
a meteorological variable that is difficult to predict because of large spatial and temporal variability. A
method based on Artificial Neural Network (ANN) is applied to seasonal climate prediction precipitation
in the Central-West region of Brazil, using the method of data reduction by the Rough Sets Theory. The
dimensionality reduction process was used to extract relevant information from meteorological data to
perform climate prediction. The results obtained in the conducted experiments show the effectiveness of
the proposed methodology, presenting prediction similar to climatological situations considered as available
observations in the database.

Keywords: climate precipitation prediction; artificial neural networks; data mining; rough sets theory; com-

putational mathematics.

1. Introduction

The climate prediction is defined as a set of nat-
ural conditions that dominates a certain region ob-
tained by the average behaviour of the atmosphere,
such as variability and extreme weather conditions
(precipitation, temperature, wind, etc.) in a time in-
terval sufficiently long, which are essential for char-
acterizing a geographic region.

Due to high spatial and temporal variability, pre-
cipitation requires greater challenge to climate pre-
diction and weather. New techniques are used to
estimate precipitation. In this work, the seasonal
prediction of precipitation field, was performed us-
ing three types of networks: multilayer perceptron
(MLP), Elman recurrent network, and Jordan recur-
rent network, with supervised training conducted by
the error backpropagation algorithm.

Rough sets theory (RST) has been used as a re-
duction of data size technique. The prediction of the
occurrence of extreme weather with reasonable no-
tice, can reduce and, in some cases, eliminate many
of the impacts associated with climatic events.

Research on the implementation of data min-
ing techniques for meteorological data has been per-
formed [1, 11, 10]. These research works are based on
rough sets theory. Many research on the weather are
also under development.

Currently, the volume of data generated in al-
most all disciplines, particularly in meteorology and
climate science, is dramatically increasing. In me-
teorology, from different data sources are used in
weather and climate prediction. Therefore, predic-
tion of weather events is a complex challenge, even
more when it include the need for analysis of large
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volumes of data. The size reduction without loss of
information observation data is an important subject
of research.

The paper is organized as follows: Section 2 ad-
dresses meteorological data mining by RST; Section 3
deals with brief review on neural networks; Section 4
describes the study case adopted in this work (climate
prediction); In Section 5, the results and discussions
are expressed; some final remarks are presented in
Section 6.

2. Meteorological data mining

Currently, the massive size of data stored in the
database exceeds the capacity of traditional data
analysis methods. Therefore data mining has become
an important research topic, because it provides a
set of techniques and tools capable of intelligently
and automatically support for analyze of enormous
amounts of data, in search of significant knowledge
hidden by other irrelevant data.

Data mining is the extraction of hidden predictive
information from large databases. It is a powerful
technology with great potential to analyze important
information in big databases [5].

2.1 - Rough Sets Theory

Rough Sets Theory (RST) was proposed in 1982
by Zdzislaw Pawlak [9] as a mathematical theory to
treat uncertain and imprecise information, by deriv-
ing approximations of a data set. The RST is based
on the similarities among objects measured by an in-
discernibility relation, which establish that a set of
objects are similar (indiscernible) if they hold the
same values for all of their attributes. Rough sets
have been proposed for a very wide variety of applica-
tions. In particular, the rough set approach seems to
be important for Artificial Intelligence, especially in
machine learning, knowledge discovery, data mining,
expert systems, approximate reasoning and pattern
recognition.

2.2 - Information and Decision System

Rough Sets Theory uses the concept of Informa-
tion Systems (IS) in which the available data are rep-
resented in a table in which the objects are displayed
in the rows and the attributes in the columns. An
information system may be extended by the inclu-
sion of decision attributes. Such a system is termed
a decision system [8].

Formally, an information system is composed of
a finite non-empty set U (Universe) of objects and a
finite non-empty set A of attributes, IS = (U,A), so

that, for each a ∈ A, a : U → Va. The set Va is the
set of values of a, that is, the domain of a.

A Decision System (SD) is an IS augmented
with a decision attribute d /∈ A. Formally, DS =
(U,A{d}), where d /∈ A is the decision attribute [8].

2.3 - Indiscernibility relation

The indiscernibility relation is used as a measure
of similarity among objects. Thus, a set of objects
with the same attributes are indiscernible if only if
their attributes hold the same values from their cor-
responding domains. This is a equivalence relation
that may be used to treat problems as redundancy of
attributes or the existence of irrelevant attributes in
the data assigned to only one representative of a class.
Let IS = (U,A) be an information system, then with
any B ⊆ A there is associated an equivalence relation
[8].

IA(B) = {
(
x, x′

)
∈ U2|∀a ∈ B, a (x) = a

(
x′
)
}, (1)

where IA(B) is the indiscernibility relation. If
(x, x′) ∈ IA(B), then the objects x e x′ are indis-
cernible for any attribute in the set B [8].

2.4 - Attribute reduction

The reduction process is identify equivalence
classes, i.e. objects that are indiscernible using the
available attributes. Savings are to made since only
one element of the equivalence class is needed to rep-
resent the entire class. The other dimension in re-
duction is to keep only those attributes that pre-
serve the indiscernibility relation and, consequently,
set approximation [8]. Here, the Rosetta package
(http://www.lcb.uu.se/tools/rosetta) will be used.

The attribute reduction procedure is performed
by the discernibility function fA(B) derived from the
discernibility matrix which is a symmetric matrix
constructed by comparing the attribute values that
discern the objects. The attribute representing dis-
cernible values are inserted into the matrix. Each
entry in the matrix consists of a set of attributes that
distinguish a pair of objects xi and xj expressed by:

Mi,j = {a ∈ B|a (xi) 6= a (xj)} , (2)

where 1 ≤ i, j ≤ n and n = |U/IA(B)|.
The discernibility function fA(B) for an informa-

tion system B is constructed by concatenating the
subsets Mi,j = {a∗|a ∈Mi,j} of attributes in each
position of the discernibility matrix M , through a
Boolean function of m variables that correspond to
attributes a1, ..., am. The function determines the
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minimum set of attributes that distinguish any class
among the existing classes [9] and it is defined as:

fA (a∗1, . . . a
∗
m) = ∧

{
∨M∗i,j |1 ≤ j ≤ i ≤ n

}
, (3)

where Mi,j 6= �.
In this paper, the RST was used to extract rele-

vant information from meteorological data to perform
climate prediction, from a reduced data set.

3. Artificial Neural Network

In this paper, artificial neural networks were used
as predictive models of precipitation variable. ANNs
are computational techniques that present a mathe-
matical model inspired on the neural structure of bi-
ological organisms, acquiring knowledge through ex-
perience. The network has parallel and distributed
processing units or neurons, which calculates certain
mathematical functions, typically nonlinear. These
neurons can be divided into one or more hidden lay-
ers interconnected by synaptic weights (connections),
which store the knowledge represented in the model,
and serve to balance the input received by each net-
work neuron [6].

In this article, three types of neural networks
(NN) were used: multilayer perceptron (MLP) and
the networks recurrent models Elman and Jordan,
with supervised training conducted by the error back-
propagation algorithm.

The backpropagation learning error consists of
two steps through the different layers of the network:
forward and backward steps. For the forward step,
an activity pattern (input vector) is applied thought
the nodes of the network, and its effect propagates
on the entire the network, layer by layer. Finally, a
set of outputs is produced as the actual response of
the network. During the backward step, the synaptic
weights are all adjusted in accordance with an error
correction rule. The response of the NN is subtracted
from a desired output to produce an error signal [6].

The recurrent networks are NN with one or more
feedback loops. Given a MLP as the basic building
block, the application of global feedback can take a
variety of forms. We may have feedback from the out-
put neurons to the input layer. Another possibility
is the link among the hidden neurons with the input
layer. This creates an internal state of the network
which allows it to exhibit dynamic temporal behav-
ior. The recurrent networks extend the capability of
modeling temporal data, and are successfully used in
processing of temporal data, pattern recognition, and
time series prediction [2].

3.1 - Multilayer Perceptron

The architecture of MLP model is the most used
and provides robust solutions in a variety of applica-
tions, particularly, areas involving classification, pre-
diction, optimization, pattern recognition, and func-
tion approximation. Typically, this architecture con-
sists of a set of units forming an input layer, one or
more intermediate (or hidden) layer(s) of computa-
tional units, and an output layer. It is a supervised
neural network. Figure 1 shows the architecture of a
MLP network. [6].

Figure 1 - Multilayer perceptron network with an input
layer, a hidden layer, and an output layer.

3.2 - Elman network

The Elman network [4] contains recurrent connec-
tions from the hidden neurons to a layer of context
units consisting of unit delays. The context unit store
the outputs of the hidden neurons for one time step,
and then feed them back to the input layer. The hid-
den neurons thus have some record of their prior acti-
vation, which enables the network to perform learning
tasks that extend over time. Figure 2 shows the ar-
chitecture of recurrent Elman network inspired in a
multilayer perceptron.

Figure 2 - Elman recurrent network with an input layer,
a hidden layer, a context layer, and an output layer.
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3.3 - Jordan network

The Jordan network [7] first introduced a recur-
rent network with feedbacks from output units. Jor-
dan network is similar to Elman network. The con-
text units are however fed from the output layer in-
stead of the hidden layer. The context units in a
Jordan network are also referred to as the state layer,
and have a recurrent connection to themselves with
no other nodes on this connection. Figure 3 shows
the architecture of Jordan recurrent network.

Figure 3 - Jordan recurrent network.

4. Case study: climate prediction

Climate prediction is the estimation of the aver-
age behaviour of the atmosphere for a future period of
time. Thus, the objective of climate prediction is to
estimate the statistical properties of the climate in a
future period of time. Here, the predictive model de-
veloped in this work provides the development of fu-
ture scenarios that support the studies of impacts and
vulnerability and may also enable the preparation of
projections of climatic extremes of atmospheric state
for seasonal precipitation prediction in Central-West
region of Brazil.

The climate in the Central-West is semi-humid
tropical, summers are hot and rainy and the winter
is cold and dry. This happens between the months of
October to March (spring and summer). In the cen-
tral highlands of parts, the applicant is the tropical
climate of altitude.

4.1 - Meteorological data

The study area was selected to test the adequacy
of the proposed methodology to derive forecasting
models from data: Central-West Brazil (Lat 25oS,
7.5oS) to (Lon 62oW, 48oW).

The data consists of monthly means from January
1980 to December 2009. The data was downloaded

from the reanalysis data repository from National
Center for Environmental Prediction & National Cen-
ter for Atmospheric Research (NCEP/NCAR). The
global data reanalysis grid uses a set with horizontal
resolution of 2.5o × 2.5o (latitude × longitude). The
available variables are presented in Table 1.

The training data subset was formed with data
from January 1980 up to December 2006. This sub-
set was used to derive a NN model. The period from
January 2007 to December 2009 was used for the gen-
eralization test subset.

Table 1 - Variables NCEP/NCAR.
Variable Description Level

u300 Zonal Wind [m/s] 300 hPa
u500 Zonal Wind [m/s] 500 hPa
u850 Zonal Wind [m/s] 850 hPa
v300 Meridional Wind [m/s] 300 hPa
v500 Meridional Wind [m/s] 500 hPa
v850 Meridional Wind [m/s] 850 hPa
air Air temperature [oC] 850 hPa

spres Surface pressure surface
shum Specific humidity [g/kg] 500 hPa
prec Precipitation [mm/day] surface

For the visualization of the results we used the
GrADS software (Grid Analysis and Display Sys-
tem). This software is available for free download
at (http://www.iges.org/grads/) [3].

5. Experiments and results

The models of MLP, Elman and Jordan networks
were treated in two different ways: firstly were trained
using all available variables in the database. The sec-
ond way the networks were trained with reduced num-
ber of variables indicated by RST.

In the dimensionality reduction process the rel-
evant attributes are those that mostly occur in the
data, in terms of the indiscernibility relation. For
the attribute reduction process the training data set
previously mentioned were first discretized, then sub-
mitted to the reduction algorithm for selection of the
relevant attributes chosen as those with a presence
greater than 70% in the discernibility function. The
data reduction process was used Rosetta software.

The variables that were reduced by the use of RST
are show in Table 2. It is observed that of 6 variables
out of 10, were considered relevant for Central-West
region. These variables were used as initial conditions
for the climatic prediction process, and the variable
precipitation is the target.
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Table 2 - Variables reduced by RST.
Variables % (fA)
airt 72
u300 74
u500 79
v300 73
v500 75
spres 78

In order to evaluate the performance of the three
models, the mean square error (MSE) is used:

MSE =
1

N

N∑
k=1

(yk − dk)2 , (4)

where N is the number of patterns in the data set, yk
is the true observational value, and dk is the estima-
tion computed by the neural model.

Table 3 shows the mean square error obtained
for the three models MLP, Elman, and Jordan, that
were trained with all available variables in database
for summer season 2008. Indeed, the recurrent El-
man network had the lowest squared than the other
network models, which shows that has better perfor-
mance.

Table 3 - Mean square error.
Model network MSE
MLP 0.115
Elman 0.002
Jordan 0.061

Table 4 shows the mean square error obtained for
the three networks MLP, Elman, and Jordan, that
were trained with a reduced set of variables by RST.
From the errors showed in Table 4, clearly the best re-
sult was obtained by Elman network with the lowest
squared error.

Table 4 - Mean square error: NN with RST.
Model network MSE
MLP (RST) 0.066
Elman (RST) 0.009
Jordan (RST) 0.137

The observed precipitation for Central-West re-
gion of Brazil in Summer 2014 season is shows in Fig-
ure 4. The results for the climate prediction for the
Central-West region of Brazil are show in Figure 5;
Figures 5a, 5b, and 5c show the results of seasonal cli-
mate precipitation prediction produced by the MLP,
Elman and Jordan networks that were trained with
all available variables in database, respectively. Fig-
ures 5d, 5e, and 5f show the results obtained by the

MLP, Elman and Jordan networks trained with a re-
duced set, respectively.

From the results, the Elman network trained with
the set reduced by RST present the better perfor-
mance than the models trained with all available vari-
ables. Indeed, both models NN-Elman 5b and NN-
Elman(RST) 5e show a high fidelity with real dynam-
ics.

Figures 6a, 6b, 6c show the error maps for three
models of neural networks, MLP, Elman, Jordan, that
were trained with all available variables in database,
respectively. Figures 6d, 6e, and 6f show the error
maps obtained by the MLP, Elman and Jordan net-
works trained with a reduced set, respectively.

The error is computed by:

error = |yk − dmk | , (5)

where yk is the measured precipitation, and dmk is the
precipitation calculated by ANN.

Figures 5b, 5c, 5e, and 5f show that all the re-
current networks are reasonably good for predictions
in Summer 2008. The MLP network has the worst
performance and cannot predict the trend at all (see
Figures 5a and 5d).

However, clearly the best prediction was obtained
by the Elman trained with the reduced set (see Fig-
ure 6e), by using the RST.

6. Conclusions

In this article, an approach of data reduction was
used to investigate the climate condition in order to
predict the precipitation variable, in Central-West re-
gion of Brazil. This approach allows the derivation of
smaller data sets derived from the resulting reducts
for the training phase of the neural network without
losing data expressiveness for forecasting purposes.
Thus, the RST technique used in the data reduction
process allows the identification of relevant informa-
tion of the data for climate prediction.

The results obtained for the seasonal climate pre-
cipitation prediction using the dimensionality reduc-
tion of meteorological data clearly showed the best re-
sults in relation to networks trained with all available
variables in the database. The results have shown
that Elman network is significantly better than the
other two network models (see Figures 6b, and 6e).

It is seen that Elman network is capable of yield-
ing good results and can be considered as an alterna-
tive to traditional meteorological approaches for cli-
mate precipitation prediction.
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Figure 4: Reanalysis precipitation NCEP/NCAR: Central-West region of Brazil

(a) MLP (b) Elman (c) Jordan

(d) MLP with reduction (e) Elman with reduction (f) Jordan with reduction

Figure 5: Results for the climate prediction in a Central-West region of Brazil for Summer 2008.
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(a) Error MLP (b) Error Elman (c) Error Jordan

(d) Error: MLP (RST) (e) Error: Elman (RST) (f) Error: Jordan (RST)

Figure 6: Error maps for the results of climate prediction.
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