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Abstract—Feature clustering is a powerful method to reduce the dimensionality of feature vectors
for audio 120 kbps classifications. In this paper, we propose a fuzzy similarity-based selfconstructing algorithm for feature clustering. The sounds in the feature vector of an audio set a
regrouped into clusters, based on 120 kbps similarity test. Sounds that are similar to each other are
grouped into the same cluster. Set tempo to the sound 120 kbps for more accuracy results and
reliability .When all the sounds have been fed in, a desired Number of clusters are formed
automatically. We then have one extracted feature for each cluster. The extracted feature,
corresponding to a cluster is a weighted combination of the sounds contained in the cluster. By this
algorithm, the derived membership Functions match closely with and describe properly the real
distribution of the training data. Besides, the user need not specify the number of extracted features
in advance and trial-and-error for determining the appropriate number of extracted feature scan then
is avoided.
Index Terms—feature clustering, feature reduction, audio classifications.
I. INTRODUCTION
In text classification, the dimensionality of the feature vector is usually huge. For example,
20 different sounds which are two real-world data Sets both have more than 15,000 features. Such
high dimensionality can be a severe obstacle for classification Algorithms [3],[4].To alleviate this
difficulty, feature reduction approaches are applied before file classification tasks are performed
[5].Two major approaches, features selection [6],[7],[8],[9],[10]and feature extraction
[11],[12],[13],have been proposed for feature reduction. In general, feature extraction approaches are
more effective than feature selection techniques, but are more computationally expensive [11], [12],
[14]. Therefore, developing scalable and efficient feature extraction algorithms is highly demanded
for dealing with high-dimensional audio data sets.
Classical feature extraction methods aim to convert the representation of the original highdimensional audio set into a lower-dimensional data set by a projecting process through algebraic
transformations For example, Principal Component Analysis [15], Linear Discriminate Analysis
[16], Maximum Margin Criterion [12], and Orthogonal Centroid algorithm [17] perform the
projection by linear transformations, while Locally Linear Embedding [18], ISOMAP [19], and
Laplacian Eigenmaps[20] do feature extraction by nonlinear transformations. In practice, linear
algorithms are in wider use due to their efficiency. Several scalable online linear feature extraction
algorithms [14],[21],[22],[23] have been proposed to improve the Computational complexity.
However, the complexity of these approaches is still high. Feature clustering [24],
[25],[26],[27],[28],[29] is one of effective techniques for feature reduction in audio classification.
The idea of feature clustering is to group the original features into clusters with a high degree of pair
wise semantic relatedness. each cluster is treated as a single new feature, and, thus, feature
dimensionality can be drastically reduced.
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The first feature extraction method based on feature Clustering was proposed by Baker and
McCallum[24],which was derived from the “distributional clustering” idea of Pereira et al.[30].AlMubaid and Umair [31]used distributional clustering to generate an efficient representation of files
and applied a learning logic approach for training audio classifiers. The Agglomerative Information
Bottle neck approach was proposed by Tishbyetal.[25],[29].In these feature clustering methods, each
new feature is generated by combining a subset of the original sounds. A sound is exactly assigned
to a subset, i.e. hard-clustering, based on the similarity magnitudes between the sound and the
existing subsets, even if the differences among these magnitudes are small. Also, the mean and the
variance of a Cluster are not considered when similarity with respect to the cluster is computed.
Furthermore, these methods require the number of new features be specified in advance by the user.
We propose a similarity-based self-constructing feature clustering algorithm, which is an
incremental feature Clustering approach to reduce the number of features for the audio classification
task. The sounds in the feature vector of a File set are represented as distributions, and processed one
after another. Sounds that are similar to each other are grouped into the same cluster. Each cluster is
characterized by a membership function with statistical Mean and deviation. If a sound is not similar
to any existing cluster, a new cluster is created for this sound. Similarity between a sound and a
cluster is defined by considering both the mean and the variance of the cluster. When all the sounds
have been fed in, a desired number of clusters are formed automatically. We then have one extracted
feature for each cluster. The extracted feature corresponding to a cluster is a weighted combination
of the sounds contained in the cluster. Three ways of weighting, hard, soft, and mixed, are
introduced. By this algorithm, the derived membership functions match closely with and describe
properly the real distribution of the training data. Besides, the user need not specify the number of
extracted features in advance, and trial-and error for determining the appropriate number of extracted
features can then be avoided. Experiments on real-world audio sets show that our method can run
faster and obtain better extracted features than other methods.
The remainder of this paper is organized as follows: Section2 gives a brief back ground about
feature reduction. Presents the proposed similarity-based self-constructing feature clustering
algorithm.
II.

BACKGROUND AND RELATED WORK

To process files, the bag-of-sounds model [32], [33] is commonly used. Let F = {f1,
f2,…..,fn} file set of n files, where f1,f2,…..,fn are individual file sets, and each file set is belongs to
one of the classes in the set { c1,c2,………..,cp}. If a file set belongs to two or more classes, then
two or more copies of the file with different classes are included in F. Let the sound set
S={s1,s2,……..,sm} be the feature vector of the file set. Each file fi, 1≤i≤n, is represented as fi=<fi1,
fi2,……,fim},where each fij denotes the number of occurrences ofSj in the ith file set. The feature
reduction task is to find a new sound set S’ = {s’1, s’2,…,s’k} , k<<m, such that S and S’ work
equally well for all the desired properties with D. After feature reduction, each file di is converted
into a new representation f1’ = < f’i1, f’i2,…,f’ik> and the converted file set is F’ = <{f’1,
f’2,…,f’n} . If k is much smaller than m, computation cost with subsequent operations on D’ Can be
drastically reduced.
A. Feature Reduction
In general, here are two ways of doing feature reduction, feature selection, and feature
extraction. By feature selection approaches, a new feature set S’ = { S’1, S’2,…,S’k} is obtained,
which is a subset of the original feature set S. Then S’ is used as inputs for classification tasks.
Information Gain (IG) is frequently employed in the feature selection approach [10]. It measures the
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reduced uncertainty by an information-theoretic measure and gives each sound a weight. The weight
of sounds is calculated as follows:
IG (w’j) = -∑
+ P(Sj)∑

+P(wj)∑

.(1)

where P(c1) denotes the prior probability for class c 1 , P(sj) denotes the prior probability for feature sj
,p(sj) is identical to 1-p(sj), and p(c1\sj) and p(c1\sj) denote the probability for class c 1 with the
presence and absence, respectively, of sj. The sounds of top k weights in w are selected as the feature
in S’.
In feature extraction approaches, extracted features are obtained by a projecting process
through algebraic trans-formations. An incremental orthogonal centroid (IOC) algorithm was
proposed in[14]. Let a corpus of files be represented as an m×n matrix X Rm×n, where m is the
number of features in the feature set and n is the number of files in the file set. IOC tries to findan
optimal transformation matrix F Rm×k, where k is the desired number of extracted features,
according to the following criterion:
F* = arg max trace(FTSbF),

(2)

where F Rm×kand FT F = I, and
Sb=∑

(cq)(Mq-Mall)(Mq-Mall)T (3)

With p(cq) being the prior probability for a pattern belonging to class Cq, Mqbeing the mean vector
of class Cq, and Mall being the mean vector of all patterns.
B. Feature Clustering
Feature clustering is an efficient approach for feature reduction [25], [29], which groups all
features into some clusters, where features in a cluster are similar to each other. The feature
clustering methods proposed in[24], [25], [27], [29] are “hard” clustering methods, where each sound
of the original features belongs to exactly one sound cluster. Therefore each sound contributes to the
synthesis of only one new feature .Each new feature is obtained by summing up the sounds
belonging to one cluster. Let D be the matrix consisting of all the original files with m features and
D’ be the matrix consisting of the converted files With new k features. The new feature set W’ = {
w1’,w2’,…wk’} correspondstoa partition {W1,W2,...,Wk} of the originalfeatureset W,i.e., Wt Wq
= , where 1≤q , t≤k and t q. Notethataclustercorrespondstoanelement in thepartition.Then,the tth
featurevalueofthe converted document d’ iscalculatedasfollows:
d’it = ∑

ij………………………………(4)

Which is a linear sum of the feature values in Wt. The divisive information-theoretic feature
clustering(DC)algorithm, proposed by Dhillonetal. [27] calculates the distributions of sounds over
classes, P(C/Wj) 1 ≤ j ≤ m , Where C = { c1,c2,….cp}, and uses Kullback-Leibler di- vergence to
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measure the dissimilarity between two distributions is calculated. The distribution of a cluster Wt as
follows:
P(C│Wt)

∑

P(C│wj)………..(5)

∑

The goal of DC is to minimize the following objective function:
∑

∑

P(wj)KL(P(C│wj), P(C│Wt))……..(6)

Which takes the sum over all the k clusters, where k is specified by the user in advance.
III.

OUR METHOD

There are some issues pertinent to most of the existing feature clustering methods. First, the
parameter k, indicating the desired number of extracted features, has to be specified in advance. This
gives a burden to the user, since trial-and-error has to be done until the appropriate number of
extracted features is found. Second, when calculating similarities, the variance of the underlying
cluster is not considered. Intuitively, the distribution of the data in a cluster is an important factor in
the calculation of similarity. Third, all sounds in a cluster have the same degree of Contribution to
the resulting extracted feature. Sometimes, it May be better if more similar sounds are allowed to
have Bigger degrees of contribution. Our feature clustering Algorithm is proposed to deal with these
issues.
Suppose, we are given a file set F of n file set f1,f2,…..,fn, together with the feature vector w
of m sounds s1,s2,…sm and p classes c1,c2,…..,cp, as specified in section 2. We construct one sound
pattern for each sound in w. For sound si its sound pattern xi is defined, similarly as in [27], by
X i = <xi1,xi2……..xip>
= <P(c1│wi), P(c2│wi),…..,P(cp│wi)>……………….(7)
Where
P(cj│wi) =

∑

…………………(8)

∑

for 1 <=j<=p. Note that fqi indicates the number of fi in file fq ,as described in Section2. Also, fqi is
defined as
qj

={

, …………………..(9)

Therefore, we have m sound patterns in total. For example, suppose we have four files f1, f2, f3, and
f4 belonging these to c1, c1, c2 and c2, respectively. Let the occurrences of w1 in these files be 1,2,3,
and ,4, respectively. Then, the sound pattern x1 of S1 is:
|
|
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…………………..(10)

It is these sound patterns, our clustering algorithm will work on. Our goal is to group the sounds in S
into clusters, based on these sound patterns. A cluster contains a certain number of sound patterns,
and is characterized by the product of p one-dimensional Gaussian functions. Gaussian functions Are
adopted because of their superiority over other functions in performance [34], [35].Let G be a
cluster, containing q sound patterns x1,x2…xq

2

Let <xj=<xj1,xj2…xjp>,1≤j≤q Then the mean m =<m1,m2…mp>and the deviation
p>of Gare Defined as
mi =

∑

=√

= <

1

………………………………………….(11)

∑

…………………………………..(12)

for 1≤i≤ p, where │G│ denotes the size of G, i.e., the number of sound patterns contained in G. The
fuzzy similarity of a sound pattern X=<x1,x2,…xp> to cluster G is defined by the following
membership function:
µG (x) =

∏

* (

)+………………………(13)

Notice that 0<= µG (x) =1.A sound pattern close to the mean of a cluster is regarded to be very
similar to this cluster, i.e., µG (x)
.On the contrary, a sound pattern far distant from. For a cluster
is hardly similar to this cluster, i.e., µG (x)
.
µG(x) = exp* (

)+

* (

)+

= 0.7788 0.8348 = 0.6969…………………………(14)
A. Self-Constructing Clustering
Our clustering algorithm is an incremental, self-constructing learning approach. sound patterns are
considered one by one. The user does not need to have any idea about the number of clusters in
advance. No clusters exist at the beginning, and clusters can be created if necessary. For each sound
pattern, the similarity of this sound pattern to each existing cluster is calculated to decide whether it
is combined into an existing cluster or a new cluster is created. Once a new cluster is created, the
corresponding membership function should be initialized. On the contrary, when the sound pattern is
combined into an existing cluster, the membership function of that cluster should be updated
accordingly.The similarity of xi clusters, i.e.,
µGj(xi) = ∏

* (

) 2+……………………………..(15)

for 1≤ j ≤k. We say that x passes the similarity test on I if cluster Gj if
µGj(Xi) ≥ ………………………………………………..(16)

B. Audio 120kbps Classification
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Given a set D of training files, Audio classification can be done as follows: We specify the similarity
threshold ρfor (16), and apply our clustering algorithm. Assume that k clusters are obtained for the
sounds in the feature vector S. Then we find the weighting matrix T and convert D’ By (25).Using D
as training data, a classifier based on Support vector machines (SVM) is built .Note that any
Classifying technique other than SVM can be applied. Joachims [36] showed that SVM is better than
other Methods for audio categorization. SVM is a kernel method,
TABLE 1 A Simple File Set F

f1
f2
f3
f4
f5
f6
f7
f8
f9

Network
(S1)

Java
(S2)

Datamining
(S3)

Data
Structures
(S4)

C
(S5)

Security
(S6)

DBMS
(S7)

Internet
(S8)

Modeling
(S9)

Micro
(S10)

class

0
0
0
0
0
2
3
1
1

1
0
0
0
0
1
2
0
1

0
0
0
1
0
1
1
1
1

0
0
0
0
1
0
3
1
1

1
0
0
2
0
0
0
0
0

1
2
0
1
1
1
1
1
0

0
1
1
2
0
0
0
0
0

0
1
0
1
0
0
1
0
0

0
0
0
0
1
1
1
0
0

1
0
0
1
0
0
0
0
0

C1
C1
C1
C1
C2
C2
C2
C2
C2

Which finds the maximum margin hyper plane in feature Space separating the images of the training
patterns into Two groups [37],[38],[39].To make the method more Flexible and robust, some patterns
need not be correctly Classified by the hyper plane, but the misclassified patterns are should be
penalized. Therefore, slack variables are introduced to account for misclassifications. The objective
function and constraints of the classification problem can be formulated as:
min WTW+C∑
s.t.yi

i

(xi) + b ) ≥ 1

,

………………………………..(17)
where l is the number of training patterns, C is a parameter, which gives a tradeoff between
maximum margin and classification error, and yi, being+1or-1,is target label of pattern xi .Note that
0: X F is a mapping from the input space to the feature space F, where patterns are more easily
separated, and WT (xi)+b=0 is the hyper plane to be derived with w, and b being weight vector and
off set, respectively.
An SVM described above can only separate a part two classes and yi=+1 and yi = 1.We follow the
idea in[36]to construct an SVM-based classifier. For p classes, we create p, SVMs, one SVM for
each class. For the SVM of class cv are 1 ≤ v ≤ p treated as, having yi = +1, and the training patterns
of the other classes are treated as having. yi = 1,and the training patterns of the other having yi
= 1.The classifier is then Classes are treated as having yi the aggregation of these SVMs. Now we
are ready for classifying unknown files. Suppose, fis an unknown 0 by file. First we convert f to f’ by
f’ = f T ……………………………………….(18)
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IV. AN EXAMPLE
We give an example here to illustrate how our method works. Let D be a simple file set, containing 9
file f1,f2,….fy of two classes c1 and c2 with 10 sounds “Network,” ”java,”…..” ,“Micro” in the
feature vector S, as shown in Tables1. For simplicity, we denote the ten sounds as
s1,s2,…..s10,respectively. We should considers sound pattern file 120 kilo bytes per seconds per
each sound pattern than we are getting more reliable and accuracy of results are out.
We calculate the ten sounds patterns x1,x2,…x10 according to (7) and (8). For example, x6 =
<P(c1│S6),P(c2│S6)> and P(c2│w6) is calculated by (35) here in data 1 is indicating in certain file
the sound is available . else 0 indicating no data is available. hence following example.
P(c2│w6) = 1 0+2 0+0 0+1 0+0 1+1 1
+1 1+1 1+1 1+0 1/1+2+0+1+1+1
+1+1+0=0.50

………………………………………….(19)

The resulting sound patterns are shown in Table 2.
Table 2 Sound patters of S
X1

X2

X3

X4

X5

X6

X7

X8

X9

X10

0.00

0.20

0.20

0.00

1.00

0.50

1.00

0.67

0.00

1.00

1.00

0.80

0.80

1.00

0.00

0.50

0.00

0.33

1.00

0.00

Note that each sound pattern is a two dimensional vector, since there are two classes involved in F
As we apply same method to all sound pattern we can get these results towards sounds their
respective for xi = <x1,….xm> for we taken the example to x6 o.50 and remaining 0.50 as we taken.
V.

FUTURE WORK

In this paper, we propose a fuzzy similarity-based self-constructing algorithm for feature clustering.
The sounds in the feature vector of an audio set a regrouped into clusters, based on 120 kbps
similarity test. Sounds that are similar to each other are grouped into the same cluster. Set tempo to
the sound 120 kbps for more accuracy results and reliability .When all the sounds have been fed in, a
desired Number of clusters are formed automatically. Further we can apply data sets on different data
sets as 360 kbps and so on, in future we can also apply video in different ways as mpeg4,mpeg5, etc.,
further we can also apply on hd ready and full hd formats.
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