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Abstrac—~Clustering is an unsupervised learning method
which can separate the data into distinet clusters. The proposed
study aims to improve the selection of features through Fuzey O -
means clustering technigue. The study is conducted on the
images of handwritten signatores form the standard GPDS
database. The images after the preprocessing steps of putting
bounding rectangles over the signature area, size normalization
and thinning are subjected to wavelet decomposition and the
resulting detail and approximation coefficients are subjected to
principal component analysis for ten levels. The three principal
components of detail coefficients and approximation coefficients
are used as features in the feature vector. Fuzey-C means
clustering is employed on the features and iteratively the
optimization of objective function is achieved and new cluster
centers are formed with respect to different features. The new
cluster centers obtained for certain features which have good
scparating ability indicate the selection of those features lor
training the classifier and achieving better classification results.

Keywords—wuvelet decomposition; principal component; Fuzgy
C-means Clustering, cluster cenfers;

1. INTRODUCTION

The proposed work uses the principal components of detail
and approximation  coefficients for  handwritten  signature
images and further analyze them to determine which
combination of features will be able to distinguish between the
signatures of one persom  from  another, Furzy C-means
Clustering 15 used for the study. Data clustering is the process
of assigning the data points into classes or clusters so that data
points of the same class are as similar as possible, and data
points in different classes are as dissimilar as possible,
Different measures of similarity are used to place the data
points into classes.  Similarity measures  like  distance,
connectivity and intensity are generally used for clustering,

Basically there are two type of clustering a) Hard clustering
and h) Soft clustering. Hard clustering divides the data into
distnel clusters, where each data point is assipned w exactly
one cluster Soft clustering or Fuzzy Clustering data points can
be assigned to more than one cluster, and associated with each
point is a set of membership levels. The membership levels for
a data point indicate the strength of the association between
that data point and a particular cluster. Fuzzy clustering assigns
these membership levels to each data point and then assign the
data points 1o one or more clusters based on them.

Fuzzy C-means (FCM) Algorithm s one of the most
commonly used fuzzy clustering algorithms. This clustering
technigque aims to partition a finite collection of data poinis
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X = {1‘"1‘-! ey Iﬂ} into ¢ fuzzy clusters with respect to
some given eriterion. Given a lfinite set of data points the
algorithm  generates  a  set of  cluster  centers

C'E = {'ﬂir ey cﬂ}and a partiticm matrix
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Where each element wy indicates the degree to which data
point x; belongs to cluster ¢ FCM algorithm aims to minimize
an ohjective function and the standard function is:
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Where m is a luzzfier which determines the level of cluster
fuzziness. The selection of a large m results in smaller
memberships wy and hence, fuzzier clusters and in the limit of
m = 1, the memberships wy; converge to 0 or 1, which results in
a crisp partitioning. The value of m is commaonly set to 2 in the
absence of lack of domain knowledge or experimentation,

wy(z) =

Every data point has a degree of association to clusters in
Fuzzy clustering as in fuzzy logic rather than just belonging
completely to one cluster. Hence, points on the edge of a
cluster may have lesser degree of association with the cluster
than the points in the center of cluster,

Each data point x has a set ol coellicients giving the degree
of being in the ith cluster wuix). With fuzzy C-means, the
centroid of a cluster is calculated which is the mean of all
points, weighted by their degree of belonging to the cluster and
this 15 done iteratively.

= z; wh [:‘E)m:t
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The degree of association wy(x) is related inversely to the
distance fromx to the cluster center as caleulated in the
previous iteration. The fuzzifier parameter s controls  how
much weight is given to the closest center. The fuzzy c-means
algorithm has the following sieps.

1. Choose the suitable number of clusters.

2. Tmially each pomt 15 assigned the coefficients lor being in
the clusters,
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3. Repeat tll the algorithm converges. The convergence
means the change in the coefficients between two iterations is
not more than the given tolerance or sensitivity threshold,

«  Eguation (2} is used to compute the centroid for each
cluster.

# For each data point, the coefficients of being in the
clusters are computed using the Equation (1 ).

The inwa-cluster variance is minimized by the algorithm,
Fuzzy C-means has been widely used for clustering of objects
present in images,

I[I. WAVELET RELATED CONCEPTS

A wavelet is a waveform having an average value of zero and
lasting for a limiled duwralion of time. They difler from
sinusoids in the fact that a wavelet has a beginning and an end
and sinusoids extend form minus infinity to plus infinity.
Wavelets are capable of representing and analysing the signals
at more than one resolution which is called as multi-resolution
ahility. The multi-resolution analysis has an advaniage that the
features which go undetected at one resolution may he
detected at other resolutions. Wavelets are capable of
analysing both stationary and non-stationary signals.

The wavelet 15 siretched and shified to correlate with any
event which is of interest so that the frequency and time of the
event can be exactly measured. As a result of a signal being
decomposed by a wavelet two types of coefficients namely
detall  coellicients  and  approximation  cocliicients  are
obtained. Longer portion of the signal is compared with the
wavelet when the wavelet is stretched and they represent the
low frequency components which are nothing but slowly
varying parts of the signal. Smaller portion of the signal 1s
compared (o the wavelel when a wavelet 1s shrunk and they
represent high frequency components which are the rapidly
changing parts of the signal. Two types ol transforms
Continuous and Discrete Wavelet Transforms are possihle,

A, Discreie Wavelet Transjorm

The signal is analyzed at dvadic scales and positions which
are powers ol two resulting in an accurate analysis mstead of
analyzing the signal at each scale and position which is
EXPEnsive.

B. Continuous Wavelet Transform

This transform is continuous meaning the signal s
analysed fully by the wavelet. The scaled and shified wavelet
is multiplied with the signal and summed for the entire
duration of the signal.

1. RELATED WORK

Many research works have been conducted using
Fuzzy C-means clustering technique. A study where the
comparison between K-means and Furzy C-means algorithms
is conducted reports that both K-means and Fuzzy C-means
have performed well bui, K-means algorithm  outperforms
Fuzzy C-means in terms of speed. The Fuzey C-means
algorithm using Manhattan distance produces most compact
clusters and K-means with Euclidean distance yields most
distinet clusters |1]. A paper compares K-means and Fuzzy C-
means during the segmentation of color images and it is

reported that K-means clustering produces higher accuracy and
requires less computation. Although Fuzzy C-means clustering
produces results closer to that of k-means requires more
computation  time hecause of the fuzzy measwre calculations
inwolved in the algorithm [2].  Another study where in the
segmentation of images is done using K-means and Fuzzy C-
means states that simulation results of both the algorithms are
same but the execution time for K-means is 0.302351 seconds
and lor fuzey C-means it is 440076 seconds [3].

The comparison of Fuzzy C-means and an entropy based
Fuzzy C-means reports that the Fuzey C-means clustering
algorithm’s performance is betier than entropy based Fuzzy C-
means algorithm in case of a certain dataset whereas the
entropy based Fuzey C-means algorithm’s performance is
hetter than Fuzzy C-means on other two data sets. Entropy
based Fuzey C-means is lound o yield more distinet and
compact clusters [4]. An enhanced Fuzzy C-means clustering is
used for sepmenting highly corrupted images and the algorithm
uses the spatial and gray level information of the neighborhood
of a pixel in a fuzzy way to cluster the corrupted pixel
correctly.  This algorithm  is  said to  goarantee noise
insensitiveness and image detail preservation. [t is able to
cluster the noisy images corrupted up to 60% [3].

A survey of Fuzzy C-means algorithm reveals that the
results of the Fuzzy C— means clustering are more accurate in
comparison with the results of the Hard C — means clustering
simee Fuzey algorithm allows gradual memberships of data
points to the clusters [6]. A fuzzy segmentation algorithm uses
a suppressed lweey -means clustering (FSSC) algorithm, which
directly considers object similar surface wvariations and
perceptually selects the threshold within the range of human
visual perception. The gualitative and quantitative results of
FRSC algorithm ave better than Fuzzy C-means clustering and
probabilistic C-means (PCM) for many different images. The
results are said to be highly dependent on the features used and
the type of the objects i a particular image [7].

An application of the Hierarchical clustering and Fuzzy C-
Means clustering method on the analysis of non-preprocessed
Fourier-transtorm infrared spectroscopy (FTIR) data for cancer
diagnosis reports that the Fuzey C-means algorithm performs
better than the Hierarchical clustering [B]. The paper compares
the results of a numerical comparison of two versions of the
Furzy C-means (FCM) clustering algorithms. An approximate
Fuzzy C-means {AFCM) implementation 1s proposed where
the exact variants i the FCM equation are replaced by the
integer-valued or real-valued estimates, This approximation
helps AFCM to use a lookup table approach for computing
Fuclidean distances and for exponentiation. The result of this
implementation is that the CPU takes one sixth of the time
required for a literal implementation on a nine-band digital
image [9]. An Anomaly detection systemn for network flow
employs a method combined with the average information
entropy, support vector machine and fuzzy genetic algorithm,
These hybrid algorithms are more accurate in classification

[10].

A comparison belween two clustering algorithms namely
centroid based K-Means and representative object based FOM
{Fuzey C-Means) clustering algorithms based on the efficiency
of the clustering output. The factors like the numbers of data
points as well as the number of clusters are the factors upon
which the behaviour patiemns of both the algorithms are
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analyzed, FCM is said to produces results closer to K-Means
clustering and requires more computation time than K-Means

clustering [11]. In order o overcome the noise sensitiveness of

conventional fuzzy c-means (FCM) clustering algorithm. a
novel extended FCM algorithm for image segmentation has
been proposed where the objective function of the standard
FCM algorithm is modified with a penalty term that considers
the influence of the neighboring pixels on the center pixels.
The penalty term behaves as a regularizer in this algorithm
which is  inspived by the neighborthood expectation
maximization algorithm.  The experimental  resulis  on
segmentation of synthetic and real images report that the
proposed algorithm is effective and robust [12].

IV. PROPOSED SYSTEM

The system has been developed in MATLAB software.
The handwritten signature images are from the standard GPDS
database. For each signer, 23 genuine signature images are
decomposed using wavelet decomposition for ten levels
generating detail and approximation wavelet coefficients.
These coefficients are subjected to principal component
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Fig. |. Sample plots of data for diffarent combination of feature pairs

analysis. Among the first ten principal components of both
approximation and detail coefficients of each signature only
the eighth, minth and tenth principal components of
approximation and detarl are used m the leawure vector. For
each signer six different features extracted from the 23
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genuine signatures make the feature vector. Each signer has
138 (23*%6) feanwe values in the feature vector. The feature
vecior of each signer are separated from others. Since there are
six difterent features, 15 combinations of 6 feature values are
formed. The data is ploited for each pair with one feature on
the x-axis and another on the y axis. The sample plots are
plotted as shown in the Fig. 1. In the figure ‘apc’ stands for
approximation coefficient and ‘dc’ stands for detail
coellicient. Label on X and Y axes have ape or de along with
the level name. For example apelOthlvl means approximation
cocllicient at 107 level. The sample plots do not have any
clarity with respect to any combination of features pair, In
order to gain clarity with respeet to combinations of feature
values, Fuzzy C-means clustering is used.

The Fuzzy C-means clustering uses the following four
paramelers. They are the number ol clusters, an exponent
value, maximum number of iterations and the sensitivity
threshold. The exponent value of 2.0 is chosen and sensitivity
threshold or minimum improvement parameter is set the value
of le-6. Maximum number of iterations is chosen as 100,

After the feature exuaction stage, Fuzzy C-means
clustering (FCM) is used where in the dataset is divided into
clusters with every data point in the dataset belonging to every
cluster with a certain degree. A certain data point that lies
closer o the center of a cluster will have a high degree of
association or membership to that cluster and another data
point that lies far away (rom the center of a cluster will have a
loww degree of belonging or membership to that clusier,

Fuzey Comeans clustering starls with an indiial guess lor
the cluster centers the purpose of which is to mark the mean
location of each cluster, Generally the initial guess values of
cluster centers are incorrect. FCM assigns (o every data point a
membership grade with respect to each cluster, The algorithm
updates the cluster centers and the membership grades for
each data point iteratively. Fventually the cluster centers are
moved 1o the right location within a data set. The iterative
updation is based on minimizing an ohjective function which
represents the distance from any given data point to a cluster
center weighted by that data point's membership grade.

The algorithm imtially starts with some cluster centers. For
each iteration, for each combination of features pair new
cluster centers are updated and also the membership grade of
cach data point s updated. This process continues ull the
objective function converges meaning the difference of value
of the objective function in the cwrrent iteration and the
previous dleralion is less than the sensitivity  threshold
(minimum improvement) or the maximum number of
iterations are over. The plots of data for different
combinations of feature pairs with the new cluster centers
represented in bold letters are shown in the figure 2. The plot
of  combination of features for example approximation
coefficients at 10% level (apc1 Othlv]) against detail coefficients
at 89 and 10™ level (deSthivl, de9thlvl, delOthivly (the last
three plots in figure 2) show distinet clusters indicating the
fact that these features when given higher weights can vield
higher accuracy during classification process. The new cluster
centers are shown in bold on the respective figures. The x
and y co-ordinale values of the new clusiers centers 1, 2 and 3
are shown in the table T for all 15 combinations of feature
pairs.
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Fig, 2. New cluster centers for certaim combinations of fealure pairs

W,

MNew cluster centers formed afier the application of Fuzey C-
means clustering is shown in the Table 1. For the combinations
10, 11 and 12 (approximation coefficient at 10" level versus

detail coefficient at 8" . 9% and 10" level have the three

RESULTS ann CONCLUSION
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cluster centers which are guite apart when compared to other

coumbinations.
Combination Cluster X co-ordinate | Y Co-ordinate
1 -0.0223 00416
1 2 00705 -0.1102
3 0.3323 032581
1 00223 00164
2 2 -0.0705 -0.1161
3 (L3323 (3383
1 -0.0223 00014
3 2 00705 00615
3 (L3323 03146
1 -0.0223 10182
4 2 -0.0705 00124
3 (L3323 (2876
1 -0.0223 (0 R
5 2 00705 - (L0166
3 (L3323 03047
1 0041 00164
i 2 -0 1102 11161
3 (L3281 R
1 00416 00074
7 2 -0 1102 -G13
3 (L3281 03146
1 00416 -1.0182
b 2 -0 1102 00124
3 (L3281 (2876
1 00416 0.0040
9 2 00002 0.0166
3 0.3281 0.3047
1 000164 -0 014
10 2 -0,1161 00615
3 0.3383 03146
| 0,016 -0,0182
11 2 -0,1161 00124
3 0.3383 0.2876
| 001604 0.0040
12 2 -0,1161 0.0 160
3 03383 03047
I 00014 00182
13 2 0onls o124
3 031460 02870
| 000014 RN
14 2 00onls X £
3 03146 03047
| N0182 EEED)
15 2 nniz4 A LT
3 02870 03047

Table T. Mew Cluster venters formed afler Fuery Comeans Clustering

Therefore the features in these combinations have higher
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discriminating power and hence can be selected for further
analysis to probe that they can produce more accurate results
ifused for classification of signature samples, Furzy C-means
clustering can help select discriminating features which can
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