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ABSTRACT 

This paper presents a comparison among the different classifiers such as Naïve Bayes (NB), decision tree (J48), 
Sequential Minimal Optimization (SMO), Multi-Layer Perception (MLP), and Instance Based for K-Nearest neighbor 
(IBK) on water quality for datasets of Kinta River, Perak, Malaysia. Classification accuracy and confusion matrix were 
used in this research based on a 10-fold cross validation method. Then, a fusion at classification level between these 
classifiers was applied to get the highest accuracy and see which the most suitable multi-classifier approach for the 
datasets. The water quality datasets were taken from the East Coast Environmental Research Institute (ESERI) of 
University of Sultan Zainal Abidin (UniSZA). The water quality classes were evaluated using 10 factor indices, namely 
DO Sat, DO Mgl, BOD Mgl, COD Mgl, TS Mgl, DO Index, AN Index, SS Index, Class, and Degree of Pollution. The 
results showed that the classification using fusion between IBK+MLP, IBK+SMO, and IBK+MLP+NB+SMO was 
superior to the other classifiers that achieved the higher accuracy with the same percentage of 93.98%. Thus, using multi-
classifier approaches can achieve better accuracy than the single ones. 
 
Keywords: water quality dataset, feature selection, classification performance. 
 
INTRODUCTION 

Recently, data mining has become one of the 
most researched tools for decision makings [1], where it 
discovers new patterns within the data. The classification 
methods can achieve high accuracy in classifying specific 
applications [1] as it classifies a data item into one of 
several predefined categorical classes. Another approach 
that produces higher accuracy performance is a multi-
classifier method. The multi-classifier is a set of base 
classifiers that are combined in order to build new 
example. Moreover, it is a combination of individual 
classifiers that are trained on datasets in a supervised 
classification problem [2]. Multi-classifiers and feature 
selection techniques are mostly used on environmental 
datasets, which shows that that using feature selection 
produces higher accuracy. Other than that, combining 
classifiers shows good classification accuracy and 
produces more accurate results because diverse classifiers 
make different errors on different samples [3]. 

An important source of water supply like as the 
Kinta River, Perak, Malaysia is essential for utilisation and 
production in Ipoh, Perak, Malaysia as water and health 
have a strong link. Having lack of good quality of water 
supply will affect the environment and people. 
Furthermore, the quality of Kinta’s river is reducing due to 
human activities on water quality. Research have found 
that about a billion people do not have safe water, while 
about two to four million deaths a year have been caused 
by consuming unsafe water [4]. Thus, classifying the 
accuracy of water quality is needed in order to get 
improved information about the water quality, which in 
turn helps to reduce the time and cost in monitoring the 
water quality. 

This paper presents the comparison of different 
classifiers and a fusion between classifiers on datasets of 

Kinta River such as NB, MLP, J48, SMO, and IBK. The 
classification models such as Bayes, Rule, Trees, Lazy, 
and Meta were applied to classify the quality of water [5]. 
The complexity, overfitting, and performance aspects are 
considered in the selection process of the classifiers [6]. 
The “WEKA” tool, which stands for the Waikato 
Environment for Knowledge Analysis, is used in this 
paper. 

The rest of this paper is organised as follow: 
Section 2 discusses the classification algorithms, followed 
by the performance evaluation criteria explained in 
Section 3 and a proposed model is shown in section 4. The 
experimental results are shown in section 5 and lastly, 
Section 6 concludes this paper. 
 
Classification algorithms  

J48 has been known to generating decision trees 
and it can be applied for classifying purposes. It predicted 
the target variable of a new dataset record. By dividing the 
data into smaller subsets, each attribute of the data can be 
used to build a decision [7]. Apart from that, the decision 
tree has an advantage in water quality classification. The 
water quality performance can be easily identified by the 
set of terminal nodes [6]. In [8], they used decision trees 
method into construction models to predict 
Phaeocystisglobosa blooms in the Dutch coastal waters.  

In WEKA, the k-nearest neighbours (kNN) 
classifier is called IBK, in which the classification is done 
based on the nearest neighbours. The K-Nearest Neighbor 
(KNN) classification classifies instances based on their 
similarity and it is mostly used in pattern recognition [7]. 
In classifying the quality of drinking water, kNN can also 
be applied. In [9], the combination of different classifiers 
were used to compare with fusion that could achieve a 
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higher accuracy of data by applying k-folds cross 
validation. 

An MLP consists of an input layer, an output 
layer, and one or more hidden layers. The useful 
information are extracted by these layers with map 
modifiable weighting coefficients to components of the 
input layers [7]. The implementation of MLP using the 
Levenberg–Marquardt (LM) algorithm is mainly used in 
classifying water quality of canals in Bangkok [10], while 
the naïve Bayes methods are used in diatoms classification 
[11]. Likewise, another method known as LS-SVM 
achieves good performance with lower complexity to 
improve the accuracy of water quality retrieval [12].  

The fusion of classifiers combines multiple 
classifiers to produce better performance of accuracy [7], 
which uses multiple models to improve prediction 
performance. This research implements a number of 
fusions between classifiers, and this approach is also used 
to manage models and keep the consistency of model and 
data repositories. For instance, the combination of 
performance measures (Acc, FNR and FPR) showed that 
Acc increased and the distance between FNR and FPR 
decreased [13]. Other than that, the multi-classifier tends 
to reduce the variance of classifiers. In single training set, 
the results are less dependent on particularities. Also, the 
multi-classifier aims to reduce the bias. The fusion of 
multiple classifiers may produce a more effectively 
concept class than a single ones. Multi-classifiers are 
usually used in some applications such as in the 
environmental application, text classification, and medical 
application. With a combination of different classifiers, the 
best performance will be achieved.   
 
Performance evaluation criteria 

The evaluation method is based on confusion 
matrix. It is used to show the accuracy of the classifiers in 
classification [7]. The entries in the confusion matrix have 
the following meanings: 
 
 A is the number of correct predictions for clean class, 
 B, C are the numbers of incorrect predictions for clean 

class,  
 E is the number of correct predictions for slightly 

polluted class,  
 D, F are the number of incorrect predictions for 

slightly polluted class,  
 I is the number of correct predictions for very polluted 

class,  
 G, H are the number of incorrect predictions for very 

polluted class, 
 

Table-1. Confusion matrix. 
 

 

The accuracy (Acc) is the measurement of the 
total number of predictions that are marked as correct. It is 
determined using Equation (1). 
 

                  (1) 
 

The performance of a model can be expressed in 
terms of its error rate, which is given by the following 
Equation (2): 

 

    (2) 
 
PROPOSED METHODOLOGY 

Figure-1 depicts the functional block diagram of 
the proposed water quality classification algorithm. 

 
Data pre-processing  

In data input, the data are referred to the 
components of numeric and categorical datasets. Before 
the classification, the pre-processing steps are applied to 
the data. The data will be prepared and filtered to improve 
the quality of data and at the same time, clear the noise of 
data. 

 
Feature selection process 

The next step, a feature selection process, is 
implemented on the water quality dataset. It tends to 
increase the classification accuracy by eliminating noise 
features while irrelevant features are ignored. From 54 
attributes, only ten attributes are selected. Having too 
many features can make it impossible to state a good 
hypothesis. However, having features that do not help 
distinguish between classes adds noise. By using the 
classification approach, the different classifiers are used. 

 
Single classification task 

In classification process, firstly, the single 
classification task takes place. We then test the accuracy 
performance by using single classifiers. This model is used 
for measurement for the next stage.  
 
Multi-classifiers fusion classification task 

Then, in our multi-classifiers fusion classification 
task, we combine multiple classifiers to get the best 
accuracy. We select the highest 2 classifiers in accuracy 
and then the 3rd, then 4th and so on until the accuracy 
decreases then stops.  

In Weka, we select multiple classifiers to be used 
in Weka.classifiers.meta.vote. We select majority voting 
as combinationRule which only works with nominal 
classes, then each of these classifiers will predict a 
nominal class label for a test sample. The label which is 
predicted the most will then be selected as the output of 
the vote classifier. 

We start with combining two classifiers, followed 
by choosing the fusion that achieves the highest accuracy 
and then combine with other classifiers. From two fusions 
of classifiers, three fusions are derived and so on. The 
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fusion level in this stage refers to the number of classifiers 
used in combination process. Repeat the same process 
until the latest level of fusion and pick the highest 
accuracy.  

 
 

Figure-1. Proposed water quality classification algorithm. 
 

EXPERIMENTAL RESULT 
To evaluate the proposed model, these 

experiments were performed. 
 

Single classification task 
Figure-2 shows the accuracy performance for the 

five classifiers with feature selection: NB, J48, MLP, 
SMO, and IBk. MLP and IBk were found to achieve the 
highest accuracy with the same percentage (91.57%), 
followed by SMO (88.55%), which indicated a result 
better than those produced by NB and J48. 
 

 
 

Figure-2. Single classifier in WQ Dataset. 
 

Multi-classifiers fusion classification task 
Figure-3 shows the result of combining IBK and 

each of the other classifiers. We noticed from the test that 
the fusion between IBK+MLP and IBK+SMO marked the 
highest accuracy of 93.98%, followed by IBK+NB 
(91.57%), which indicated a result better than those 
produced by IBK+J48. 
 

 
 

Figure-3. Fusion of two classifiers in WQ Dataset. 
 

Figure-4 displays the result of combining 
between the three classifiers: IBK+MLP+SMO, 
IBK+MLP+NB, and IBK+MLP+J48. From the test, we 
found that the classification accuracy decreased to 
92.77%, while the fusion between IBK+MLP+NB and 
IBK+MLP+J48 achieved the same percentage (92.77%). 
 

 
 

Figure-4. Fusion of three classifiers in WQ Dataset. 
 

Figure-5 shows the result of the fusion between 
four classifiers IBK+MLP+NB+J48 and 
IBK+MLP+NB+SMO. From the test we indicated that 
IBK+MLP+NB+SMO achieved the highest percentage 
with 93.98% followed by IBK+MLP+NB+J48 (92.17%). 
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Figure-5. Fusion of four classifiers in WQ Dataset. 
 
Misclassification rate 

The error rate (misclassification rate, inaccuracy) 
of dataset is shown in Table-2. The fusion of IBK+MLP, 
IBK+SMO, and IBK+MLP+NB+SMO achieved the 
lowest percentage of error rate with 6.02%. Most 
classification algorithms seek models that produce the 
highest accuracy, or equivalently, the lowest error rate 
when applied to the test set.  

 
Table-2. Misclassification rate. 

 

 
 
CONCLUSIONS 

The experimental results in WQ dataset have 
shown that the fusion between IBK+MLP, IBK+SMO, 
and IBK+MLP+NB+SMO with feature selection is 
superior to the other classifiers as the fusion of these 
classifiers achieved the highest accuracy with percentage 
of 93.98%. This shows us that these fusions classifiers are 
indeed suitable for classifying water quality of Kinta’s 
River dataset. 
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