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Abstract Weather data and specifically rainfall data contain streams of data that are collected hourly. These
data can be used to identify the signatures of rivers and other areas. However, the process of discovering
patterns from thousands of data information loss. Hence, precise data representation and pattern detection
are crucial in ensuring that the patterns obtained have real meaning and can describe the weather
signatures of certain areas accurately. In this paper, an experimental are carried out on classified rainfall
sequences by case-based reasoning (CBR), with two other effective methods a support vector machine (SVM)
and a naive Bayes (NB).. The experimental results show that the incorporation of CBR gives both algorithms
the capability to detect patterns of segmented rainfall with high accuracy and that SVM with CBR
outperforms NB with CBR.
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I. Introduction

At the present, the time series data are being
generated with extraordinary speed from almost
every application domain. Among these data are
related to the daily fluctuations of the stock
market data, traces of dynamic processes and
scientific experiments, medical field and daily
rainfall occurrence. As a consequence, in the last
decade there has been an increasing number of
interests in querying and mining such data which,
in turn had resulted active research to introduce
the new methodology for indexing, classification,
clustering and approximation of time series data
[1], [2], [3], and [4]. However, The dynamic nature
of the weather has led to much research n
weather prediction, such as weather forecasting
warning systems [1] and rainfall and flood
forecasting [2-3]. The weather has an impact on
many sectors and affects the power usage of
industry, residential facilities, and agriculture [4-

5]. Due to the continuous changes in the climate
there is a need for weather prediction systems
that is up to par with the current technology
existed [6], including the Malaysian weather
prediction system. Rainfall prediction is one of the
areas being actively researched all over the world
[7-9]. For instance, in Malaysia, rainfall data have
been used to gauge the size of rainfall cells [10-
11].

Neural network modeling has been a popular
method for weather and climate prediction and
classification [1-8]. However, classification is one
of the data mining techniques that could
potentially give new insights into weather
prediction problems. It has been used in other
applications, such as alarm log, financial events,
and stock trend relationship analysis [11]. This
paper reports on the use of two different
classification algorithms, a support vector

JOPAS Vol.17 No. 1 2018

487


http://www.suj.sebhau.edu.ly/
alm.alshareef@sebhau.edu.ly
file:///C:/Users/DELL/Google%20Drive/01العلوم%20البحثة%20و%20التطبيقية/05العدد%20الأول%202018المؤتمر%20الاول/alm.alshareef@sebhau.edu.ly
mba20
Text Box

mba20
Stamp


Weather Predication Using Classification Methods: An Experimental

Alshareef et al.

machine (SVM) and a naive Bayes (NB) algorithm,
that are compared with case-based reasoning
(CBR) to classify patterns (rainfall signatures) in
the Malaysian rainfall dataset and the results of
an experiment to assess their performance

II. RALTED WORK
Classification is one of the most typical operations
in supervised learning. There are two types of
classification in temporal or time series data
mining. The first is time series classification,
which is similar to whole series clustering. Given
a set time series with a single label for each, the
task is to train a classifier and label new time
series. The second is time point classification,
where there are labels for each time point. A
classifier is trained using the values and labels
from the time points of the training set. Given a
new time series, the task is to label all time
points. This is known as sequential supervised
learning and is related to prediction. Some
examples of sequence classification applications
are speech recognition, gesture recognition and
handwritten word recognition[4]. Classification is
relatively straightforward if generative models are
employed to model the temporal data. However,
according to a review by [7] studies on the use of
classification in actual temporal applications is
lacking in the literature.
The artificial neural network (ANN) has been
employed in time series applications for prediction
and classification [2]. A class of ANN is the
recurrent neural network (RNN), which is a widely
used tool for the prediction of time series that has
been used in several different applications[5]. The
most common type of RNN is the dynamic system
that makes efficient use of temporal information
in the input sequence, both for classification as
well as for prediction. This means that after
training, interrelations between the current input
and internal states are processed to produce the
output and to represent the relevant past
information in the internal states. During the
supervised learning process the target values
constitute a second source of information. These
target values specify the relevant interrelations in
the input sequence. For a RNN the input is
typically a times series and the target is either a
trivial sequence of constant values or another
nontrivial time series. For the classification task
the RNN classifies the sequence by class label; for
instance, in a rainfall application a time series
sequence would be classified as: No rain, Light,
Moderate or Heavy, whereas in the prediction task
a sequence would be classified into some time
period.
In [2] the dynamic behavior of the RNN is used to
categorize input sequences into different specified
classes. These two tasks do not seem to have
much in common. However, the prediction task
strongly supports the development of a suitable
internal structure, representing the main features
of the input sequence, to solve the classification
problem. Therefore, the speed and success of the
training process as well as the generalization
ability of the trained RNN are significantly
improved. The trained RNN provides good
classification performance and enables the user to

assess efficiently the degree of reliability of the
classification result.

Similar to [2] above, [3] applies two different types
of neural network to classify time series data of
single trial electroencephalograph (EEG) data.
Standard multilayer perceptrons (MLPs) are used
as a standard method for classification. They are
compared to finite impulse response (FIR) MLPs,
which use FIR filters instead of static weights to
allow temporal processing inside the classifier.
The authors address the classification of these
signals using neural networks. Neural networks
are used because they provide a well-established
framework for pattern recognition problems. This
type of network is known as a FIR MLP. The
motivation for wusing a classifier capable of
temporal processing is that the patterns to be
recognized are not static data but time series.
Thus, the temporal information of the input data
should be used to improve classification results.
This can be done with a static classifier like MLP
and a mapping of the temporal input data to
static data. Another way is to use a classifier with
temporal processing like FIR MLP.

A time series classification method was also
proposed by [10] in which a general framework of
multi-view representation and representation-to-
semantics mapping for sequence data are
employed. Multi-view representation characterizes
sequence data in a comprehensive manner. The
primary representation depicts the temporal
pattern of the sequence data. The multi-attribute
representation identifies associated numerical
attributes. After the representations at multiple
views have been constructed, kernel fusion is
used to combine similarity measures for different
views (classification). For individual
representations, two methods are applied to
construct a valid sequence-data kernel via a prior
distance function and compare their pros and
cons.

Another method for time series classification was
proposed by [11] for learning multivariate time
series classifiers. Two types of background
predicate are introduced: interval-based
predicates such as “always”, and distance-based
predicates such as the Euclidean distance.
Special purposes techniques were presented that
enable these predicates to be handled efficiently
when performing top-down induction. Moreover,
as boosting was employed, the accuracy of the
resulting  classifiers could be enhanced
significantly.

Since EEG datasets are very well-known time
series, and pattern classification plays an
important role in the domain of the brain-
computer interface, [12] presented methods for
EEG pattern classification that jointly employed
principal component analysis (PCA) and the
hidden Markov model (HMM). Two methods were
introduced: PCA+HMM and PCA+HMM+SVM. The
usefulness of principal component features and
the hybrid method was confirmed through the
classification of EEGs that were recorded during
the imagination of a left- or right-hand movement.
Case-based reasoning is an artificial intelligence
approach for solving problems where a model of
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the domain knowledge is not available, and it
displays basic machine learning capabilities. The
CBR approach is widely used in different areas
with good results. It has been used for mining
tasks in different domains [13-19].

A fuzzy logic-based methodology for knowledge
acquisition was designed and utilized by [20] for
the retrieval of temporal cases in a CBR system.
The approach was used to obtain knowledge
about what salient features of continuous-vector,
unique temporal cases point out significant
similarity between cases. The knowledge is
determined in a similarity-measuring function
and is thus used to retrieve 1-NNs from a large
database. The present case is predicted based on
the weighted median of the outcomes of related
past cases. Past cases are weighted according to
their degree of similarity to the present case.
Another approach based on CBR was suggested in
[21] for fault detection of reinforced concrete
bridges in polluted areas. The work aimed to
present a new approach based on the CBR
paradigm to solve the problem of bridge inspection
and diagnosis, which is usually performed by civil
engineers mainly through visual inspections, a
type of activity involving subjective judgments and
uncertainties. The architecture for data gathering
and database storage was implemented in
consideration of the above issues. The CBR
paradigm was tested by using the jCOLIBRI
platform

Case-based reasoning was applied by [13] to
enable a system to learn from a variety of cases
presented to it. The proposed method was tested
on images taken from a large dataset. Case-based
reasoning assisted in learning the fuzzy
parameters for detection of salient regions by
taking into account the features characterizing
prominent boundary colors. In this approach a
number of images are presented to the system
and the parameters that supply the best match to
the salient regions marked as ground truths are
recorded. These images are grouped to form
relevant cases, where each case includes all the
images having similar image features, under the
assumption that the same parameters will
discover similarly good salient regions for all the
test images. Case-based reasoning selects the top
most relevant cases and thus helps in greatly
reducing the rule-set. Thus CBR not only
simplifies the problem of variations across a range
of sample images, but also returns a set of
characteristics defining the given dataset. This
can be especially useful in making inferences
about datasets containing similar types of images
and can also aid in image retrieval.

Case-based reasoning was also used by [18] as
part of an intelligent-based agent management
system. The system uses information from
previously managed situations to maintain quality
of service in order to meet the requirements of a
service level agreement. The results illustrated the
performance of an agent in traffic pattern
recognition in order to identify the specific type of
problem and finally suggested the right solution.

A method for representation of temporal intervals
in a CBR system was presented by [16] for case

retrieval. The aim was to propose a method to
support the prediction of events for industrial
processes because many processes are too
complex to be predicted by standard trend
analysis. The authors showed how Allen’s
temporal intervals can be included in the
semantic network representation of the Creek
system. However, the representation has a
weakness in that it only enables one fixed layer of
intervals in the cases. Nevertheless, temporal
interval-based CBR methods, as exemplified by
[16], could have high potential for revealing such
complex problems.

In addition, CBR has been used in a general
framework to enable more compact and efficient
representation of practical time series cases and
thus capture the most important characteristics
while ignoring irrelevant trivialities [23]. The aim
of using CBR is to extract a set of qualitative,
interpretable features from original time series
data. These features should, on the one hand,
convey significant information to human experts
enabling potential discoveries/findings and, on
the other hand, facilitate much-simplified case
indexing and similarity matching in CBR. This
goal is achieved in two consecutive stages. In the
first, the time series of real numbers is
transformed into a symbolic series by temporal
symbolic approximation. A few different methods
are used at this stage such FT, WT and symbolic
approximation (SAX). In the second, a knowledge
discovery method is wused to identify key
sequences from the transformed symbolic series
in terms of their co-occurrences with certain
classes.

In another work, CBR was employed for early fault
diagnosis of continuous processes [19]. A
laboratory plant was considered with 11 observed
variables and 14 different classes of faults. The k-
NN algorithm was also used to retrieve cases
(similarity). It could also be used with several
similarity methods such as Manhattan distance,
Euclidean distance and DTW. The system was
validated wusing a dataset obtained from
simulations of fault classes in a laboratory plant.
The accuracy of the classifiers using the different
metrics with 10 different series lengths (from 10%
to 100% of the series length) was compared. The
proposed method seems to be feasible based on
the experimental results. In fact, the system is
able to provide an accurate fault classification
with a small percentage of series length. The
developed CBR system is able to work with time
series, which is a problem not covered in most
CBR systems.

III. Preliminary Discussion and Experiment
Preparation Classification is a class prediction
technique, which is supervised in nature. This
technique possesses the ability to predict the label
for classes, provided that sufficient numbers of
training examples are available [10]. There is a
variety of classification algorithms available,
including Support vector machines, k Nearest
Neighbours, weighted voting and Artificial Neural
Networks. All these techniques can be applied to a
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dataset for discovering set of models to predict the
unknown class label. In classification, the dataset
is divided into two sets, namely the training set
(dependent set) and a test set (independent set).
The data mining algorithm initially runs on the
training set, than later the predicting model is
applied on the test set [5, 12]. The dataset used in
this experiment contains 15 attributes. From a
large list of attributes, only twelve attributes are
chosen. The chosen attributes are namely US
state, population of community, median
household income, median family income, per
capita income, number of people under the
poverty level, percentage of people 25 and over
with less than a 9th grade education, percentage
of people 25 and over that are not high school
graduates, percentage of people 25 and over with
a bachelor’s degree or higher education,
percentage of people 16 and over in the labour
force and unemployed, percentage of people 16
and over in the labour force and unemployed,
total number of violent crimes per 100K
population. There are different methods available
for attribute or feature selection. For this
experiment, manual method was chosen for
attribute selection [16] based on human
understanding and intellect. It is practical,
especially when dealing with a large number of
attributes. It was also taken in account that only
those attributes are chosen, which do not contain
any missing values. Classification was applied
using Decision Tree and Naive Bayesian classifier.
In the first step, the model is built on the training
set with known class label and in the second step;
the proposed model is applied by assigning class
labels on the test set. After performing the
experiment using the above mentioned
classification algorithms, accuracy of both the
algorithms is evaluated, for predicting the ‘Rainfall
Category’ patterns.

1. Rainfall data
The time series rainfall data is gathered from
Institute of Climate Change, University
Kebangsaan Malaysia, Malaysia. The data set
comes from 10 rainfall stations in Selangor state
of Malaysia. The period covered is about 35 years
from 1950 to 2006, with a stamped daily time and
one variable of values. Table 1 shows the
description of the rainfall data sets and shows
examples of the dataset.
Table 1: Rainfall time series data characteristics

Code Stations Period of Time
record series
length
1 Serdang: 5R- Mardi 1975-2003 | 10248
2 Ampang: 1TR-JPS 19532003 | 18300
3 Janaletnk: 21R- Ponsoon | 1953-2003 | 18300
4 Lenggeng NS: 33R-Ldg 19472000 | 19308
5 Eajang Sel: 28R 1975-2004 0882
6 Mantin NS 32R-Setul 1960-2003 | 153738
7 TEM, Sel 31R- 19912004 4758
[ : 1947-1985 | 17568
12E-
o Dominion 33R-Ldg 1970-2006 | 13176
10 LdeCairo NS 40R 1965-2000 | 12810

Daily Flow Data - Year
Sg Langat @ Dengkil

100 1961 1962 1963 1064 RS
Jan 1? 69.93 58.92 68.62 29.72 15.43 64.05 Jan 7173 2744
2? 87.33 66.6 61.18 31.23 14.89 62.43 67.45 27.42
3? 103.4 80.6 65.03 321 16.58 58.18 65.09 2577
4?2 94.94 83.92 78.04 33.32 19.47 52 63.14 2418
5?2 78.35 74.48 88.41 32.68 21.54 51.78 59.62 23.44
62 6844 6476 8794 2765 1689 5527 5505 2250
7? 83.18 57.17 72.26 25.56 149 56.74 49.88 22.53
82 1002 4928 5696 2393 1628 5476 453 2094
9? 131.21 41.93 51.28 24.18 15.59 57.33 4296 31.58
102 1193 3863 4823 29 136 6L97 4197 2504
12 104.42 36.24 43.48 25.99 1273 65.56 38.72 2248
122 9433 343 37103 252 1181 683 367 2214
13?2 86.54 32.67 33.43 25.54 109 70.93 39.97 2051
14?2 78.26 31.28 30.56 25.24 10.38 7117 53.95 19.19
15 15?2 68.57 3114 28.96 29.81 10.12 71.96 63.71 2553
162 5896 384 2101 4074 1012 8LI7 6964 2063
17? 58.46 46.02 26.75 49.17 9.77 84.42 68.08 17.28
187 53.94 41.16 25.99 52.46. 10.49 77.55 58.26 15.83

Fig. 1:Original Rainfall Dataset

2. Rainfall data pre-processing
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Fig, 2:Rainfall Pattern Discovery Framework

Building Classifiers and Measurements In this
part pattern detection algorithm for a rainfall time
series dataset is proposed. However, the adaptive
sliding window algorithm (ASWA) and the
improved case-based reasoning (CBR) approach
namely; the data segmentation phase of pattern
detection adapts the classical sliding window
algorithm (SWA) to compute change points in time
series rainfall data, where the ASWA improves the
SWA with respect to two parameters, namely,
error and window size. In pattern detection phase,
the goal is to detect the class labels of the rainfall
dataset. Two phases of CBR are improved: the
retrieval phase is adapted to compute rainfall
sequences with unequal window sizes and the
revise phase is improving classification accuracy.
Finally, rainfall sequences were classified and
class label as following:
Table 2: Rainfall class Label

Rainfall Range Class Symbaol
0-Zmm/day No rain N
3-10mm/day Light L
11-30mum/day Moderate M
31-60mm'day heavy H

IV. EXPERIMENTAL

JOPAS Vol.17 No. 1 2018

490



Weather Predication Using Classification Methods: An Experimental

Alshareef et al.

In the experiment, a comparison was made of the
performance of NB and SVM algorithms combined
with CBR on weather data. During the
experiment, the preprocessed rainfall signatures
were converted into an .ARFF file, which is the
standard file type for WEKA. Then 10-fold cross-
validations were applied to the input dataset,
separately for the NB and the SVM algorithms.
The accuracy for 10-fold cross-validation for NB
and SVM was 80.2209% and 81.1968%,
respectively (see Table 3). Hence, SVM
outperformed NB when combined with CBR.

Table 3: Accuracy (correctly classified instances)

Method CER SVM NE
Accuracy 20.6086 31.1968 | 202209

V. CONCLUSION

This paper presented a comparison of the

performance of two classification algorithms, SVM

and NB when combined with CBR in predicting
the ‘rainfall. The experimental results showed that

SVM, Support Victor Machine performed better

than NB on the rainfall dataset, using WEKA. It is

evident that CBR can take provide a great
advantage to machine learning algorithms such as

SVM in improving the effectiveness of prediction.

In future research, it is planned to apply other

classification algorithms with CBR as well to

rainfall signatures and evaluate their prediction
performance. Another direction for future work is
to use other techniques for time series
classification and prediction and study their effect
on the prediction performance of different
algorithms
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