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ABSTRACT

Image compression is the process of reducing the number of bits required to
represent an image. Vector Quantization method (VQ) is a method to deal with this
operation. With this method a set of data points is encoded by a reduced set of
reference vectors (the codebook). VQ is useful in compressing data that arises in wide
range applications and it can achieve better compression performance than any
conventional coding technique which is based on the encoding of scalar quantities.
This paper will present a multi-spectral image compression method using Vector
Quantization technique based on Fuzzy c-Means (FCM). In this propose method we
first use FCM algorithm to generate a good initial codebook. In this process we use
fast version FCM (FFCM) to reduce the time spend to generate the initial codebook,
Then use this initial codebook to design the VQ codebook for multi-spectral image
compression. Experimental results are shown to illustrate the performance of the
proposed compression method.
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Encoded number of bits

b b bit. xel) =
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(2.1)
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MULTISPECTRAL IMAGE COMPRESSION USING FCM-BASED VECTOR
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ABSTRACT: Image compression is the process of reducing the number of bits
required to represent an image. Vector Quantization method (VQ) is a method to deal
with this operation. With this method a set of data points is encoded by a reduced set
of reference vectors (the codebook). VQ is useful in compressing data that arises in
wide range applications and it can achieve better compression performance than any
conventional coding techniques which based on the encoding of scalar quantities. This
paper presents a multispectral image compression method using Vector Quantization
technique based on Fuzzy c-Means (FCM). In this method we first use FCM
algorithm to generate a good initial codebook. A modified version of FCM is used to
reduce the computational time. Experimental results are shown to illustrate the
performance of the proposed method.

1. INTRODUCTION

Image Compression is a process of reducing the number of bits required to represent
an image. There are several methods to compress an image data. One popular method
is Vector Quantization (V Q). VQ was used for compressmg data in wide range
applications, including image processing speech processmg facsimile transmission
and weather satellites. In this method the training vectors in the image are encoded by
a reduced set of reference vectors (the codebook). From rate distortion theory, it can
be shown that VQ can achieve better compression performance than any conventional
coding technique which based on the encoding of scalar quantities. The objective of
VQ is to design the codebook. An optimum VQ system is that one uses a codebook
that yields the least average distortion of the reconstructed image. Other methods for
designing codebooks have been proposed in. The most popular one is the LBG
algorithm. In this paper we use FCM to design the codebook in Vector Quantization
process. The major problem of this method is the huge execution time in the FCM
process. So, this paper will also present the modification on the FCM algorithm that
can reduce the execution time in each iteration.

2. FUZZY C-MEANS CLUSTERING TECHNIQUE

The fuzzy c-means (FCM) algorithm is an iterative clustering method that used to
partition a data set. The objective of FCM segmentation is to compute the cluster
centers and generate the class membership matrix. This class membership matrix is a
cxN matrix, where c is the number of groups and N is the number of samples of image
in n-space. Each column of the class membership matrix is the distribution of the
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class attribute of its corresponding sample. Each row of the class membership matrix
" is the membership value of each sample to be a member 6 that particular cluster.

An optimal fuzzy c-partition is one that minimizes the generalized least-squared
errors function. We can explain the fuzzy clustering by the following equation.

N ¢
Minimize: Jm (U,v) = ZZ(u,“.)"' Iy —vil* 4

k=1 i=l

Where: Y = {y;, y2 y3 ..., yn} © R" is the data set,
¢ is the number of clusters in Y: 2 <c < n,
m is a weighting exponent: 1 <m < oo,
U = {uy} is the fuzzy c-partition of Y,
-vilA is an induced a-norm on R", and,
A 1s a positive-definite (nxn) weight matrix.

The weighting exponent m has the effect of reducing the squared distance error by an
amount that depends on the observation’s membership in the cluster. As m — 1, the
partitions that minimize J, become increasingly hard. Conversely, higher values of m
tend to soften a samples cluster membership, and the partition becomes increasingly
blurred. Generally m must be selected by experimental means.

The first step of FCM algorithm is generate an initial random membetship matrix and
use this random membership matrix as weight of each samples to belong to each
cluster. Then computes the centroid of each cluster. The new cluster centers are used
to update the membership matrix. The updated membership matrix is compared with
the previous ones. If the difference is greater than some threshold, then another
iteration is computed, otherwise the algorithm is stopped. The algorithm is shown
below. The notation x” signifies the value of variable x at iteration .

The FCM Algorithm

—

set value for ¢, 4, m, €, and the loop counter =1
2. create a random Nxc membership matrix U

3. compute each cluster centroid by equation
N N
v =2 @) vl 3 )" (1)
k=1 k=1
4. update the membership matrix by equation
. e (d, 1
Ul = Z(_k_] 2)
dy

where d; ||y, v | 4

5. If max ﬁ uld -l |}>s increment t and go to step 3.
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3. THE MODIFIED FUZZY C-MEANS ALGORITHM

From equation (1) we can find that each cluster center v; is computed as the weighted
average of samples i m the data set Y. The weight used for each sample is that sample’s
membership in the i cluster. In the original algorithm this is computed by performing
a pass over the entire data set and membership matrix.

The following describes an improvement to the algorithm whereby the computation of
cluster centers is performed in sequence with the membership matrix updating. This
effectively eliminates an entire pass of the data set. The outcome is not a decrease in
the number of iterations required for convergence, but decrease in the time of each
iteration.

We maintain two extra data structures, a cxn matrix, P = {p;}, and a vector q of length
c. We can obtain these two matrix from the first iteration when the random
membership matrix is created. If we represent the numerator and denominator of
equation (1) by P and q, respectively, then keep them as initial values. So now the

equation (1) is replaced by equation (3)
g 3
v; A .- (3)

where p; is a vector of length n, and ¢ is a scalar. The dot-i subscript is used to avoid
confusion between vectors and scalars.

Each time an element uy; of the membership matrix is computed there is an increment
in the numerator of equation (1), that is an increase in p; of

(R Ay @

And an increment in the denominator of equation (1), that is, an increase in g ; of

(g ) =) )

These increments are accumulated into P and q respectively as the membership matrix
is updated. At the beginning of the next iteration the new cluster ccenters are again
computed by equation (3).

The Modified FCM algorithm

1. set values for ¢, 4, m, €, and loop counter t=1

2. create a random Nxc membership matrix U®

3. initialize data structures P and q using equation (1)
4

. compute c cluster centers using equation<3)
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5. update the membership matrix using equation (2) as each membership is
computed, increment the corresponding elemeit of P &hd q using equation (4) and
equation (5)

6. if max ﬁ ul —ul |}> € increment ¢ and go to step 4.

4. FCM-BASED YECTOR QUANTIZATION

In this paper, FCM process is used to calculate the reference vector or average vector
from each cluster. The output of this process is a membership matrix and a set of
reference vectors that used to design the vector quantization codebook. The training
vector will be encoded with this codebook. The algorithm of this compression method
is shown in Figure 1.

input image Vector Memberiiip v Decision of CoTt:;;ZSEd
Forming e . ——J\ -———’\
Vector ) Qua(ggwa)non > ozt:;l;:n Encode ;
Centers of each clusters
[ N Design the
V| codebook
Centers of each clusters
Figure 1: Block diagram of the proposed method.
The evaluation was performed by using the following measures:
bpp(number of bits per pixel) = Fadqded number;of piF 6)
Number of pixels
g . . 75"
PSNR(Peak Signal to noise ratio) =10log,,| —— L E [dB] @)
M-1N-1 3
MSE(Mean square error) = ——— ZZZ{xk (J,)- xk( _],z)} 8)
M N i=0 j=0 k=l

5. EXPERIMENTAL RESULTS

The proposed image compression algorithm was implemented using Matlab. Several
multispectral images were used in experimental. Table 1 shows the experimental
results when applied to a three-band (24 bits) image, size of 256x256 pixels. The
input image size is 196 Kbyte. The experiments were <carried out with the number of
clusters of 4, 16 and 64.



Table 1: Experimental results.
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Number of clusters bpp PSNR (dB) MSE
4 2.0016 22.0651 404.1790
16 4.068 27.4127 117.9196
64 6.0293 31.2498 48.7638
6. CONCLUSION

The experimental result shown that the proposed method can compress the
multispectral image data. The compressibility of this method and the image distortion
from quantizing process depends on the number of clusters used in FCM process. The
major problem of this method is the execution time spent in clustering process caused
by the computation complexity of FCM algorithm even we use the modified version

of FCM.
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Intra/Inter-Band Coding in FCM-VQ
of Multispectral Images

Yuttapong Rangsanseri and Uthai Sangthongpraow
Department of Telecommunications Engineering, Faculty of Engineering

King Mongkut’s Institute of Technology Ladkrabang, Bangkok 10520, Thailand
Email: kryuttha@kmitl.ac.th and s.uthai@ntt.com

ABSTRACT

Image compression is the process of reducing the number of bits required to represent
an image. Vector Quantization method (VQ) is a method to deal with this operation.
With this method a set of vector from the input image is encoded by a reduced set of
reference vectors (the codebook). VQ is useful in compressing data that arises in wide
range applications and it can achieve better compression performance than any
conventional coding techniques, which based on the encoding of scalar quantities.
Forming vector is the first step of VQ image compression. There are 2 ways to form
the vector set from the input image. The first one is “intra-band vector forming”. In
this method, each vector was formed by dividing the input image into blocks. Each
block will be formed as a training vector. The second method in forming vector is
“inter-band vector forming”. In this method, each pixel from the input image in any
space will be formed as a training vector. This paper presents a multispectral image
compression method using Vector Quantization technique based on Fuzzy c-Means
(FCM). FCM algorithm was used to generate a good initial codebook for image
compression. This codebook will be used to encode the input image. A modified
version of FCM was used to reduce the computational time. The purpose of the
modified FCM method is not reduction of iteration count, but it can reduce the time
used in each iteration of FCM process. This image compression method was applied
on several multispectral images. “Intra-band” and “Inter-band” vector forming was
used in the vector forming process to evaluate the performance of this image
compression method. For “intra-band” vector forming, various number of vector
elements were used to make a comparison of experimental result. In modified FCM
section, The modified version of FCM was applied to multispectral image using
various number of clusters. The experimental result shows the average time saving in
an iteration count of FCM process.

Keywords : Image Compression, Vector Quantization and FCM
1. INTRODUCTION

Image Compression is a process of reducing the number of bits required to represent
an image. There are several methods to compress an image data. One popular method
is Vector Quantization (VQ). VQ was used for compressing data in wide range
applications, including image processing speech processing, facsimile transmission
and weather satellites. In this method the training vectors in the image are encoded by
a reduced set of reference vectors (the codebook). From rate distortion theory, it can
be shown that VQ can achieve better compression performance than any conventional
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coding technique which based on the encoding of scalar quantities. The objective of
VQ is to design the codebook. An optimum VQ system is that one uses a codebook
that yields the least average distortion of the teconstructed image. Other methods for
designing codebooks have been proposed in. The most popular one is the LBG
algorithm. In this paper we use FCM to design the codebook in Vector Quantization
process. The major problem of this method is the huge execution time in the FCM
process. So, this paper will also present the modification on the FCM algorithm that
can reduce the execution time in each iteration.

2. FUZZY C-MEANS CLUSTERING TECHNIQUE

The fuzzy c-means (FCM) algorithm is an iterative clustering method that used to
partition a data set. The objective of FCM segmentation is to compute the cluster
centers and generate the class membership matrix. This class membership matrix is a
cxN matrix, where ¢ is the number of groups and N is the number of samples of image
in n-space. Each column of the class membership matrix is the distribution of the
class attribute of its corresponding sample. Each row of the class membership matrix
is the membership value of each sample to be a member of that particular cluster.

An optimal fuzzy c-partition is one that minimizes the generalized least-squared
errors function. We can explain the fuzzy clustering by the following equation.

Minimize: Tm (Up) = 303 ()" Il 35 =, | 4

k=1 =1

Where: Y ={y;, y2, ¥3 ..., yn} < R" is the data set,
¢ is the number of clustersin Y: 2<c < n,
m is a weighting exponent: 1 < m < co,
U = {uy} is the fuzzy c-partition of Y,
|e-villA is an induced a-norm on R", and,
A is a positive-definite (rxn) weight matrix.

The weighting exponent m has the effect of reducing the squared distance error by an
amount that depends on the observation’s membership in the cluster. As m — 1, the
partitions that minimize Jn, become increasingly hard. Conversely, higher values of m
tend to soften a samples cluster membership, and the partition becomes increasingly
blurred. Generally m must be selected by experimental means.

The first step of FCM algorithm is generate an initial random membership matrix and
use this random membership matrix as weight of each samples to belong to each
cluster. Then computes the centroid of each cluster. The new cluster centers are used
to update the membership matrix. The updated membership matrix is compared with
the previous ones. If the difference is greater than some threshold, then another
iteration is computed, otherwise the algorithm is stopped. The algorithm is shown
below. The notation x signifies the value of variable x at iteration .
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The FCM Algorithm

2. setvalue for ¢, 4, m, €, and the loop counter £ =1
4. create a random Nxc membership matrix U

5. compute each cluster centroid by equation

N
v = Z(u"’ )"yl Y )" (1)
k=1
6. update the membership matrix by equation

2 \!

(¢+1) & dy -t
Uy = Z d_ @)

J=1 K

where d; =y, ~v{ || 4

=

If max*a A }>s increment t and go to step 3.

3. THE MODIFIED FUZZY C-MEANS ALGORITHM

From equation (1) we can find that each cluster center v; is computed as the weighted
average of samples i in the data set Y. The weight used for each sample is that sample’s
membership in the i cluster. In the original algorithm this is computed by performing
a pass over the entire data set and membership matrix.

The following describes an improvement to the algorithm whereby the computation of
cluster centers is performed in sequence with the membership matrix updating. This
effectively eliminates an entire pass of the data set. The outcome is not a decrease in
the number of iterations required for convergence, but decrease in the time of each
iteration.

We maintain two extra data structures, a cxn matrix, P = {p;}, and a vector q of length
c. We can obtain these two matrix from the first iteration when the random
membership matrix is created. If we represent the numerator and denominator of
equation (1) by P and q, respectively, then keep them as initial values. So now the

equation (1) is replaced by equation (3)
=P 3
v =Py ©)

where p; is a vector of length n, and g is a scalar. The dot-i subscript is used to avoid
confusion between vectors and scalars.

Each time an element uy; of the membership matrix is computed there is an increment
in the numerator of equation (1), that is an increase in p; of
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(g y -Gty b, -(4)

And an increment in the denominator of equation (1), that is, an increase in ¢ of
() - ) )

These increments are accumulated into P and q respectively as the membership matrix
is updated. At the beginning of the next iteration the new cluster centers are again
computed by equation (3).

The Modified FCM algorithm

7. setvalues for ¢, 4, m, €, and loop counter t=1

8. create a random Nxc membership matrix U®

9. initialize data structures P and q using equation (1)

10. compute c cluster centers using equation (3)

11. update the membership matrix using equation (2) as each membership is
computed, increment the corresponding element of P and q using equation (4) and
equation (5)

12. if max ﬁ uld —ul™ |}> € increment ¢ and go to step 4.

4. FCM-BASED VECTOR QUANTIZATION

In this paper, FCM process is used to calculate the reference vector or average vector
from each cluster. The output of this process is a membership matrix and a set of
reference vectors that used to design the vector quantization codebook. The training
vector will be encoded with this codebook. The algorithm of this compression method
is shown in Figure 1.

Input Image y, Membership matrix Decision of COTHF:;esesed
Forming N e(.: or' r\ ecn§|on (o) A g A
Vector Quantization J optimum Encode
V (FCM) cluster v V
Centers of each clusters
N Design the
1) codebook
Centers of each clusters
Figure 1: Block diagram of the proposed method.
The evaluation was performed by using the following measures:
) ) Encoded number of bits
bpp(number of bits per pixel) = f (6)

Number of pixels
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2552
PSNR(Peak Signalt . tio) =101 ——1|dB 7
(Peak Signal to noise ratio) Og'O[MSE][ ] )
1 MzIN-1 3 A 2
MSE(Mean square error) = x, (j,0)—xx(Jj,i 8
( q ) 3MxN,-=0,Z=:;{ (UnD)=x (D)} (8)

S. EXPERIMENTAL RESULTS

The proposed image compression algorithm was implemented using Matlab. Several
multispectral images were used in experimental. Table 1 shows the experimental
results when applied to a three-band (24 bits) image, size of 256x256 pixels. The
input image size is 196 Kbyte. The experiments were carried out with the number of
clusters of 4, 16 and 64.

Table 1: Experimental results.

Number of clusters bpp PSNR (dB) MSE
4 2.0016 22.0651 404.1790
16 4.068 27.4127 117.9196
64 6.0293 31.2498 48.7638
6. CONCLUSION

The experimental result shown that the proposed method can compress the
multispectral image data. The compressibility of this method and the image distortion
from quantizing process depends on the number of clusters used in FCM process. The
major problem of this method is the execution time spent in clustering process caused
by the computation complexity of FCM algorithm even we use the modified version
of FCM.
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ABSTRACT

The purpose of cluster analysis is to partition a data set into a number of
disjoint groups. The members within a group are more similar to each other than
members from different groups. In multi-spectral image or remote sensing image
cluster analysis can be used to analyze the natural spectral classes in a data set in
order to select representative samples for classification. The Fuzzy C-Means (FCM)
clustering is an iterative partitioning method that produces optimal c-partitions. The
objective of FCM segmentation is to convert image feature values into class
membership values.

Since the standard fuzzy c-means algorithm take a long time to partition a
large data set. Because FCM program must read the entire data set into a memory to
processing. This paper will propose a new algorithm to reduce the execution time of
standard fuzzy clustering by decrement the number of passes per iteration data set and
the membership matrix. The result is also shown in this paper.

INTRODUCTION

The fuzzy c-means (FCM) algorithm is an iterative clustering method that
used to partition a data set. The objective of FCM segmentation is to compute the
cluster centers and generate the class membership matrix. This class membership
matrix is a cxNV matrix, where ¢ is the number of groups and N is the number of
samples of image in n-space. Each column of the class membership matrix is the
distribution of the class attribute of its corresponding sample. Each row of the class
membership matrix is the membership value of each sample to be a member of that
particular cluster. A formal definition of fuzzy c-partitions is in.

An optimal fuzzy c-partition is one that minimizes the generalized least-
squared errors function. We can explain the fuzzy clustering by the following
equation.

N ¢
Minimize: Jm (Uv) = > > ()" |y, —v, |I* 4

k=1 i=]

Where : Y = {y,, y2, y3, ..., yv} = R" is the data set,
c is the number of clusters in Y: 2 < c < n,
m is a weighting exponent: 1 <m < oo,
U= {uy} is the fuzzy c-partition of Y,
|- vil|A is an induced a-norm on R", and,
A is a positive-definite (nxn) weight matrix.
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The weighting exponent m has the effect of reducing the squared distance error by an
amount that depends on thi¢ observation’s membeiship in the cluster. As m —> 1, the
partitions that minimize J, become increasingly hard. Conversely, higher values of m
tend to soften a samples cluster membership, and the partition becomes increasingly
blurred. Generally m must be selected by experimental means.

The first step of FCM algorithm is generate an initial random membership
matrix and use this random membership matrix as weight of each samples to belong
to each cluster. Then computes the centroid of each cluster. The new cluster centers
are used to update the membership matrix. The updated membership matrix is
compared with the previous ones. If the difference is greater than some threshold,
then another iteration is computed, otherwise the algorithm is stopped.

The algorithm is shown below. The notation x” signifies the value of variable
x at iteration ¢.

The FCM Algorithm

3. set value for ¢, 4, m, €, and the loop counter =1
6. create a random Nxc membership matrix U

7. compute each cluster centroid by equation

N N
v =2 )" v Y )" D
k=l k=1

8. update the membership matrix by equation
-

2
c m-1
£ Z(%J @)
)

J=l

where d; =l y, =" | 4
9. Ifmax ﬁu,(“f) —ul™ l}> € increment t and go to step 3.

THE MODIFIED FUZZY C-MEANS ALGORITHM

Commonly, standard FCM clustering programs read the entire data set into a memory
for processing. This is not generally feasible when the input is a large data set such as
a multi-spectral image. The PC operating system doesn’t have enough virtual memory
for portability. There are various approaches to solve this problem such as clustering
only small image, clustering image subsets, or using parallel computers. In this paper
we will propose an alternative algorithm to solve this problem by memorize only
portion of the image at any instant time. This method can use with any images which
is stored in a database that allow access only in line by line mode from remote host.
There has been other algorithm on improving the FCM. The objective is to
speed up the FCM processing or to decrease the number of iterations require for
convergence. The AFCM (approximate FCM) algorithm is an algorithm to speed up
FCM by replacing the real valued data structures with integer values and used look up
techniques where possible to reduce the execution time of each iteration. In the first
algorithm the cluster centers are updated as the new membership grade for each
sample are computed to produce more rapid convergence, although each iteration
requires more computation. In the second algorithm the membership matrix is updated
as each cluster centers is recomputed. More recently, a multi-stage random sampling
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technique has been applied to the FCM algorithm producing more rapid convergence
in the final stage.

Determine the equation (1) we can found that each cluster center v; is
computed as the weighted average of samples in the data set Y. The weight used for
each sample is that sample’s membership in the ith cluster. In the original algorithm
this is computed by performing a pass over the entire data set and membership matrix.

The following describes an improvement to the algorithm whereby the
computation of cluster centers is performed in sequence with the membership matrix
updating. This effectively eliminates an entire pass of the data set. The outcome is not
a decrease in the number of iterations required for convergence, but decrease in the
time of each iteration.

Method :

We maintain two extra data structures, a cxn matrix, P = {p;}, and a vector q of length
c¢. We can obtain these two matrix from the first iteration when the random
membership matrix is created. If we represent the numerator and denominator of
equation (1) by P and q, respectively, then keep them as initial values. So now the
equation (1) is replaced by equation (3)

A ®)

Where p; is a vector of length n, and g ; is a scalar. The dot-i subscript is used to avoid
confusion between vectors and scalars.

Each time an element u; of the membership matrix is computed there is an
increment in the numerator of equation (1), that is an increase in p; of

(Y ~@e) b, @)

And an increment in the denominator of equation (1), that is, an increase in g; of

(a0 )" - (@) )

These increments are accumulated into P and q respectively as the membership matrix
is updated. At the beginning of the next iteration the new cluster centers are again
computed by equation (3).

The Modified FCM algorithm

13. set values for ¢, 4, m, €, and loop counter t=1

14. create a random Nxc membership matrix u®

15. initialize data structures P and q using equation (1)

16. compute ¢ cluster centers using equation (3)

17. update the membership matrix using equation (2) as each ‘membership is
computed, increment the corresponding element of P and q using equation (4) and
equation (5)

18. if max ﬁ uld —ulh |}>e inctement ¢ and go to step 4.
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EXPERIMENTAL RESULT

In this paper we use Matlab to segment various multi-spectral images with the
original FCM algorithm and the new modified FCM algorithm. Many multi-spectral
images were used to evaluate the improvement. Table 1 show the average time used
in each iteration of the original FCM and the modified FCM when apply to a
256x256x3 image into 3, 4 and 5 clusters on an intel celeron 400 MHz with 64 Mbyte
of Ram.

Average time used per iteration (min)

3 cluster 4 cluster 5 cluster
Original Modified Original Modified Original Modified
FCM FCM FCM FCM FCM FCM
31.84 17.73 37.96 22.47 47.825 31.45

Table 1 : Comparison of FCM program

From the table above we can see that the new modified FCM can decrease the
execution time of each per iteration. The input parameters in each case where: m=2,
A=l, ¢=3, and £=0.01. For a 512x512x3 image when partition into 3 cluster, the
original FCM must take 495.96 minutes in each iteration ,but when use new modified
FCM algorithm its take 282.4 minutes in each iteration. We found that in this case the
modified algorithm can decrease the execution time in each iteration about 43 percent.

CONCLUSION

The advantage of this modified FCM algorithm is its can reduce execution time in
each iteration. Especially for the large data set this method can save much time for
clustering. Another advantage of this method is we can cluster an entire image on
standard computer even a large data set.
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Figure 3 : Experimental Result 3(a) Original colorimage (b) 4 Clusters image

(c) Edge image from traditional edge detector (d) Edge image from propose method
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