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Abstract: In the past decade many new methods were proposed for gettgrse classifiers due to combination. In this paper a new
method for constructing an ensemble is proposed which ugstedng technique to generate perturbation in trainiagsets. Main
presumption of this method is that the clustering algoritisad can find the natural groups of data in feature spacen@testing, the
classifiers whose votes are considered as being reliabarkined using majority voting. This method of combinatoutperforms

the ensemble of all classifiers considerably on severahrehhtrtificial datasets.
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1 Introduction Masouli divide methods of combining classifiers into two
categories: generative methods, nongenerative methods.
In generative methods, a set of base classifiers is created

P . , %Y a set of base algorithms or by manipulating dataset.
many applications in almost all fields. However, Most of This is done in order to reinforce diversity of base

classification algorithms have obtained good performanc%Iassiﬁers 9, [10. For a good coverage on

for specific problems; they lack enough robustness forC mbinational methods the reader is referredlt@]} and
other problems. Therefore, recent researches are dlrectﬁ)z 1314,15,16]. Theoretical and empirical works
to the combinational methods which have more POWET.oh swed that a good ensemble is one where the individual

g)grft')tirr]ﬁisc;n (;(;zs;atagc?é C?a(l:scsuifriz(g (8&%) gzr?e'bael'%lassifiers have both accuracy and diversity. In other
P words, the individual classifiers make their errors on

considered as a general solution method for patte"bifference parts of the input space€] and [17]. Many

cepatale dlacefiors an T output s combinatin of theifPPToAChes. have been proposed to constuct such
predictions ] and [2. We may see CMC under ensembles. One group of these methods obtains diverse

numerous names like hvbrid methods decisionindiViduals by training accurate classifiers on different
L ; y ; ’ training set, such as bagging, boosting, cross validation
combination, multiple experts, and mixture of experts,

classifier ensembles, cooperative agents, opinion ooIanol using artificial training example,20] [45,46,47,
> , cooperall 9 + opinion p 48,49,?] Another group of these methods adopts different
decision forest, classifier fusion, and combinational

L opologies, initial weight setting, parameter setting and
systems and so on. Combinational methods usually resuttraining algorithm to obtain individuals. For example,

in the improvement of classification, because cIassifiersROsen in p1] adjusted the training algorithm of the
with different features and methodologies can complete : ;
each other 4,5,6] Kuncheva in [,35,36,37,3§ using network by introducing a penalty term to encourage

Condorcet Jury theoreng], has shown that combination individual networks to be decorrelated. Liu and Yao in

of classifiers can usually operate better than sin Ie[22] used negative correlation learning to generate
y op g negatively correlated individual neural network. Thedhir

casser, I meane I more erse clsaiers st e roup s named seecte approach group where the

reduced becahse classifiers with different features anq -, components are selected from'a number of tr'aln.ed

methodologies can complete each otheb[6] Different ccurate networks. For example, Opitz and Shavlik in
423] proposed a generic algorithm to search for a highly

categorizations of combinational classifier systems are. : :
represented in911,39,40,41,42,43 44] Valentini and diverse set of accurate networks. Lazarevic and Obradoric

Nowadays, usage of recognition systems has address
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in [24] proposed a pruning algorithm to eliminate

redundant classifiers; Navone et al. iB5] proposed Level | Combming
another selective algorithm based on bias/variance & Lassi frers

decomposition; GASEN proposed by Zhou et al. 26|

and PSO based approach proposed by Fu et al27h [
also were introduced to select the ensemble components.
In general, an ensemble is built in two steps, that is,
generating multiple base classifiers and then combining
their predictions. According to the styles of training the
base classifiers, current ensemble learning algorithms can
be roughly categorized into two classes, that is, Level 3
algorithms where component learners must be trained
sequentially, and algorithms where component learners

could be trained in parallel. The representative of the first

category is AdaBoos®[g], which sequentially generates a Level 4 Data sets
series of base classifiers where the training instances
wrongly predicted by a base classifier will play more ) ) N
important role in the training of its subsequent classifier. Fig- 1: Different levels of creation of classifier ensemble
The representative of the second category is Bagging

[18], which generates many samples from the original

training set via bootstrap sampling9 and then trains a . . . .
base classifier from each of these samples, whose In the combining of classifiers, we aim to increase the

predictions are combined via majority voting. ResearchPerformance of classification. There are several ways for
on classification systems is an open problem in the patter§®MPining classifiers. The simplest way is to find best
recognition yet. There are many ways to improve theClassifier and use it as main classifier. This method is

performance of classifiers. The new classification system&ffline CMC. Another method that is named online CMC
try to investigate errors and propose a solution toYS€S all classifier in ensemble, for example, by voting. We

compensate them3(]. One of these approaches is will show that combining method can improve the result

combination of classifiers. Dietterich i8] has proved ©f classification.

that a combination of classifiers is usually better than a

single classifier, by three kinds of reasoning: Statistical

computational and pictorial reasoning. However, there are3 Proposed Method

many ways to combine classifiers; there is no proof to

determine the best on&7). One of the most important 3.1 Background

characteristics of combination of classifiers is diversity

We try to preserve the differences between classifiers. Inin this article, classification problem for a particular &in

this way, we can investigate more aspects of data. Irof dataset is argued. The goal is to break each class data

section 2 we will briefly overview combining classifier into smaller subclasses such that error rate in each

levels. We will try in section 3 to obtain diverse classifiers subclass is less than a threshold. It has been assumed that

using manipulation of dataset labels. And finally section 4a class of data can include more than one cluster. For

is papers conclusion. example in Farsi handwritten optical character
recognition problem, digit 5 is written at least in two
kinds of shape (2 clusters). This problem is shown in

2 Combining Classifiers Figure 2. In Bf], it is shown that changing labels of
classes can improve classification performance. So initial

In general, creation of combinational classifiers may be indigit ?5? class is divided into two subclasses, digit '5’

four levels. It means combining of classifiers may happentype 1 and digit '5’ type 2, in order to ease classification

in four levels. Figure 1 depicts these four levels. In levelgoal of learning digit '5’ initial class complicated

four, we try to create different subset of data in order toboundaries. According to7], if we have some really

make independent classifiers. Bagging and boosting arendependent classifiers better than random classifiers, the

examples of this method §], [33]. In these examples, we simple ensemble (majority vote) of them can outperform

use different subset of data instead of all data for training their average performance in accuracy. Generally even if

In level three, we use subset of features for obtainingwe increase the number of those independent classifiers,

diversity in ensemble. In this method, each classifier iswe can reach to any arbitrary accuracy, even 100%. But

trained on different subset of feature3?], [34,35. In the problem restricting us for this goal is our incapability

level two, we can use different kind of classifiers for in obtaining those really independent classifiers.

Level 2

creating the ensemble3?. Finally, in the level one, It implies that making an ensemble of classifiers
method of combining (fusion) is considered. cannot surely always lead to generating diverse outputs
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Fig. 2: Data of class '5’ and '0’; 5is in leftand O is in right

by those classifiers; indeed their mistakes usually
coincide with each other as well as their correct results.
We are looking to find these really independent and
approximately accurate (at least more accurate than
random) classifiers with a method that will be examined
in following section.

3.2 Proposed Algorithm

-0

In proposed solution, according to error rate of each class,

the class is divided into some subclasses in order to ease

learning of decision boundaries by classifier. For a better

understanding have a look at Figure 3. (b)
As we can see, number of classes has changed in

Figure 3-b compare to Figure 3-a. Also boundaries infjg. 3: (a)A dataset with 3 class in wich class 1 contain 2

Figure 3-a are more complicated than Figure 3-b. Thisgypclass. (b)Class 1 divided into 2 cluster to ease learning
problem in dimension more than 2 will be probably more of houndries in comparison with fig 3-A

crucial. In this article the presumption is that a class is

composed of more than one cluster which means that in a
classification process with ¢ classes, the number of real
classes may be different from c.

For example in Farsi handwritten OCR we encounter
to a 10 classes classification problem, it means solving this
problem needs a 10 class classifier. As itis shown in Figure
4, some people write '5’ digit like Figure 4-a while some
others do it like Figure 4-b. It is obvious that Figure 4-
b is so similar to 'O’ digit in Persian language that even
human cannot recognized it well. So in features space, this
type of digit ?5? is near to digit ‘0" and simultaneously
differs from digit '5’ type one. In other words, they form
two clusters which are in the same real class in feature
space.

Suppose that we firstly separate digit '5’ type 1 from
digit '5’ type 2. Then they are given to a new classifier as
2 distinct subclasses. The new classifier can probably
distinguish type 2 of digit '5’ class from digit O class.

Now the data of type 2 and also those of type 1 are placedbetween classes 0 and 5 will be increased. It is very
alongside other data as two distinct subclasses. After thgbrobable that accuracy between classes 5 type 1 and 5
if we give them to a classifier, because of the newtype 2 be high owing to their membership in the same
simplicity in the decision boundaries, the accuracyclass, but it is not important for classification at all;

?:ig. 4: Class 1 divided into 2 cluster to ease learning of
boundries in comparison with fig 3-A

(@© 2013 NSP
Natural Sciences Publishing Cor.


www.naturalspublishing.com/Journals.asp

120 NS 2 Z. Rezaei: New Combined Clustering Method for...

because creation of these two subclasses is a temporaBy Finally the current classifier is added to the ensemble
operation for classifier to better understand featuresand this iteration is concluded. After above loop, the
space. In Figure 5, you can see the pseudo code of theutputs of all classifiers in the ensemble on test set are
proposed algorithm. fused using majority vote mechanism, and the algorithm
returns accuracy of ensemble and ensemble itself. All
_ o classifiers existing in the ensemble are support vector
Algorithm1(original data set); m(1: N machine. It can be said about time order of this algorithm
numberof_classes)=1; validation data, training data, test  that the method just multiplies a constant multiplicand in
data = extract (original data sefyy i=1 to the time order of simple algorithm (training a simple
numberof classeslo classifier). Suppose that the time order of training a

dataof_class(i)=extractlataof_eachclass(trainin . o . .
data); end fo(r) ( g simple classifier on a dataset with n datapoints and c

end classes is O(f(n,c)), also assume that the time order of
for c=1 to maxiteration train(classifier, training data, clustering on that dataset is O(g(n,c)) and also m to be the
validation set);do number of maxteration. Then the time order of this
error=computesrerror.on_eachclass(classifier, method is ?(m*f(n,c)+c*g(n/c,q))) where q is a number
validation set)for i=1 to numbetof_classesio that in average and experimentally is less than c; provided
if error(i)¢ error_thresholdthen that clustering is performed in each iteration. For
m(i)=m(i)+1; simplicity assume that time order of clustering and
clusters(i)=robustuzzy_cluster(dateof_class(c),  training a classifier on a dataset are approximately the
m(')%'(‘;)f‘;f‘(ri?_el(_c'“ters('»he“ same. It is obvious that g(n,c) is not a linear function and
cIusters(i)=robusfuzzy_cluster(data)f_class(c)g(n/C’q)iig(n’c) where Qi?- We also assumed that
m(); end if g(n,c) f(n,c), then g(n/c,q)..f(n,q). So we come to the
end conclusion that factor c*g(n/c,q) is negligible in compare
end if to factor f(n,c). Consequently the time order of the
end method will be O(m*f(n,c)) which is worse than initial
end for classifier time order just as little as a constant
end o ) multiplicand. Of course this waste of time is completely
relabel training set using clusters; tolerable against important achieved accuracy. This

saveclassifiers(c)=classifier; end for approach is tested on real datasets WDBC, BUPA and

BALANCE SCALE and also non-real datasets number 1,
2 and 3. You can see these three datasets in Figure 5.

end
for i=1 to maxiterationdo

| out(i)=test(saveclassifiers(i),test data); end for
end
ensemble=majorityote(out(1.. maxteration));
accuracy=computaccuracy(ensemble); return

accuracy,savelassifiers; 4 Z
Algorithm 1: Pseudo code of proposed algorithm SR—_ 1 i d:.,&'-‘.‘ﬁ
,.

As you can see at the Figure, this method get dataset . . .
as input, and put it into three partitions: training sett tes F19- 9+ 3 datasetnumber 1, 2 and 3 left to right respectively
set and validation set. Here, the training set, test set and
validation set contain 60%, 15% and 25% of entire

dataset respeciely. Then the daa o each class 1 [ 1E5E NonTea datesls conian 200 g poits
extracted from the original training dataset. Firstly we : Y '

initial the number of cluster in each class to one. After Ej?f[?grréi? 'i?et;?ilgrs{sl}?é?sréts"jg;erirne(ij{\r/g?;éagfds t ;3:”’
that we repeat the following process as many as th y

predetermined number. This predetermined number ii)etter accuracy t.h'an i'nitial classifier. Of course the
considered 10 here: 1 .At first a classifier is trained Onensemble of classifiers is not always better than the best

training data. 2. Using validation data, error rate of eachcrllaesg\'féer; O;Izrcggfrzrgg; g?\r;ltrlr?gsst' i?nUtoa:ltr;r(ljtsits ';[h': fi\lé(t)\t/r?at
class is approximated. 3. We increase the number o* 9 P

clusters in each class with error rate greater than a. allwaysd outp_grfo(;ms initial dcla55|f||er.hTh|s metrf]mdlllsl
threshold, by one, and also then data of that class s Ve uated on iris dataset and resuit shows such a little
clustered using fuzzy K-means. If this clustering causes tdmprovement .that we prefe.r' not to report it. It can be'
creation of a sparse cluster, we will rollback the entire result of ?jpemallshapeds of |r|s|classes 35 each of them is
process of this section for that class. We decrease th&0MPOse of only one dense cluster and not more.
number of clusters in that class, and then recluster those

data with decreased number. 4. After that according to

clustering in the previous section, the data are relabeled.
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Table 1: result of proposed algorithm?s run on unreal dataset nutnber

Iteration 1 | lteration 2 | lteration 3 | Iteration 4 | Iteration 5 | Ensemble | Average
Runl | 0.75 0.73333 0.76667 0.75 0.78333 0.8 0.7567
Run2 | 0.75 0.76667 0.6 0.66667 0.78333 0.7667 0.7133
Run3 | 0.76667 0.76667 0.75 0.8 0.75 0.8167 0.76667

Table 2: result of proposed algorithm?s run on unreal dataset nuthber

Iteration 1 | lteration 2 | lteration 3 | Iteration 4 | Iteration5 | Ensemble | Average
Runl | 0.75 0.76667 0.73333 0.71667 0.76667 0.76667 0.7467
Run?2 | 0.68333 0.7 0.68333 0.73333 0.66667 0.7167 0.6933
Run 3 | 0.68333 0.8 0.5 0.65 0.8 0.8167 0.6767

Table 3: result of proposed algorithm?s run on unreal dataset nugber

Iteration 1 | lteration 2 | lteration 3 | Iteration 4 | Iteration5 | Ensemble | Average

Runl1 | 0.61667 0.81667 0.95 0.85 0.78333 0.9333 0.8033
Run2 | 0.63333 0.75 0.75 0.61667 0.78333 0.75 0.7067
Run 3 | 0.76667 0.78333 0.83333 0.7 0.75 0.78333 0.6767

Table 4: result of proposed algorithm?s run on balasctae real dataset

lteration 1 | Iteration 2 | lteration 3 | lteration4 | Iteration5 | Iteration 6 | Iteration 7 | Iteration 8 | Iteration 9 | Iteration 10 | Ensemble | Average
Run 1] 0.922 0.922 0.9358 0.9272 0.9272 0.9272 0.9272 0.9272 0.9272 0.9274 0.9272 0.928
Run 2| 0.945 0.945 0.943 0.943 0.951 0.945 0.945 0.945 0.945 0.943 0.943 0.944

Table 5: result of proposed algorithm?s run on bupa real dataset

lteration 1 | Iteration 2 | Iteration 3 | Iteration4 | lteration 5 | Iteration 6 | Iteration 7 | lteration 8 | lteration 9 | Iteration 10 | Ensemble | Average
Run1| 0.64706 0.64706 0.66176 0.64706 0.66176 0.64706 0.65471 0.66176 0.60294 0.72059 0.6775 0.6512

Run 2 | 0.70588 0.67647 0.70588 0.69118 0.67647 0.70588 0.67647 0.64706 0.67647 0.73529 0.70588 0.68971
Run 3| 0.57353 0.58824 0.58824 0.60294 0.54412 0.61765 0.69118 0.60294 0.63235 0.60294 0.60100 0.60440

Table 6: result of proposed algorithm?s run on Wdbc real dataset

Iteration 1 | Iteration 2 | Iteration 3 | lteration4 | lteration 5 | Iteration 6 | Iteration 7 | lteration 8 | Iteration 9 | lteration 10 | Ensemble | Average

Run1 | 0.946 0.9469 0.95575 0.9469 0.9292 0.93805 0.9469 0.9469 0.9469 0.9469 0.9469 0.9451

Run2 | 0.955 0.95575 0.97345 0.95575 0.95575 0.9469 0.93805 0.93805 0.9469 0.9469 0.9646 0.9513

Run 3| 0.964 0.9823 0.97345 0.9646 0.9469 0.95575 0.93805 0.9115 0.95575 0.93805 0.9735 0.60440
@© 2013 NSP
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4 Conclusion [11] H. Parvin, H. Helmi, B. Minaie-Bidgoli, H. Alinejad-Ray,
H. Shirgahi, Linkage learning based on differences in local

It was shown that the necessary diversity of an ensemble optimums of bu.ilding plocks with one optima, International
can be achieved by clustering data points of each multipart _Journal of Physical Sciences, 6(14): 3419-3425 (2011).
class. The method was explained above in detail and th&t2] H- Parvin, B. Minaei-Bidgoli, H. Alinejad-Rokny, S. @tei,
result over real and non-real dataset prove the correctness AN innovative combination of particle swarm optimization,
of our claim. As it was mentioned before, this method is learning automaton and great deluge algorithms for dynamic
sensitive to shape of dataset. It cannot work well on those environments, Intemational Journal of Physical Sciences

of datasets with very singular dense classes 6(22): 5121-5127 (2011).
ysing ' [13] H. Parvin, H. Alinejad-Rokny, S. Parvin, A Classifier

Ensemble of Binary Classifier Ensembles, International
Journal of Learning Management Systems, 1(2): 37-47
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