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to execute this for the different speech data sets and reported the
results and the performances of the above techniques. We feel it
will be useful for the beginners in to select and initialize the
various parameter values of FCM and k-FCM techniques
application of speech signal processing. Presently, the application
of fuzzy clustering techniques is applied in many fields like image
processing [18]-[20], agriculture [21], medical imaging [25],
speech processing [27] [28], data mining [29] [30] and also in
other fields [22]-[24], [26]. But all these papers discuss the
concepts of fuzzy clustering techniques briefly. But
experimentation of these techniques is not carried out in depth
related to speech recognition application using speech dataset.
Hence this paper is unique in this direction, presenting the
efficiency of all the fuzzy clustering algorithms for various speech
data sets, realizing the influence of the various parameters and
their initial values

Abstract
In the area of speech signal processing and recognition, application of
soft computing techniques is one of the prominent techniques for
clustering the overlapping data. Kernel FCM technique is one of the
efficient method to cluster the data by computing the cluster centroids.
This paper presents and compares the most important clustering
techniques like k-means, Fuzzy C means and Kernel Fuzzy C Means
algorithms for clustering noisy speech signals. The clustering
performances of these techniques are tabulated for homogeneous and
heterogeneous speech data sets. This paper highlights the importance
of KFCM algorithm for clustering the overlapping data. It also
demonstrates the computation time and recognition accuracies of each
technique. Our study identifies the KFCM technique performs better
than k-means and FCM techniques.
Keywords:
Additive Noise, Clustering, Convolved Noise, Fuzzy C Means (FCM),
Heterogeneous Data, Homogeneous Data, K-means, Kernel Fuzzy C
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2. CLUSTERING TECHNIQUES
Clustering has been a popular approach to unsupervised
pattern recognition [1] problems. Clustering defines the metric
data compactness for the knowledge relevance of the data.
Clustering is used to identify the compact relationships among the
data. The Fuzzy is used to identify and handle the imprecision in
the data. In this section k-means, FCM and KFCM techniques are
discussed. Clustering can be classified as: Soft Clustering
(Overlapping Clustering) and hard Clustering (or Exclusive
Clustering): In case of soft clustering techniques, concept of fuzzy
membership functions is used to cluster data, so that each point
may belong to, two or more clusters with different degrees of
membership value. In this case, data will be associated to an
appropriate membership value. In many situations, fuzzy
clustering is more natural than hard clustering. FCM [2] allows
speech samples to belong to two or more clusters than belonging
to one cluster. And these samples are assigned with fuzzy
membership value between 0 and 1 indicating partial
belongingness to the clusters.

1. INTRODUCTION
Clustering is the process of grouping similar objects into their
respective groups. Clustering using fuzzy concepts play a major
role in solving the complex problems in the area of pattern
recognition and speech signal processing. It partitions the data
sets into subsets of different clusters with common features.
Cluster eliminates the differences among the data members by
computing their centroids. Clustering finds its applications in
many fields like data mining, pattern recognition, speech signal
processing, bio-informatics, machine learning, image processing
etc. Speech datasets are non-linear and non-stationary in nature.
Hence fuzzy methods are well suited for better modeling the data
with uncertainties. Various types of clustering methods exist in
the literature using fuzzy technique. We have adopted FCM and
KFCM techniques for the concise representation of related data.
This paper presents a comparative study on these techniques
considering the parameters like fuzzier, stopping criteria, time
taken for execution and recognition accuracy. These parameters
are demonstrated for convoluted and additive noisy speech signals
applied on homogeneous and heterogeneous data sets. This paper
demonstrates the importance of KFCM technique in clustering
noisy speech data. As per the state of the art much work has been
done in the area of image processing using FCM and k-FCM
techniques and minimal work has been carried out for speech
signal processing using above techniques it is not observed in the
literature the application of these techniques for speech data by
varying the various parameters of the above techniques. Since no
experimental work is observed in this paper, we have attempted

2.1 K-MEANS CLUSTERING TECHNIQUE
The k-means algorithm [3] is one of the simplest unsupervised
and hard clustering algorithms. This method is used to classify a
given data set in to various clusters.
Algorithm
Step 1: Choose random centroid’s.
Step 2: Calculate the distance between centroid’s and data points
Step 3: k-means assigns the data point to the cluster using
minimal Euclidian distance measure.
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Chen and Zhang [9] enhanced this technique by replacing the
Euclidean distance with a new kernel induced distance function.
It is a kernel based objective function that maps the data into
kernel space by using Gaussian Radial Basis function [10]. It first
maps the data into high dimensional space to gain high
discriminate capability. It calculates the measure of the samples
in their original data space with kernel function. It overcomes the
limitation of data intrinsic shape dependency and is sensitive to
initial values of algorithm. This improves the algorithm
robustness.
Algorithm:
Step 1: Initially, select the cluster centroids at random and
initialize the value of sigma using trial and error
procedure.
Step 2: Update the membership matrix using Eq.(7)

Step 2: Create the distance matrix from a data point to each of the
cluster centre using Euclidean distance using Eq.(3).
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2.3 KERNEL FUZZY C MEANS CLUSTERING
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Step 4: Values of the Uij matrix should be less than or equal to
one (Uij ≤ 1)
Step 5: Compute new centroid’s
Step 6: Optimize cluster centers by generating new centroids
Step 7: Cluster assignment for the data points.
Input: x1,- data vector, Vi - centroids of fuzzy clusters, c number of fuzzy clusters, m - fuzzification parameter, U - assigns
Fuzzy membership value to each sample indicating the
membership value from one data sample to the nth cluster,  stopping criteria, Dij -distance measure and n - number of data
points.
Output: Data points are (overlapping) assigned to clusters
Advantages:
• For overlapped dataset FCM gives better results than the kMeans.
• Each data point is assigned with a membership value to each
cluster center, as a result data point may belong to more than
one cluster center.
Disadvantages:
• FCM requires a priori specification of the number of clusters
(but this can also be chosen by mountain or modified
mountain algorithms).
• Takes more iterations even with the lesser value of fuzzifier
‘m’
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The most well-known fuzzy clustering algorithm is Fuzzy CMeans clustering technique. It was introduced by Bezdek [5] [6]
by modifying the crisp clustering function. He introduced the idea
of a fuzzification parameter (m) whose value ranges between [1,n]
where n=2, that determines the degree of fuzziness in the clusters.
This technique sounds good when data has much speech
variability’s [7] [8].
Algorithm
Step 1: Randomly initialize the clusters centers
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2.2 FUZZY C MEANS CLUSTERING TECHNIQUE
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Step 5: Check if new centroid’s are equal to old centroid’s
Step 6: If new centroid’s are equal to old centroid’s then program
ends else go to step2
Input: V-centroid number, x and y - centroid values distance
between centroid and data points, x1, y1 - values of the data point,
x11, y11 are the new centroid’s values with the levels, Dij Euclidian distance between each data point and centroids, and n number of iterations
Output: Number of clusters.
Advantages: k-Means is easier to understand and simple to
implement
Disadvantages:
• It is not effective for overlapping clusters
• Fails to cluster effectively the heterogeneous data.
• It provides the local optima of the squared error function.
• Randomly choosing the cluster center may not yield good
results.
Observations: k-means algorithm is simple to implement and
works better for the homogeneous data. It fails to produce good
results for the heterogeneous data set due to the inefficiency in
handling speech variability’s present in the speech data [4]. To
handle the speech variability’s in a better way FCM and k-FCM
can be used as suggested from the literature.
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Step 4: Calculate new centroid’s
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Step 3: The membership matrix is computed using fuzzification
parameter with Eq.(5).
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Table.1. Strength and weakness of all the clustering algorithms
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FCM [7] [8] [16]
Suitable for trained
and untrained data

KFCM [9] [10] [16]
Trained and Untrained
data

Clusters better for
Clean data

Considers both Clean
and Noisy data sets

Considers both clean
and Noisy data

More Suitable for
Suitable for both
Only suitable for
Homogeneous dataset
Homogeneous and
Homogeneous dataset
compared to
Heterogeneous datasets
heterogeneous dataset
(better than FCM)

n

vi 

k-Means [16] [3]
Suitable for trained
data

(8)

i

Step 4: Reiterate step 2 to 3 till the termination criteria is satisfied.
||Vnew - Vold|| ≤ ε
(9)
where V is the vector of cluster centers and  is the
termination criteria
Input: x1- data vector, vi - centroids of a fuzzy clusters, c number of fuzzy clusters, m - fuzzification parameter, U - Fuzzy
membership function indicating the membership from one sample
to the nth cluster,  - stopping criterion,  - kernel parameter
determining the geometrical structure of the mapped samples in
the kernel space, K(xk,vi) - distance between mapped kernel value
and centroids.
Output: x1 - data points (overlapping) assigned to clusters.
Advantages
• It does not require prior knowledge to determine the system
topological structure.
• It is efficient in dealing with noise and outliers.
Disadvantages
• It is very difficult to select the optimal parameter values of
kernel function based on the type of problem.

Not suitable for
Overlapped data

Suitable for
Overlapped data

Suitable for Overlapped
data

Algorithm
performance is
dependent on Cluster
initialization
parameters that plays a
major role in better
clustering

Cluster initialization
parameter and fuzzy
membership function
plays a major role in
clustering the data

Cluster initialization
parameter, fuzzy
membership function
and kernel function
plays a vital role in
clustering the data

3. PRINCIPAL COMPONENT ANALYSIS
Features are extracted using PCA technique accounts for a
maximal amount of total variance in the observed variables. The
first principal component identified accounts for most of the
variance in the data. The second component identified accounts
for the second largest amount of variance in the data and is
uncorrelated with the first principal component and so on. PCA is
preferred because it possesses higher correlation features with
Minimal solution space.
Algorithm
PCA algorithm (X,k): Top k Eigen values, where X: Nm data
matrix each data point xi = column vector =1,m
x

2.4 KERNEL VALIDITY MEASURES [17]
To identify the suitability of the clusters, kernel-based
validity measures are used. Generally, these measures are
classified into two classes: (a) The classes using membership
value (b) classes using geometrical characteristics. When
kernel-based clustering is used, kernel-based validity measures
are preferred. In the proposed work Gaussian kernel-based
validity measure is used. Performance of the validity measures
depends on the parameters of the clusters. In our study we have
computed the recognition accuracies for various clustering
techniques considering the time taken by each function for
clustering the data. The parameters used to evaluate the FCM
and KFCM clustering techniques are i) the number of clusters,
ii) fuzzifier iii) stopping criterion. The strength and weakness of
all the clustering algorithms as per the literature is tabulated in
Table.1 in brief.

1 m
 xi
m i 1

(10)

X - subtract mean x from each column vector xi in X
∑XXT co-variance matrix of X
{λi,ui}i = 1,2,...,N are Eigen vectors/Eigen values of
∑….λ1 ≥ λ2 ≥ λ3….λN
It returns {λi,ui}i = 1,2,..k top k principal components.

(11)

4. DATASET
For training and testing the isolated speech signals are
recorded using Praat software. The signals are recorded in mono
channel with 8KHz frequency as shown in Table.2. These signals
are used for simulation purpose. Speech data is collected from 10
male and 10 female speakers. Each speaker is asked to utter each
word 10 times. Totally 2000 speech data samples are recorded
from both male and female speakers. Two types of data sets are
created namely Homogeneous and Heterogeneous data sets.
Homogeneous data set consists of all the words uttered from
the single speaker and heterogeneous data set consists of the
words uttered from different speakers. These speech samples are
used for evaluation of the clustering technique.
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The signals are treated as noisy signals by adding Gaussian
and Babble noise with the SNR of 10dB and 15dB to create
additive and convoluted noisy speech signals respectively.

speech datasets. The normal procedure is adopted for selecting
and extracting features. These features are clustered using various
clustering technique as shown in Fig.1.
• MFCC-PCA-KFCM
• MFCC-PCA-FCM
• MFCC-PCA-k-Means

Table.2. Isolated Words
Number
1
2
3
4
5
6
7
8
9
10

Kannada
ONDU
ERADU
MOORU
NALKU
AIDU
AARU
ELU
ENTU
OMBHAT
HATHU

Symbol used
One
Two
Three
Four
Five
Six
Seven
Eight
Nine
Ten

6. PERFORMANCE ANALYSIS OF VARIOUS
CLUSTERING
ALGORITHMS
WITH
EXPERIMENTAL RESULTS
Comparison between k-means, FCM and KFCM algorithms is
tabulated as shown in the Table.3-Table.6. The simulations are
performed using MATLAB simulation tool. The Table.3 and
Table.3(a) present the results based on the time taken by the
clustering algorithms to cluster the homogeneous and
heterogeneous convoluted noisy speech data. The parameter
considered for the efficiency of the algorithm is based on the
number of clusters and time taken by clustering algorithm.

5. SYSTEM MODEL FOR THE PROPOSED
APPROACH

Table 3. Execution time for homogeneous data
No. of Clusters k-means (s)
5
0.127
10
0.168
15
0.15
20
0.153

This section explains the complete procedure adopted to
cluster the speech signal using various techniques. The additive
and convoluted noisy speech signals are processed to extract the
features using MFCC technique [13] [14]. These features are
further processed to select the prominent features using PCA
algorithm by reducing the dimensions of the number of features.
Obtained reduced features are used for clustering the data as
discussed in section 2 and section 3.

Table.3(a). Execution time for heterogeneous data
No of Clusters k-means (s)
5
0.151
10
0.159
15
0.179
20
0.243

Input Speech
Feature Extraction (MFCC)
Feature Selection (PCA)

Cluster prominent features from
MFCC + PCA for training

FCM

FCM (s) KFCM (s)
0.058
0.014
0.103
0.014
0.167
0.02
0.24
0.02

From Table.3 and Table.3(a), it is observed that as the number
of clusters increases the execution time taken by KFCM technique
is less than FCM and k-means techniques. The Table.4 and
Table.5 shows the recognition rates for male and female speakers.

Clustering

k-Means

FCM (s) KFCM (s)
0.035
0.014
0.115
0.014
0.126
0.014
0.152
0.019

Table.4. Recognition rate for homogeneous convoluted noisy
speech data

KFCM

Word Recognition Accuracies
Algorithms Gender Convoluted Noisy Signal
Clean
15dB
10dB
Male
58
50
90
KFCM
Female
50
50
85
Male
55
50
90
FCM
Female
50
40
85
Male
50
45
80
K-Means
Female
40
40
78

Prominent features from MFCC
+ PCA for training

Isolated Word Recognition
Fig.1. Flowchart of the proposed work
The algorithms are validated by initializing the fuzzification
parameter m as to “2” and stopping criteria to “0.0001‟. The
results of the respective algorithms are tabulated individually
along with the performance of homogeneous and heterogeneous
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Table.5. Recognition rate for homogeneous additive noisy
speech data

Table.7. Average performance of clustering algorithms with
execution time

Word Recognition Accuracies
Algorithms Gender Convoluted Noisy Signal
Clean
15dB
10dB
Male
60
55
90
KFCM
Female
50
50
85
Male
60
55
90
FCM
Female
50
40
85
Male
46
45
80
K-Means
Female
40
40
78

Techniques Accuracy Execution time
K-means
56
0.1495
FCM
62
0.099
KFCM
64
0.015
The Table.7 shows the overall recognition rate for different
clustering techniques. The recognition rate for heterogeneous
clean and convoluted noisy speech is tabulated. Here the speech
samples of both male and female speakers are combined to
explore the suitability applicability and the performance of all the
three techniques.
• Observations: For the various data sets i.e. clean and noisy
(additive and convoluted noises) speech signals the
following observations are drawn on the various clustering
techniques:
• Clean speech signal: For homogeneous data set all the three
algorithms works better with 95% of accuracies. But for
heterogeneous clean speech data set the recognition
performance is approximately to 50-60% from k-FCM, FCM
and k-Means.
• Noisy speech signals: Adding additive and convoluted
noises to homogeneous data 60% and 50-55% of recognition
accuracies is achieved for all the clustering algorithm.
For heterogeneous convoluted data 50% of recognition
accuracies is obtained considering FCM and k-FCM. Among this
KFCM performs well.
Generally, for homogeneous data FCM and KFCM performs
better than k-means having the sigma value 0.26. Using additive
noise all the clustering techniques performs equivalently good
equivalently good yielding 50% accuracy, whereas for
heterogeneous convoluted noisy speech data the performance is
reduced 5% yielding 50% of recognition accuracy compared to
additive noise, whereas for heterogeneous data when less
recognition accuracies to 2-5% is observed by KFCM technique.
Hence KFCM better for all types of data set.

Considering the recognition accuracy and the type of
clustering technique the sigma value for clean and noisy speech is
initialized as 0.26 and 10 respectively. The recognition results for
male and female speakers are tabulated in Table.4 and Table.5. If
these parameter values are varied to higher values, the samples
will over fit and fails to cluster properly. It is also observed that
KFCM and FCM performs relatively same for homogeneous,
heterogeneous, clean, additive noise and convoluted noise for
male and female speakers. Considering heterogeneous data as
shown in Table.6 with 10dB of SNR KFCM performs better than
FCM and k-Means. As depicted from the Table.6, k-Means is very
poor in handling the heterogeneous data under the clean
environment. It shows that speech variability’s existing in the
speech data are not clustered properly. Hence KFCM tries to
cluster effectively compare to others. Whereas KFCM
outperforms in clustering the convoluted noisy speech data in the
heterogeneous environment. This proves that KFCM technique
better handles the variability’s present in the speech signal
efficiently by increasing the recognition accuracy up to 2 to 5%
than FCM.
Table.6. Heterogeneous Data set with their recognition rate

Data
Aaru
Aidu
Alli
Arda
Aramane
Bharatha
Balagade
Belligge
Bengalore
Chikkadu
Average
Accuracy

K-Means
FCM
KFCM
ConvConvConvClean
Clean
Clean
10dB
10dB
10dB
20
60
90
90
100
90
0
70
80
40
70
30
70
30
70
50
70
50
59
10
40
50
0
70
60
60
60
70
60
50
70
0
80
10
0
60
80
50
60
50
20
50
60
50
40
60
70
50
30
30
40
40
30
50
80
40
70
80
100
100
52.9

40

63

54

65

7. CONCLUSIONS
In this work, an experimental comparative study has been
carried out between k-means, FCM and KFCM clustering
algorithms to evaluate the recognition accuracies for the
homogeneous and heterogeneous speech data under clean and
noisy signals. The results are tabulated as discussed in the section
6. It is clear that in all the cases KFCM clustering technique
performs better than other techniques. It has been analyzed that
the performance of the algorithm depends on the values of
fuzzifier value, stopping criteria, number of clusters and sigma
parameter. From this study it is realized that for any type of speech
data KFCM technique performs s better than two techniques.

60

7.1 LIMITATIONS
• Only isolated word data set is used.
• Only two parameters of fuzzy clustering technique are used.
• Gaussian kernel is used.
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7.2 FUTURE ENHANCEMENTS
The KFCM performance can be enhanced by considering the
following
• By replacing Gaussian by polynomial kernel function
• Adopting noisy feature extraction algorithms
• By adopting various fuzzy indices
• By using trial and error method to identify fuzzifier and
sigma parameter values
• Our future work is to enhance the performance of KFCM
technique for heterogeneous data using the above methods.
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