Generating Fuzzy Rules for classifier fusion
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Abstract

This paper addresses the issues in developing a fuzzy
system for multiple classifier fusion. The proposed
new approach has advantage in automatically
generating fuzzy rules and determining the structure of
the fuzzy system. Partitioning the attribute space into
small regions can increase the description accuracy of
the fuzzy system, but the number of training samples
fall in each region will be decreased, and the reliability
of the derived rules will be decreased also. To resolve
this problem, we use membership functions with broad
support set in the learning step, and propose an
evaluation method to determine the structure of the
fuzzy system. Experimental results are compared with
other classifier fusion methods such as multi-response
linear regression and neural network.
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1. Introduction

This paper focuses on integrating multiple classifiers
for the case of each classifier outputs a probability
mass function. The system integrates all these
functions and outputs a new probability mass function
which is used to classify incoming samples. Function
approximation methods, such as Multi-response linear
regression (MLR) is recommended for this task [1,2].
However, MLR integrates classifiers in a linear
manner which makes it ineffective for non-linear
applications.

Recently, there has been a great deal of interest in
applying fuzzy techniques for nonlinear function
approximation [3]. Fuzzy techniques have many
attractive  characters: (1) Comprehensible; (2)
Model-free; (3) Providing a linguistic framework for
the fusion of expert or background knowledge and
knowledge derived from data [4].

Fuzzy system has been used for data fusion by
many users. See reference [5,6] for example. One
problem has not been resoled in this field is how to
determine the structure of the fuzzy system
automatically. In reference [5], the number of
membership functions used for fuzzification is
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determined in advance. In reference [6], a quality
evaluation measure is proposed to help the user to
adjust the parameters of the fuzzy system. But the
proposed measure is not a complete result evaluation
measure, and the parameters can not be determined
automatically.

Based on Label semantics [7], N.J.Randon
proposed a Fuzzy Semi-Naive-Bayes classifier [8]. It
is reported that the best result of the
Semi-Naive-Bayes classifier outperform a set of well
known benchmark classification algorithms. However,
the method to determine the number of membership
functions used for each attribute is not resolved.
I.Rojas proposed a self-organized fuzzy rule
generating procedure for function approximation in [3].
In his method a large number of membership functions
are assigned in the regions where the fuzzy system’s
error value is high. For classifier fusion problem, such
regions usually contain small number of samples,
further partition them will result in over learning.

In this paper we discusses the issues in
developing a fuzzy system to integrate multiple
classifiers, Partition the attribute space into small
regions can increase the description accuracy of the
fuzzy system, but the number of training samples fall
in each region will be decreased, and the reliability of
derived rules will be decrease also. To resolve this
problem, we use membership functions with broad
support set in the learning step, and propose an
evaluation method to determine the appropriate
structure of the fuzzy system.

2. Classifier Fusion by Fuzzy System

The proposed approach for classifier fusion has four
steps. Firstly, the output values of the classifiers are
fuzzified initially. Secondly, a learning procedure is
used to generate the fuzzy rules. Thirdly, a classifier is
derived based on the fuzzy rules. Finally, the
parameters of the fuzzy system are determined using
an evaluation method.

Let{Cl,---Cj,---CN} be a set of N classifiers
generated on a single training data set S, and
2 ={w,,w,---wg} be the set of possible class values.
For each sample x, the output of a classifier C; is a
probability distribution vector:



P,(x) = {P; (@ | %), P, (g | %)}

where P; (o; | x) €[0,1] . For simplicity, denote
P;(o; | x) by attributev’,. Based on a cross validation
procedure each training sample x; can be
transformed into a meta-level training
sample {5y, v, -+ vy}, with ¥, ={v%,vZ---vK}, and
the training set § can be transformed into a meta-level
training set [2]:

DB :{(yn"_jl"—}Z '”‘—}N)ln :11N}

where y, isthe class label.

2.1. Fuzzification

For an attribute v, we first partition the range of it
into crisp intervals and then specify membership
functions for every interval. Represent each interval by
a linguistic label, Then the attribute can be described
by a set of linguist labels: L4' ={T},---,T},}.
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Fig.1 Distribution of the classifiers output

If the classification accuracy of the classifiers is
high, then the outputs of the classifiers will
concentrate on some regions in the output space, and
there will be many regions that contain rather few
samples, as can be seen in fig.1.

After fuzzification, the output space is partitioned
to many overlapped fuzzy cells. Each fuzzy cell
corresponds to a set of linguistic labels. If the fuzzy
cells are small, then there will be many fuzzy cells that
contain rather few even none of samples. Thus in the
learning step, the knowledge acquired from training
samples in these fuzzy cells will be very little, and the
generated fuzzy rules will be not reliable.

The size of the fuzzy cells is determined by the
support set of the membership functions. Small
support set membership functions will lead to small
fuzzy cells.

Many authors wuse triangular membership
functions or trapezoidal membership functions when

designing fuzzy system [3,4,5,6,7,8]. The support set
of these membership functions is rather small, so they
can not be used for the case of classifier fusion. In our
work, we use membership functions in the form:

1 if x=c!
n, = 0 ifx:ci&i;tj

x]
1
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X —C, N

where, ¢/ represents the center of the jth
membership function of attribute v, » e{L,2}. This
kind of membership function has been used in fuzzy
c-mean clustering successfully [9]. Its support set
contain almost the whole range of the attribute.

In the classification step, in order to get proper
rules to calculate the output value, we use triangular
membership functions which have small support set.

Having decided the form of the membership
functions, a question remains of how to partition the
attribute range. In [8] two partition method are
recommended: Uniform Partitioning and Non-Uniform
Partitioning. The former evenly partitions the range
into a pre-specified number of regions, whereas the
later uses additional information extracted from
database by sorting the values of attributes into
ascending order and then defines a crisp partition for
each linguistic value so that each partition contains
equal number of values.

In order to generate fuzzy rules for classifier
fusion, we use Uniform Partitioning in our system.
This is based on two reasons. First, the distributions of
the output probabilities for different class are different.
If we use Non-Uniform Partitioning method, then the
partitions for different class may be different, and the
output probabilities for different class will be not
compatible. Second, the samples that result in
classifier conflict usually fall in the regions which
contain few samples. Properly classify these samples
is rather important in classifier fusion system. So by
Uniform Partitioning we treat all the regions evenly.

)
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2.2. Generating fuzzy rules
For aclass o, , let the outputs of the classifiers be

attributes: v, v{,---v, . Further suppose that we select

a set of labels LAJ. for each attribute vj. From the

meta-level training set DB we select the samples that
belong to class w, as a subset DB, .Then a joint

671



probability distribution over the linguistic labels
conditional on class w, can be learned from DB,

[8]:

Pt TV o)== > HuT,(v (x,) @

x;eDB, i1

| ’

where 7/ €ld;and D5 ‘is the number of the
q

samples in subset DB, , vjq. (x;)is the probability of
x; €, , output by classifier C;.

Based on Bayes’ theorem, we can estimate the
conditional probability of class «w, given a set of

linguistic labels 7*,72...T"

Y- Kp(‘”q)P(lev
D> )Tt TV o))
=1
Suppose the prior probabilities for each class are
the same, we have:

o)

plo, |7,

p(Th TV |o,)

plo, | T TV)=— (4)
Zp(rl,~-~,r”|w,)
j=1
Thus for each set of linguistic labels
Tt TV we get a rule:

IF classifier C;’s output IS 7%,

AND classifier C, ’soutputIS 7V

THEN the probability that the sample belongs to
class o, 1S p(o, |T-,T").

2.3. Classification

To classify an incoming sample x, we transform it into
a meta-level sample and estimate the post probability
of class w, as:

Prea)= D plo, T ,TN)HuT o). ()

TLA, TV el 4y

Then we derive a Bayes classifier which
classifies an incoming sample into the class which has
the maximum post probability.

2.4. Determining the system structure

Because we use Uniform Partitioning method to
partition the attribute range, only the number of
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membership functions used for each attribute needs to
be determined

The proposed fuzzy system is designed for
classification problem, so the classification error rate
on the training data set is a good measure to evaluate
the system performance. Cross-validation can be used
to do such work, but it is time-consuming.

In the cross-validation procedure, each turn to
classify one or more samples, the system needs to be
redesigned. To overcome this problem, we develop a
compensation method to reduce the influence of the
testing sample on the fuzzy system.

Having learned a joint probability distribution
over the linguistic labels according to formula (3), we
now modify it to reduce the influence of a meta-level

sample v (x;),vd (x; ), vi (x;):
pn(T1 - TV o,)
(2 HHT 04 () - HuT (GHEM)
|DB| x,€DB, j=1

e B‘ ¢\DBH(P<T‘1 STV o) = Huf(vq(xk)» (6)

After that, we modify the conditional probability
of class w, given a set of linguistic labels
71,7V and classify the training sample. The
classification error rate based on this procedure is
compatible with that based on cross-validation. So it
can be used to evaluate the performance of the fuzzy
system.

In experiments, we assume that the number of
membership functions used for each attribute can be
limited in a reasonable range, and use the proposed
evaluation method to determine the proper number of
labels for each attribute.

3. Experiment design

To evaluate the performance of the new approach, we
select four dataset from the ELENA project as well as
the UCI data set repository: Clouds, Phoneme,
Satimage and waveform. These data sets are carefully
selected so that they have distinct characteristics and
are deemed useful by previous researchers.

Two classifiers are used in the experiments:
support vector machine and Kk-nearest neighbor
classifier.

For the k-nearest neighbor classifier, the output
class probability is determined by the ratio of the
number of the samples that belong to each class in the
k nearest neighbors of the incoming sample to %.



As for the support vector machine, there are two
cases: two-class problem and multiple-class problem.
In two-class problem, the value of the decision
function is used to determine the output probability
mass function.

The multiple-class problem is transformed into
multiple two-class problems. Suppose j classifiers
from the all the k classifiers assign a sample x to class
o+, then the probability that x belongs to this class
can be estimated by j/k .

In experiment, the four data set used are
partitioned into training set and testing set with equal
size. Then the initial data sets are transformed into
meta-level data sets based on the methods above. After
that we use ten run cross-validation to obtain the
classification error rates compares our fusion method
with other fusion methods.

Table |
Classification error rates of the individual classifiers
and different classifier fusion method on testing sets of
four data sets.

Clouds Phoneme Satimage Waveform
(%) (%) (%) (%)
SVM 11.32+0.38 | 1652+ 0.86 | 11.95+ 0.42 | 13.84+ 0.46
k-NN 1149+ 041 | 1485+ 043 | 11.06+ 0.56 | 16.33+ 0.72
MLR+ | 11.17+ 0.33 | 14.89+0.49 | 1097+ 0.50 | 16.00+ 1.08
MLR 1117+ 0.24 | 1534+ 0.48 | 1091+ 0.56 | 14.99+ 0.57
MLP 11.04+ 044 | 1561+048 | 11.71+£ 051 | 13.78+ 0.40
FR 1092+ 0.38 | 1480+ 0.68 | 10.49+ 054 | 13.70+ 0.38

4. Experiment results

Our method (FR) was compared with
multi-response linear regression and neural network.
Two kinds of multi-response linear regression method
are used: multi-response linear regression with
restriction that regression coefficient to be
non-negative (MLR+) and multi-response linear
regression  without  restriction  that regression
coefficient to be non-negative (MLR) [1]. Multilayer
perceptron (MLP) is used for a representative of neural
network. Based on ten-run cross-validation we obtain
the classification error rates on the four data set used.
Table I presents the results.

Table T shows that the classification error rate
of our method is lower than that of the other three
fusion methods. Moreover, our method has advantage
in comprehensibility and the capability to integrate
background knowledge and data.

5. Conclusions

Methods for developing fuzzy system for multiple
classifier fusion were proposed. Two special problems
have been solved: learning in the regions which
contain few samples and the problem to determine the
structure of the fuzzy system.

Experiments results show that the new approach
has increased the classification accuracy. Further more,
fuzzy system has many attractive characters, so the
new approach is expected for many real applications.
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