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Abstract 

Image compression aims to reduce the amount of data that is stored or transmitted for 

images. One technique that may be used to this end is vector quantization. Vectors may 

be used to represent images. Vector quantization reduces the number of vectors required 

for an image by representing a cluster of similar vectors by one typical vector that is 

part of a set of vectors referred to as the code book. For compression, for each image 

vector, only the closest codebook vector is stored or transmitted. For reconstruction, 

the image vectors are again replaced by the the closest codebook vectors . Hence vector 

quantization is a lossy compression technique and the quality of the reconstructed image 

depends strongly on the quality of the codebook. The design of the codebook is therefore 

an important part of the process . 

In this thesis we examine three clustering algorithms which can be used for codebook 

design in image compression: c-means (CM), fuzzy c-means (FCM) and learning vector 

quantization (LVQ). We give a description of these algorithms and their application to 

codebook design. 

Edges are an important part of the visual information contained in an image. It is 

essential therefore to use codebooks which allow an accurate representation of the edges. 

One of the shortcomings of using vector quantization is poor edge representation. We 

therefore carry out experiments using these algorithms to compare their edge preserving 

qualities. We also investigate the combination of these algorithms with classified vector 

quantization (CVQ) and the replication method (RM). Both these methods have been 

suggested as methods for improving edge representation. We use a cross validation 

approach to estimate the mean squared error to measure the performance of each of the 

algorithms and the edge preserving methods. 

The results reflect that the edges are less accurately represented than the non - edge 

areas when using CM, FCM and LVQ. The advantage of using CVQ is that the time 

taken for code book design is reduced particularly for CM and FCM. RM is found to be 

effective where the codebook is trained using a set that has larger proportions of edges 

than the test set. 
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Clustering Algorithms and their Effect on 

Edge Preservation in Image Compression 



1 Vector Qua nt izatio n 

Vector quantization (VQ) is a coding technique that is used in data compression. We 

begin this chapter by describing data compression and the necessity of techniques that 

allow data compression to be performed. A description of VQ as a generalisation of 

scalar quantization is then given, with a focus on the design and the performance of a 

vector quantizer in image compression. A new approach to VQ is presented, with VQ 

being viewed as a multiple regression. The last section then describes the estimation of 

the mean squared error using cross validation. 

1.1 Data compression and quantization 

Digital systems are used in a variety of applications in engineering, computer science 

and other fields [1]' [2J, [3]'[4J. The prevalence of their use for handling data has made it 

necessary to find ways of improving efficiency of data storage and transmission. In this 

section the different types of data compression are described briefly. An introduction to 

scalar quantization is given as a technique applied to data compression. 

1.1.1 Data compression 

Data compression is a way that has been employed to reduce redundancy in data without 

losing important information in the data. There are two types of data compression that 

may be used: lossy and lossless compression [1 ]'[5J. Lossless compression allows all the 

information from the original data to be restored after decompression [5J. Although the 

data is in a different form after compression all the information in the data is maintained. 

This is used to minimise storage or transmission without losing any of the information 

in the data. An example of the use of lossless compression is Huffman encoding with 

Morse code [1]'[5J. Morse code compresses letters of the alphabet by using short binary 

codewords for letters that are more likely to be used and long codewords for those less 

likely. Lossy data compression is used to minimise storage or transmission of data, where 

1 



1.2. VECTOR QUANTIZATION 2 

the reconstruction after compression does not contain all the original information [5]. 

This may be done by eliminating redundancy in the data or using approximations to 

represent the original data. Lossy compression is used where data may be lost during 

compression, without a loss of essential information. Joint Photographic Experts Group 

(JPEG) [5] is a lossy compression technique used in image compression. Although data 

may come in various forms, of particular interest here is data compression applied to 

digi tal signals. 

1.1.2 Scalar quant ization 

Quantization is a technique that may be used for lossy data compression. A quantizer 

compresses a set of nnmbers by approximating them using a smaller set of predetermined 

values. A scalar quantizer Q [I] is a mapping Q : R --. C where R is the set of real 

numbers and 

C = {Cl,C2 , ... , Cc} c R 

is the codebook with size ]CI = c. The values e; are referred to as the code words. 

Every quantizer is associated with a partition of R into c subsets UI, U2, ... , Uc such that 

Ui = {x E R: Q(x) = e;} = Q- l({e;}) where Ui is the inverse image of {c;} under Q. 

For any scalar quantizer we have the following conditions: 

• Ui n Uj = rtJ for i l' j 

An example of scalar quantization is shown in figure 1.1. Figure 1.1(a) shows a func­

tion of x, where f(x) = sin(x ) for x E [0, 360J with f(x) E [- 1,1]. Figure l.l(b) 

shows a quantized form of the sine wave where f(x) is now limited to 6 levels, Q(x) = 
{-I , - 0.69, -0.3, 0.3, 0.69, I}. 

Quantization is not limited to scalar values. This technique may be extended to vectors. 

The following section gives a description of vector quantization and its application to 

image compression. 

1.2 Vector quantizatio n 

Vector quantization (VQ) is a generalisation of scalar quantization which allows us to per­

form data compression on vectors . In digital systems, vectors are often used to describe 
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Figure 1.1: An example of the quantization of a sine wave 
(a) Sine wave f (x ) = sin (x) for x E [0, 360) 
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data of a variety of types including images or audio and video signals. VQ has been used 

successfully for applications in speech processing [6], image processing [7],[8], fascimile 

transmission [2]'[9J and weather satellites [9J. VQ is used for the following reasons [lJ: 

• to minimise the bandwidth that is required to transmit data or to get the best 

possible quality for data that is transmitted. 

• to minimise data storage space or to get the best possible quali ty of a stored image 

in a limited space. 

• to produce a representation of the data that contains all the necessary information 

and thus reduce the complexity of any other processing to be done on it . 

VQ reduces the number of vectors required to represent information by mapping a set 

of input vectors X = {Xl, X2, . . . , XN} such that Xk E Rn, to a finite set of predetermined 

vectors that "approximate" the input vectors [12J. Gersho and Gray [lJ define a vector 

quantizer Q of dimension n and size c as a mapping from an n dimensional Euclidean 

space Rn onto a finite set C containing c output vectors called code vectors. Therefore 

where C = {CI,C2, ... ,ce } and e; E Rn for each i = 1, 2, ... ,c. The set of code vectors has 

c distinct elements and is referred to as the codebook. Associated with the quantizer is 

the partition of the set Rn into c subsets denoted by Vi. The ith subset of the partition 

is defined by 

Ui = {x E Rn : Q(x) = e;} = Q - I({e;}) (Ll) 

and it follows that 

Conversely, given a partition of Rn into c pair wise disjoint sets {UI , U2 , ... , Ue}, a vector 

quantizer can be defined as Q(x) = e; if X E Vi with fixed {CI' C2, ... , ce} ERn. 

There are two main operations that a vector quantizer performs: encoding and decoding. 

The encoder selects a matching code vector e; to represent an input vector Xk, which 

then becomes an element of Vi . An index is then used as a label of the code vector. This 

index is transmitted to the decoder which generates the code vectors e; that will be used 

to represent the corresponding sets Vi from the partition. 
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A selector function Si(X) can be defined that describes the operation of the encoder [lJ: 

{

I , 
Si(X) = 

0, 

i f x E Ui 
(1.2) 

otherwise 

Si(X) is also called the characteristic function of Ui. 

The quantizer operation can be represented as follows 

c 

Q(x) = L C;Si(X) (1.3) 
i= l 

For any given input vector only one term in the sum is non-zero as the {Ui : i = 1,2, ... , c} 

form a partition of Rn. 

1.3 Vector Quantizer Design 

In designing a vector qnantizer the aim is to maximise a given measure of performance. 

The design of the codebook is critical in achieving this aim. It is therefore necessary 

to find a code book for which the expected distortion between the input and the code 

vectors is minimised. Let X = {XJ,X2 , ... ,XN} denote a set of continnonsly distribnted 

random vectors. The expected distortion D is given by 

D = E(d(X, Q(X») (14) 

where d is a distortion measure between the input X and the output Q(X) and E the 

statistical expectation. Distance measures are often used as distortion measnres. A 

codebook that minimises the average distortion satisfies the nearest neighbour condition 

[1],[10],[l1J and the centroid condition [1]'[4J. 

Theorem 1.3.1 (Nearest neighbour (NN) condition): 

For a given code book C = {Cl, C2, ... , cc} and a vector quantizer Q with Q (x) = I:;~~l CiSi (x), 

the partition which minimises /1 J 

D = E(d(X, Q(X)) 
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where X = {Xl, X2, ... , X N} is randomly selected from a distribution FeRn is given by 

Ui C {x E R n : d(x,c;):S d(x,cj) forallj}, (15) 

that is 

Q(x) = cionlyif d(x,ci):S d(x , cj) forallj (16) 

where d(x, Ci) is the distortion measure from X to Ci . 

Theorem 1.3 .2 (The centroid condition): 

For a given partition {Ui ; i = 1,2, .. , N}, the optimal code vectors satisfy [1],[3],[lOJ 

Ci = cent(Ui ) 

that is the optimal code vectors must be the centroids of the partitions. 

cent(Ui ) = E(XIX E Ui ). (17) 

Clustering algorithms are often used in codebook design. They iteratively generate par­

titions until the code vectors stabilise. The iterative process is started with an initial 

codebook which is either chosen randomly or is a subset of the input vectors. A new 

codebook is then found, which results in a vector quantizer which has a distortion not 

greater than the previous quantizer [1]. The process continues until there is no significant 

change in the distortion between the successive iterations. There are several clustering 

algorithms that can be used in generating codebooks. A description of three algorithms 

considered in this thesis is given in Chapter 2. 

1.4 Measuring the performance of the quantizer 

Let X = {Xl, X2, .. . , XN} denote a set of continuously distributed random vectors in 

Rn. The performance of a quantizer is usually measured using the average distortion 

between the input vectors X and the output vectors Q(X) that are reproduced using a 

codebook. In general when comparing quantizers, the quantizer with a smaller distortion 

is considered better. If the distortion is given by d(X, Q(X)) then overall performance 
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is measured by the long term performance 

(1.8) 

If the vector process is stationary and ergodic then with a probability of one the limit 

exists and d = E(d(X, Q(X))) where E is the statistical expectation [1]'[12J. 

A measure that is often used to measure the distortion between an input vector X and 

the quantized vector Q(X) is the squared Euclidean distance which is defined as 

d(X, Q(X)) = IIX - Q(X)112 

= (X - Q(X))'(X - Q(X)) 
N 

= L (Xk - Q(Xk))2 (1.9) 
k=l 

The average distortion for the squared Euclidean distance is then called the mean squared 

error (MSE) [13J and is given by 

MSE* E(IIX - Q(X)W) 
1 N 

= N2 L(Xk - Q(X k )) (1.10) 
k=l 

where 
Xl Q(XI ) 

X 2 Q(X2 ) 

X = and Q(X) = 

XN Q(XN) 

is the input and Q(X) = {Q(X I ),Q(X2 ) , ... Q(XN)} is the quantized output. 

Another measure that can be used particularly for gray scale images with pixel values 

{O, 1, .. . , 255} is the peak signal to noise ratio (PSNR) that is inversely related to the 

MSE [1 ], 

( 
2552 ) 

PSNR*=10xlogJO MSE* . (1.11) 
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1.5 Vector quantization and image com pression 

Typically the storage and transmission of digital images requires large amounts of space 

and a wide bandwidth [IJ. Vector quantization is a technique that can be used for image 

compression. Of particular interest for us here is the use of VQ with gray scale images. 

A grayscale image is represented digitally by an array of integers in the range [0, 255J 

(black (0), white (255)) . Therefore a digital image is an array of (xr ,s),·= 1,2, ... ,R,s= 1,2, .. ,S E 

{a, 1,2, ... , 255}RXS where xr,s is the pixel value at location (T, s). For quantization the 

image array is converted into vectors. This is done by subdividing the image into small 

blocks of size p x q, where p = q for square blocks. These blocks are then rearranged 

as vectors with each component representing a pixel in the block. Clustering algorithms 

may be used to find code vectors that will represent clusters of similar image vectors. 

Each code vector is assigned a label which is used for storage, transmission or any other 

processing done to the image. The image is stored or transmitted in the form of an array 

of labels with the codebook. In decoding the codebook is used to find the code vectors 

that are associated with the labels. These are then used to reproduce the compressed 

input. For each image block the code vector used to represent it is found and then instead 

of the original image vector the code vector is used for reconstruction. The quantized 

vectors are then converted into blocks to reconstruct the image. Often in practice the 

original image data is transformed. The fast -Fourier, Z or planar transforms and other 

transforms [14],[15],[16], may be used to transform the data prior to quantization and the 

corresponding inverse transform then used for decoding. For a 2 x 2 block in an image 

the process would be as follows: 

• Convert the block to a vector: 

Xr,s 

( xr,s Xr ,s+ l )- Xr+ l ,s 

Xr+ l,s Xr+l,s+l Xr,s+l 

Xr +l,s+l 

• Use clustering algorithms to find closest code vector: 

Xr,s eli 

Xr+l,s C2i -Xr ,s+l C3i 

Xr +l ,s+l C4i 
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• Code vector is stored as a label: 

Cli 

C2i 
--. i e;= 

C3i 

C4i 

• For reconstruction, using the code vector label, look up the code vector to represent 

the vector and convert to a block: 

Cli 

i ---+ Ci = 
C2i --. ( Cli C3i ) C3i C2i C4i 

C4i 

Figure 1.2 shows the processes involved in VQ for image compression. 
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Image 

Blocks to vec ors 

Image vectors • II 11111 milD: 
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Reconstructed image 

Figure l.2: Vector quantization 
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Figure 1.3: 256 x 256 Lenna image reconstructed using VQ with (a) 2 x 2 (b) 4 x 4 blocks 
(a) 2 x 2 blocks 

(b) 4 x 4 blocks 
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Figure 1.4: Codebooks created using Lenna unage, codebook size ~ 64 
(a) Codebook with 2 x 2 blocks 

10 2 21] 2. 2. 2 2. 2. 
12 12 12 12 12 12 12 12 

2 2 20 2 2 2 2 2[1 
12 12 12 12. 12 12 12 12 

2 2 2. 2 2. 2 2 2GJ 
12 12 12 12 12 12 12 12 

1[1 1. ~IJ ~ IJ ~ ~D ~ ~EJ 
12 12 12 12 12 12 12 1 2 

20 2 20 2 2 2D 1[ijj 2 
12 12 12 12 12 12 12 12 

2. 2 20 20 1. 2W 2. 2 
12 12 12 12 12 12 12 12 

1. 1. 1. 2. 2 2 10 10 
12 12 12 12 12 12 12 12 

~ . ~[] HIl ~ . ~ . ~ ~ D ~. 
12 12 12 12 12 1 2 12 12 

(b) Code book with 4 x 4 blocks 

~D H] ~D i . ~ i[] iD i 
2-1 24 24 2-1 24 24 24 24 

i 10 i ~ H:! i i iD i 
24 24 24 2-1 24 2-1 24 24 

~ i D ir. iD 1 iO ~ i . 
24 24 24 24 24 24 24 24 

1 ~D ~ 1. &0 10 ~ 1 
24 24 24 24 24 24 24 24 

~ ~ . ~ i D i ~ ~Q ~ ~ , 

24 24 24 24 24 24 2-1 24 

H~ ~ ~ ~ ~ . ~[] ~ sCi 
2-1 24 24 24 24 24 2-1 2-1 

~ D ~. i~ i. i ~ . i i . 
2-1 2-1 2-1 24 24 24 2-1 24 

~ ~ ~ i ~ iO iO iO 
24 24 24 2 -1 2-1 24 2-1 24 
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Figure 1.3 shows examples of images compressed using VQ. Each image has a different 

block size. We observe that the reconstruction is affected by the block size. If the block 

size of the compressed image is p x q = n , during VQ, a block is converted to vector 

of size n. The extent to which compression is achieved may be measured using the bit 

rate R. The bit rate of a quantizer for an image with vectors of dimension n, is given by 

[1]' [17J 

R = G) [092 C (1.12) 

where c is the number of code vectors in the quantizer and n is the dimension of the code 

vectors. In figure 1.3(a) 64 code vectors were used with 2 x 2 blocks , thus the quantizer 

has a bit rate of 

R = (~) [09264 

1.5 

which would be referred to as a bit rate of 1.5 bits per pixel (1.5 bpp) . 

Examples of codebooks are given in figure 1A. The choice of the codebook is crucial 

as it determines the quality of the decompressed output. Figure 1.5 shows an image 

reconstructed from a randomly generated codebook. We observe that the image is a very 

poor representation of the original image. A good codebook is necessary for an effective 

compression. 

1.6 Vector Quantization as a Multiple Regression 

The classical view of vector quantization has been given thus far. Vector quantization 

however, may also be approached as a vector-valued multiple regression. This idea to 

the best of my knowledge is new. It is drawn from regression trees [18J. Given a learning 

task 

Yl Y2 YN 
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Figure l.5: Reconstructed Lenna image using randomly generated codebook, c = 256 , 
block size = 2 x 2 

where (Xi, y;) are samples from a distribution on Fx£ where FeRn and £ cRm are 

finite we can approximate the learning task by a function 

such that ¢(x;) '" Yi. The error measure for ¢ would be given by the mean squared error 

of ¢ which is given by 

MSE'(¢) = E(lIY - ¢(X)112) 

where (X, Y) are randomly chosen from the distribution. If we let Z = IIY - ¢(X) 11 2 then 

Z is a real valued random variable and MSE'(¢) = E(Z). Thus an unbiased estimator 

for the MSE(¢) is the sample mean 
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In the context of VQ the class of functions that are involved are limited to vector-valued 

step functions. 

Definition 1.6.1 

A function ¢ : Rn --> Rm is a vector-valued step function if the set ¢(Rn) is finite. 

If ¢(Rn) = {CI, c2, ... , cc} the set of code vectors lmd q,-l( {e;}) = Ui for i = {I, 2, .... , c} 

then: 

1. ¢(x) = e; <==? x E Ui 

We can thus characterize vector-valued step functions as follows: 

Lemma 1.6.2 A vector-valued step function is given by a partition U1 , U2 , .. . , Uc of R m 

for function values {Cl , C2, .. . , cc} E Rn with ¢(x) = e; if x E Ui. 

An example of a graph of a step function where m = n = 1 is given in figure 1.6(a). An 

example for the case where n = 2 and m = 1 is given in figure 1.6(b) . 
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(a) m = n = 1 

y 

I~-

----~ 

:x; 

(b) n = 1 and m = 2 

Figure 1.6: Step functions 1> : Rm -+ Rn 

Step 1 Step 2 Step 3 Step 4 

Figure 1. 7: Splitting regions for a regression tree 

In the context of regression trees, the regression function is defined by the partitions Ui 

for i = 1,2, .. . , c where the Ui are bounded by hyperplanes of the form {x E Rn 
: Xk = 

constant}. For this particular approach the partition is not derived by clustering but by 
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successively splitting regions. An example is given in figure 1.7. 

Theorem 1.6.3 

Given a partition UI, U2, ... , Uc, the step function rf;: R1n ---> Rn with rf;(x) = Ci for x E Ui 

has the smallest M SE for a given learning task 

I :: I x21"·I" ·1·"1 XN I Y2 ... ... ... YN 

if and only if 

where Ni = IUi l is the number of vectors xk E Ui · 

Proof: 

Then 

MSE(rf;) 

8MSE(rf;) 

Ocji 

1 N 
N L II Yk - rf;(Xk)W 

k = l 

1 c 

NL L IIYk-CiW 
i= l xkEUi 

1 c n 

= N L L L (Ykj - Cij? 
i=l XkEUi j = l 

2 
= N L (Yk j - Cij)(-l) 

Xk E Ui 

8MSE(rf;) 

Ocji 
= 0 

¢=} L Ykj 

(113) 

(114) 

(115) 

r 
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Hence 

(l.l6) 

In order to check for sufficiency we look at the second order partial derivatives. 

m f. i, I f. j 

m = i,l = j 

The Hessian matrix is a diagonal matrix with positive diagonal entries if there are no 

empty clusters. Therefore there are only positive eigenvalues and the Hessian matrix is 

positive definite. Hence {Cl,C2, ... ,Cc} are minimisers of the !lISE. 

Theorem 1.6 .4 

Given a partition Ub U2 , ... , Uc and the step function ¢ : Rm 
-t Rn with ¢(x) = e; for 

x E Ui for a given learning task 

Then the MSE(¢) is minimised if we define 

(l.l7) 

such that 
c 

Ui n UI = ¢ for i f. I and U Ui = Rm (l.l8) 
i=l 

Proof: 

(l.l9) 

is minimal if and only if all L XkEU, IIYk - e;112 are minimal. Each of these sums are 

minimal if for Xk E Ui we have that 

IIYk - e;112 < IiYk - cdl2 'if I 

<=> IIYk - e; 11 < IIYk - cdl 'if I (1.20) 
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1.6.1 The standard error of the estimate for the MSE 

1 N 
var(MSE(</Jll = Var(N L Zk) 

k= l 

1 N 
= N2 LVar(Zk) 

k=l 

1 
= N2 NVar (Z) 

1 
= N Var(Z) 

We estimate Var(Z) by the sample variance of the values Zk = IlYk - </J(Xk)W 

Note: 

8
2 

= ~ ~ ( Zk - ~ ~ Zk ) 

N 

= ~ L (Zk-Z)2 
k=l 
N 

= ~L(Z~ - 2ZZk+Z2) 
k= l 

= ~ {~Z~-2Z~Zk+NZ2} 
1 {~ 2 -2 -2} = N ~Zk - 2NZ +NZ 

N 

= ~LZ~ _Z2 
k=l 

(1.21) 

• Any statistic whose mathematical expectation is equal to the parameter is an un­

biased estimator for the parameter. Therefore 82 will be biased for Var (Z) since 

[19J 
E(82) = (N - l )var(Z) 

N 
(1.22) 
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• A statistic (j for a population parameter 0 is consistent if and only if for any posit ive 

error bound, limN~ooP(l(j - 01 < b) = 1 [191 . tr L:k Z~ is consistent for E(Z2) 

and tr L:k Zk is consistent for E(Z) and since E(Z2) - E(Z )2 = Var(Z) then 8 2 

is consistent Var(Z ). 

• Z = MSE(¢) 

Therefore a consistent estimator for the standard error of the MSE(¢) is given by 

SE(MSE(¢)) (1.23) 

1 1 N 1 N N N {; Ilvk - ¢(xk)114 
- (N (; Ilvk - ¢(XdW) [ 2] 

1.6.2 Appl ication to vector quantization 

Given an image that is to be quantized, as in the approach described before, we would 

subdivide the image into blocks which would then be represented by vectors Xk. T he 

learning task would then be given by 

Xl X2 ... XN 

Xl X2 ... XN 

where for p x q blocks with p x q = n, Xk E Rn. For this learning task 

• Xk = Vk because we attempt to reconstruct our image exactly the same as the 

original image. 

• ¢(x) is a step function. 

From Theorem 1.6.3 and 1.6.4 we obtain that for a given partition Ub U2, ... , Ue , ¢(x) = 

<; {=;> Ilx - <;11:; Ilx - cd l 'VI = 1, 2, ... ,c if X E Ui· 

Moreover we estimate the A1 S E by 
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MSE(<I» 

We define the pixelwise M SE for an image by 

A1SE(image) = 

where the image is of size P x Q. 

1 P Q 

= ~ L L (Xik - Xik)2 
P q i=l k= l 

= J...MSE(<I» 
p.q 

= J...Z 
p.q 

1.6.3 The standard error of the pixelwise MSE 

1 P Q 
MSE(image) = PQ LL(Xik - Xik? 

i= l k= l 

We estimate the standard error of the M S E 

1 P Q 
Var(MSE(image)) = (PQ)2LLVar((Xik-Xik?) 

i= l k=l 

1 -2 

"" (PQ)2
PQS 

$2 
PQ 

=? SE(MSE(image)) "" 

given that $2 = estimate of the variance of (Xik - Xik) 

(1.24) 

(1.25) 

(1.26) 

We now estimate Var(A1SE(<I») by ~. As a result the sample variances are different 
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and therefore 

Var(MSE(<I») =f Var(MSE(image)) 

In VQ it is the blocks that are used so it would perhaps be more appropriate to use 

SE(MSE) = jVar(MSE(<I» 

as the standard error. However, it then becomes difficult when dealing with different 

block sizes and when using approaches that do not use the blocks. The standard error is 

not usually reported in papers that describe VQ applied to image compression. 

1. 7 Estimating the MSE Cross-validation and the test set 

approach 

As we have shown in section 1.6, a regression function is usually obtained by minimising 

the mean squared error on a random sample {(Xi, Vi) : i = 1, 2, ... , N} taken from Yx C. 

Estimating the MSE from the same data that the regression function was drawn from, 

leads to an overly optimistic estimate. As a means of solving this problem, we may 

draw a second random sample from Yx C, that is independent of the sample used for 

approximating the regression function and estimate AI S E* (<1». This however may not 

be feasible as the data is often a finite set . Thus practically we would split the data in 

the sample into a training set and a test set. The training set would then be used to 

approximate the regression function. The mean squared error is estimated on the test 

set. To obtain a good approximation of a function, a large training set is required but 

then this leaves a small test set. A small test set would result in a poor estimate for 

the M SE'. To alleviate this problem especially if the data set is small, we make use of 

cross-validation [20J. 

In cross validation, we split the data set X into K sets referred to as K folds 

with Xi n Xj =f f/J for i =f j with all sets approximately equal to each other in size i.e 

!Xi ! = ~ for i = 1,2, .. . , K. We learn regression functions <I> on the training sets for 

<l>k : TK = X !Xk (training set) and Tk = X k (test set). We make the assumption that 
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the method is stable under perturbations i.e that 

(1 27) 

for all k = 1,2, ... ,K. Then also for the estimates MSE(¢) '" MSE(¢k) and we obtain 

an estimate for MSE*(¢) as follows: 

MSE(¢) 
1 K 
N L L (Y; - ¢(Xi ))2 

k=l X;, ET 

1 K 
= N L NkMSE(¢k) 

k=l 
K 

= L ~MSE(¢k) 
k= l 

K 

= ~ L MSE(¢k) 
k=l 

(128) 

So therefore we can estimate MSE*(¢) as the sample mean of M SE(¢l), MSE(¢2)"'" 

MSE(¢K). 

1.7.1 Cross validation application to vector quantization 

In VQ for image compression we employ cross-validation to measure the generalisation 

performance of VQ. By generalisation we refer to the ability for VQ to perform on an 

unseen data set . In image compression we would like to generate a code book that will 

work well on image data that is unseen. In order to measure the performance of a vector 

quantizer we need to separate the data used to create a codebook, the training set from 

the data used to test the codebook, the test set. This is necessary because we want to 

ascertain the performance of the quantizer on an unknown data set . Cross-validation 

may be used to increase the amount of data available for training in codebook creation. 

For our application in image compression, K separate images may be used for a K fold 

cross validation approach. We would thus train the quantizer on K - 1 images and then 

test it on the remaining unused image. The M SE' estimate using cross-validation would 

then be given by equation (128) 

1 K 
MSE(¢) = K L MSE(¢k) 

k=l 
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Figure 1.8: Test and training sets with cross validation 

DATA 

1 2 3 4 5 
Train Test Train Train Train 

MSE(¢k) is the MSE estimate obtained by testing the quantizer on image k using a 

codebook trained on the other K - 1 images. A similar approach may be done with one 

image by splitting the image into K parts to do a K fold cross validation. This however 

may result in inadequate data for the test set and result in poor estimates. We also use 

separate images in order to be able to visualise the test image after reconstruction. In 

image compression it is not only the minimal MSE that is important but also good visual 

quality of the image. 

A problem that may arise in using cross validat ion in VQ for image compression is that 

the images that are used may not be very similar in the distribution of their pixel values. 

If a few images are used for the estimate this might result in poor estimations of the 

MSE because the test set may not be similar to the training set. This would then give 

MSE estimates that have wide variation and thus violate the assumption that is given in 

equation (1.27). 

1.7.2 Estimating the MSE using random selection 

An alternative approach that could be used in estimating the MSE is to get a random 

selection of image vectors to create a codebook and to test the quantizer. For each image 

we would subdivide the image into blocks. These blocks would then be represented as 

vectors for VQ. From these image vectors, a set of image vectors is randomly selected 

that will be used as training set to create a codebook. This codebook is then tested on 

the remaining set of vectors that were not in the training set. The training set may be 

made to be a larger set so that there are adequate image vectors available to create the 

codebook. The MSE may then be calculated for the test set of vectors to estimate the 

MSE for the quantizer. In order to get a more accurate estimate of the MSE, we would 

carry out this same procedure several times. The mean of the MSE's obtained would 
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then be taken as the estimate of the MSE for the quantizer. 

When applied to image compression this approach has the disadvantage that it does 

not allow us to be able to visualise the quantized image, since the image vectors are 

randomly selected from the images. In other applications of VQ it may not be necessary 

to have the same order in the quantized data so this method would be more suitable in 

such instances. For our application here we would like to be able to view the qU8Jltized 

images as the visual quality of the image is important in determining the performance of 

the quantizer. A low MSE may also not necessarily me8Jl good visual quality [14J thus a 

visual representation is important in assessing the performance of a qU8Jltizer. 



2 C lustering a lgorit hms for codebook 
design 

We have stated that in VQ the design of the codebook is important as the code book 

determines the performance of the quantizer. We focus here on clustering algorithms for 

codebook design. Although there are other algorithms that may be used , for our purposes 

we have chosen to use the c means, fuzzy c-means and learning vector quantization 

algorithms. This chapter gives a description of these algorithms. 

2. 1 Clustering algorithms 

In general clustering is used to group similar data from a large data set in order to be able 

to extract information or process the data efficiently [21],[221 . Clustering algorithms are 

used as a way of generating the clusters . The purpose of clustering is to create clusters 

such that data points within a cluster are as similar to each other as possible and data 

from different clusters are as dissimilar as possible [211. Given a data set S, we seek a 

partition of S 

with Ui C S. 

Definition 2 .1.1 

If S is a set in Rn then a set of subsets U = {U1 , U2 , .. . , Uc} is called a partition of S if 

• (C1) there are no empty clusters: Ui of 0 for all i = 1, 2, ... , c 

• (C2) there are no overlapping clusters , Ui n Uj = 0 for i of j 

• (C3) the union of all clusters is the set S: U f=l Ui = S 

A clustering is a partition that satisfies the requirements of similarity mentioned above. 

An important part in the identification of clnsters is a measure of similarity. T here are 

26 
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various measures that may be used to measure similarity that are dependent on the data 

type. For continuous data, often distance measures are used for similarity [21]. Examples 

of distance measures are the City Block distance , Euclidean distance and the Minkowski 

distance: 

Dl. City Block distance [21],[23],[24] 

D2. Euclidean distance [21] 

D3. Minkowski distance [21] 

n 

d{Xk' Xl) = L IXkj - Xlj l 

j= l 

(2 .1) 

(2.2) 

(2 .3) 

where Xk and Xl are n dimensional vectors. In the context of image compression, we use 

clustering to reduce the amount of data used in image processing. We seek to partition 

an image, in the form of an array of vectors, into c clusters by identifying code vectors 

(cluster centres) to represent clusters of similar vectors. In this thesis we will measure the 

similarity of the image vectors using the Euclidean distance (D2). If X = {Xl, X2, . .. , xn} 

is the array of image vectors the partition is obtained from the code vectors {Cl, "2, ... , cc} 

by 

2 .2 The c-means algorithm (eM) 

When presented with a set of input vectors S = {Xl, X2, . . . , XN}, the aim of the c-means 

algorithm [1]'[4]'[21]'[26] is to partition S into c clusters Ul , U2, .. . , Uc such that conditions 
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(C1), (C2), and (C3) are satisfied. The objective function W is defined by 

c 

W(V},V2, ... ,Vc,Cl,C2," "Cc) = L L Ilxk - c;W 
i= l :qEUj, 

c n 

= L L L (Xkj - C;j)2 
i= l XkEUi j=1 

28 

(2.4) 

where L:xk EU, IIXk - c;W is the sum of squared distances of the samples in cluster Vi to 

the centre Ci. Hence W is the sum of squares of the within cluster distances. Since we 

desire to have samples within a cluster to be as similar to ea.ch other as possible, we want 

to minimise W. We therefore seek a partition and centres such that W is minimised. 

Assuming clusters VI, V2, ... , Vc are given, we can define a regression function by q,(x) = Ci 

for x E Vi . Then 

then by Theorem 1.6.3 W is minimised if and only if 

(2.5) 

Conversely given cluster centres Cl, C2, ... , ce , by Theorem 1.6.4 W is minimised if Vi are 

chosen such that 

(2.6) 

CM therefore steps through equation (2.5) and (2.6) iteratively to generate a codebook 

that minimises W . To start the CM algorithm an initial set of code vectors CO = 
{ c~ , eg, .. . , c~} is required. The Euclidean distance between the input vectors and each of 

the c code vectors is computed using equation (2.2). The distances are stored in a matrix 

D where D ik is the distance between Xk and c;. The input vectors Xk are assigned to a 

cluster Vp whose cluster centre is c? , if they satisfy the condition (2.6) . Once all Xk have 

been assigned to a cluster, new code vectors are found by computing the mean vectors for 

each cluster using equation (2.5). The process of clustering begins again, this time using 

the new code vectors. The algorithm does this iteratively until there is no significant 

change between the Euclidean distances of code vectors from subsequent iterations. CM 

tries to identify compact clusters [29]. Figure 2.1 and 2.2 give examples of clustering 

using CM with varying numbers of code vectors for the Iris data [21]. 
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Figure 2.1: Iris data with c-means clustering 
(a) Iris data with 2 code vectors 
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Figure 2.2: Iris data with c-means clustering 
(a) Iris data with 4 code vectors 
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(b) Iris data with 5 code vectors 
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The following pseudo-code is a summary of the c-means algorithm: 

Input: initial code book CO = {c?, cg, ... , c~}, data X = {x}, X2, ... , X N } 

while t < tmax do the following 

fori=1,2, ... , c 

fork = 1,2, ... ,N 

compute matrix of distances D using equation (2.2) 

endfor 

endfor 

fori = 1,2, ... ,c 

determine Ui with equation {2.6} 

endfor 

fori = 1, 2, ... , c 

determine Ci using equation {2.5} 

end for 

endwhile 

Output : partition U1 , U2 , ... , Uc and code book Cl , C2 , ... , Cc 

31 

There are some problems that may arise in using eM. Firstly, a poor choice for an initial 

codebook may result in empty clusters. To avoid this problem, the initial code vectors 

may be chosen from the data so that the chances of having empty clusters are reduced. 

When there are empty clusters we effectively reduce the code vectors that are available 

to the data. This is because a code vector cannot be updated if the cluster is empty. 

Moreover in equation (2 .5) we divide by IUi l which is the size of the cluster. For an empty 

cluster this value is zero , so the code vector update then becomes an undefined result. 

Linde, Buzo and Gray [271 suggest another method that may be used for initialisation 

that is referred to as splitting. Using splitting we derive the initial codebook from one 

code vector that is the centroid of the whole data set. This code vector is split into two 

close code vectors. The eM algorithm is then used to generate a codebook with two 

code vectors. Each of these two code vectors is also split into another two vectors that 

are close to each other so that there are four code vectors in total. Again these are used 

as the initial code book and eM is used to generate a codebook with four code vectors . 
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This splitting process is done iteratively until the desired number of code vectors that are 

required for the initial code book c is met. The codebook generated with c code vectors 

is then used as the initial codebook. 

Another problem that may arise in CM is in the use of the matrix of distances D. For 

large data sets D becomes very large and thus it is difficult to store the array. To 

overcome this problem a sequential algorithm may be used such that we do not store the 

entire array. To do this, in each iteration, an individual data point Xk is presented. We 

calculate dk = (d l , d2, ... , de), the Euclidean distances between Xk and the C code vectors 

where for example d l = d(Xk,CI) is the Euclidean distance between Xk and CI. Equation 

(2.5) is then used to determine the cluster Ui that Xk belongs to and this is stored as 

a label in the vector U. This is done for all k = 1,2, .. . , N. The following pseudo-code 

gives the sequential c-means algorithm: 

Input: initial codebook CO = {c~ , cg, ... , c~}, data X = {Xl, X2, ... , XN} 

while t < tmax do the following 

fork = 1,2, ... ,N 

for i = 1, 2, ... , C 

compute dkusing equation (2.2) 

endfor 

determine Ui with equation (2. 6) 

endfor 

for i = 1, 2, ... , C 

determine Ci using equation {2.5} 

endfor 

endwhile 

Output: partition U1 , U2, ... , Ue and codebook {cr, C2, ... , ce} 

2.3 The fuzzy c-means (FCM) 

The FCM algorithm is an application of fuzzy set theory to clustering, that was first 

published by Dunn [29J in 1974, and in Bezdek's thesis in 1973 [30J. The main idea of 
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fuzzy clustering is that data are allowed a grade of membership in more than one cluster. 

The characteristic function of a cluster Ui C S is given by 

{

I, 
lu; (x) = 

0, 

if X E Ui ; 

elsewhere. 

If we define Uik = luJXk) then Uik = 1 if Xk E U i and Uik = 0 if Xk ric U i where 

11.;k is interpreted as the strength of the membership of Xk in the cluster Ui . Hence 

U = Uik E {O,l}cXN is a partition matrix that contains all the information of the 

partition. U however, does not contain the actual cluster centres for each partition. 

Definition 2.3.1: A fuzzy clustering of S = {Xl , X2, ... , XN} can be described as a set 

U = {UI , U 2 , .. " U c } of fuzzy sets such that U i : S ----> [O, IJ where Uik = Ui(Xk) is the 

grade of membership of Xk in Ui [30],[31J . The fuzzy cluster matrix or partition matrix 

U is shown below 

U= 

Uc1 Uc2 

and this matrix should satisfy the following conditions [32]: 

• (Fel) 0 .;; Uik .;; 1 

• (FC2) 2:f=l Uik = 1, for all k = 1,2, ... ,N 

• (FC3) 2:~=1 Uik > 0 

These conditions allow the input vectors Xk to belong to more than one cluster and 

ensure that there are no empty clusters. For a crisp clustering the Uik = 0 or 1 because 

an input vector is either in the cluster (Uik = 1), or not in the cluster (Uik = 0). For a 

crisp clustering the within groups sum of squares is given by 

c c N 

L L Ilxk - c;W = L L u:kl lxk - c;112 (2.7) 
i= l k= l 
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as u:k = Uik for Uik E {O, I}. For fuzzy clustering this can be generalised by defining the 

within groups sum of squares as 

e N 

Wm(U,Cl, C2, ... , ce) = LL u:k l lxk - c;W (2.8) 
i= l k= l 

where mE (1, (0) is a weighting exponent on each fuzzy membership and is called the 

fuzzifier. FCM tries to minimise W [32J. The conditions that allow the minimisation of 

Wm are given in theorem 2.3.1. 

Theorem 2.3 .1 [30) 

Assume 11.11 to be inner product induced. Fix m E (1 , (0), let S have at least C < N 

distinct points, and define for all k E {I, 2, ... , N} the sets 

h = {i : 1 :s; i :s; C; d ik = Ilxk - cdl = O} 

i k = {1,2, ... ,c}-h 

Then (U, C) may be globally minimum for Wm only if 

or 

and 

Proof: 

h '" 0 ==} Uik = 0 Ifi E ik and L Uik = 1 
i E1k 

(2.9) 

(2.10) 

(2.11) 

(2.12) 

(2.13) 

We quote the proof given in Bezdek 130J. First, fix C = {ct, C2, ... , ce} and define fm(U) = 
Wm(U, C) for any U in a fuzzy prutition space. Since U is degenerate its columns are 
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independent , and therefore 

(2.14) 

where 

canv(Bc) = { Uk E R C 
: t Uik = 1; Uik ~ o} 

~=l 

(2.15) 

Solut ion of equation (2.14) is effected with Lagrange multipliers. For each term, let 

c 

frnk (Uk) = L uik(dik)2 (2.16) 
i=l 

and let its Lagrangian be 

(2.17) 

(A, Uk) is stationary for Fk only if \l A,U.Fk(A, Uk) = 0, where \l A,U. is the gradient with 

respect to A and Uk. Setting this gradient equal to zero yields 

aFk(A U) = 
OA ,k 

aFk 
aU

st 
(A, Ukl 

From equation (2.19) we have that 

( tUik -1) = ° 
t= l 

_ [ A ] l /(m-l) 

Ust - m(d
st

)2 

(2 .18) 

(2.19) 

(2.20) 
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Using equation (2.20) we obtain 

Thus 

c 

L Ujt 
j~1 

Returning to equation (2.19), 

Ust 

= 1 

1 m - l 1 m-l 

(

c - ' ) -' f; Cdij)2 ) Cdst)2 ) 

(~ (:;:t~ ,) 
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(2. 21) 

(2.22) 

(2.23) 

At this point there are two possibilities: if It = 0, then equation (2.11) follows for 

column t: if It of 0, then choosing Ust as in eqnation (2.12) results in ! mt(Ut ) = 0, 

because the nOll-zero weights are placed on zero distances, while positive distances will 

increase !mt(Ut), contradicting minimality. Continuing in this way, we arrive at N vectors 

{UI , U2 , ..• , UN}, which, taken together as an array U, define a stationary point for 9m· 

If all of the Uk 'S are computed by equation (2.11), Uik E (0, l)l;Ii, k. If singularities occur , 

necessitating the use of equation (2.12) for some columns, U is non-degenerate. To see 

this, suppose, to the contrary, that for row r, Urk = Ol;lk. Define 

c~ 
t {

'" 1 :O;i :O;c; iof r 

xp 1. = r 
(2.24) 

where xp E X, xp of '" for i of r. Such a vector exists because X contains c distinct 

points . Now 
N N 

0 = L (Urkr(drk? = L (Urk)m( d;k)2 (2.25) 
k~l k = l 
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where d;k = Ilxk - c;11 Vr. Then (U, CO) is a global minimum of Wm. Since c; = xp, the 

set I p = {r} with Urp = 1 from equation (2. 12). This contradicts that U is in a fuzzy 

partition space whenever equation (2.11) and (2.12) are used to construct it. 

To establish equation (2.13) , fix U E 111 and set h",(C) = Wm(U, C). Minimisation of 

hm is unconstrained so we have 

N c 

hm(C) = LL(Uik)m(did 
k= li= l 

N c 

L L (Uik)m (Xk - o;,Xk - 0;) (2.26) 
k=li= l 

where (Xk - 0;, Xk - 0;) is the norm inducing inner product . Then for each i, it is neces­

sary that the directional derivatives h;"(o;; w) vanish for all unit vectors w E RC: 

oh", 
-(0;) 
Ow 

N d 
= L(Uik)m dt ((Xk - 0; - tw, xk - 0; - tw )) 1,=0 

k=1 

-2 [~(Uik)m (Xk - o;,Xk - o;)l = 0 Vw 

<=} / 'f(Uik)m(Xk - Ci), w) = 0 Vw 
\k=1 
N 

<=} L(Uik)m(Xk - 0;) = IJ (2.27) 
k=1 

from which equation (2.13) follows. 

This theorem was previously proved by Dunn (1974) [29J for m = 2 and was later 

generalised by Bezdek for m = (1,00) as is shown above. 

We now state the conditions that FCM steps through during clustering: 

• (WM1) 

C (( IIXk - Cill)2/cm-1l) -1 V i,k 
L Ilxk -c ll J=1 J 

(2.28) 
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• (WM2) 

(2.29) 

To start the algorithm initial cluster centres are selected outside of the data set. In 
equation (2.28) if Xk = Cj then Ilxk - cj ll = 0 and this gives an undefined result as we 

divide by zero. Initial code vectors must therefore be chosen to be similar to the data 

set but not part of the data set. Starting with initial code vectors CD = {c~,cg, ... ,c~} 

a fuzzy clustering is performed by computing the grade of membership using equation 

2.28 for all i and k and the code vectors are updated using equation (2.30). 

c [ m ] ct+1 = L Uik:~~ 
; = 1 E ,k 

(2.30) 

where c; are weighted cluster means and t = {O, 1, 2, ... , tmax } is the number of iterations. 

This process is done iteratively until there is no change in the partition matrix for sub­

sequent iterations. FCM like CM is a non-sequential or a batch algorithm, as the cluster 

centres are only updated after a pass through the whole data set . 

The fuzzy c-means algorithm may be summarised by the following pseudo code: 

Input: initial codebook CO = {c~ , c\l , ... , c~}, data X = {Xl, X2, . . . , xn}, 1 < m < 00 

while t < tmax do the following 

fori = 1,2, .. . ,c 

fork = 1, 2, ... , n 

compute matrix of distances D using equation {2.2} 

end 

end 

fori = 1,2, ... ,c 

determine U; with equation {2.28} 

endfor 

for i = 1,2, ... , c 

determine c; using equation {2.29} 

endfor 
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endwhile 

Output : partition U
" 

U2 , ... , Uc and codebook Cl, C2, .. . , Cc 

The fuzzifier m affects the distribution of the memberships and thus the performance of 

FCM is dependent on the choice of m [32J. As m -+ 1 FCM becomes like a crisp clustering 

and thus becomes like CM. Bezdek [30J claimed that FCM converges to a minimum of 

equation (2.8). This was proved to be incorrect by TUcker [30J. The corrected result is 

given by Hathaway and Bezdek [33J. The result is given in theorem 2.3.2 and 2.3.3. 

Theorem 2.3.2 (Global Convergence Theorem for FCM ) 

Let the sample X contain at least c < n distinct points, and let (U, C) be any starting 

point in M X IR for the FCM iteration sequence {(U" cIl, (U2 , C2), . . . }. If (U', c') is any 

limit point of the sequence then it is either a minimum or saddle point of equation (2.8) 

[33J . 

Theorem 2.3 .3 (Local Convergence Theorem for FCM ) 

Let the sample X contain at least C < n distinct points and (U', C') be any minimum 

of (2.8) such that dik > ° for all i, k and at which the Hessian of W m is positive definite 

relative to all feasible directions. Then FCl\1 is convergent to (U', C') [33J. 

Practically when using FCM the fuzzy clusters are created but only the centres are 

used. T he input vectors belong to the clusters for which they have the highest grade of 

membership. For large data sets the matrix of distances D becomes very large and thus 

it is difficult to store the array. To overcome this problem a sequential algorithm may be 

used such that we do not store the entire array. For each Xk we calculate the following 

(2.31 ) 

We use this to calculate the membership function for Xk 

(2.32) 

The update for the code vectors is calculated using the following equations: 

(2.33) 
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c~m 

Ci = -'­
c4m , 

The sequential algorithm is summarised by the following pseudo code: 

40 

(2.34) 

(2.35) 

Input: initial codebook CO = {c~,cg, ... ,c~} , data X = {X1,X2, ... ,Xn }, 1 < m < 00, 

while t < tmax do the following 

fork = 1,2, ... ,N 

/ori=1,2, ... ,c 

compute d; using equation (2.31) 

end 

/ori=1,2, ... ,c 

determine U; with equation (2.32) 

calculate cym using equation (2.33) 

calculate c1m using equation (2.34) 

end/or 

end/or 

/ori=1,2, .. . ,c 

determine c; using equation (2.35) 

end/or 

endwhile 

Output : partition U1, U2, ... , Uc and code book C1, C2, ... , Cc 

We now consider the butterfly data to illustrate the differences between FCM and CM. 

The name of the data is derived from the arrangement of the data points as shown in 

figure 2.3. Figure 2.4 shows the clusters and centres that would be generated using CM 

and FCM on the butterfly data to produce 2 clusters. 
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o o 

o o o o o o o 

o o 

Figure 2.3: Butterfly data 

For CM the cluster centres are 

For coordinates refer to figure 2.4. We note that there seems to be a problem in allocating 

the midpoint (3, 1) to a cluster because it is midway between each of the clusters. Thus 

we cannot justify which cluster would be more appropriate as the point is equidistant 

from points in both clusters. It would be more appropriate to assign this point to both 

clusters. However with crisp clustering, in this case CM, this is not possible. We apply 

the FCM algorithm to the same data. The results are shown in figure 2.4.b. The clusters 

still remain the same, with the midpoint belonging to one cluster, so in that sense the 

result is similar to the CM result . However the centres that are obtained using FCM are 

_ ( 1.1023 ) 
CI -

1 

and these are not the same as those obtained using CM. We note here that the centres 

are more symmetric. Although the actual clusters are the same, the positioning of the 

centres has clIanged. The membership grade for the midpoint is 

U(x) = ( 0.4998 ) 
0.5002 

which is approximately equal membership grade for both clusters. FCM is therefore able 

to generate better cluster centres in situations where there are data points that could 

belong to more than one cluster. 
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(a) Butterfly data, c-means c = 2 
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(b) Butterfly data, FCM c = 2, m = 2 
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Figure 2.4: Butterfly data (a) CM (b) FCM with 2 clusters 
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Figure 2.5: FCM X ~ N (O, 0.5) with c = 2 
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(a) m = 2 

(b) m = 6 
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Figure 2.6: FeM on X ~ N(O, 0.5) with c = 2 
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We now consider one dimensional data set that has two clusters, one normally distributed 

with a mean of zero and a variance of 0.5 and the other with a mean = 1 and variance of 

0.5. We examine the effect of the fuzzifier on the grades of membership for the clusters 

in this data set. Figure 2.5-2.6 display the grade of membership for various values of the 

fuzzifier m. We observe that as we move towards the centres U(x) is closer to 1 for the 

data points in the cluster and closer to zero for those pionts that are not in the cluster. 

In figure 2.5(a) with m = 1.1 we observe that for most data points U(x) = 0 or 1 which 

shows the tendency towards crisp clusters for m close to one. As m is increased there is 

a greater overlap in the clusters as is seen in figure 2.6(a) . 

2.4 Learning vector quantization (LVQ) 

An unsupervised clustering is one in which underlying clusters or groups within a data 

set are found without prior knowledge on the clusters [7]'[21]'[22J. LVQ [3],[4J is a name 

used to refer to algorithms that are used for unsupervised learning [1O]' [34J. Learning 

refers to the process of determining of weights in a neural network [22J. The LVQ neural 

network consists of an input layer and a competitive layer. The input layer consists of n 

input neurons for the inpnt vector 

The input layer is fully connected to the competitive layer that consists of c neurons for 

the c cluster centres. Neuron i of the competitive layer computes the distance Il xk - Cil l 
between the Xk and the vector of weights to this neuron, 

Cin 
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which is centre i. There is also one decision neuron which computes the index of the 

winner neuron Cj such that Cj satisfies the NN condition. The winner neurone is then 

updated. The neural network is shown in figure 2.7 [31]'[35]. 

The initial codebook for LVQ is usually selected from the data. During the process of 

clustering only the winner code vector is updated. If the code vector is not close enough 

to any data it may never be chosen as winner. This often results in under utilised code 

vectors when using LVQ [8]. If the initial code vectors are chosen from the data set then 

this is less likely to occur. Starting with initial centres that are randomly chosen from S, 

each Xk is presented and the Euclidean distance between the Xk and the cluster centres 

are calculated. The clusters are said 'to compete' and the winning cluster centre is the 

one that has the minimum Euclidean distance from Xk. The winner Cj is then updated 

as follows: 

(2.36) 

where t is the iteration number and '7t is the learning rate at time t, ° < at < 1, which 

is reduced monotonically. The winner is adjusted towards the input image vector Xk by 

a factor determined by the learning rate [20]. The update is shown in figure 2.8. This is 

then done for all Xk for k = 1,2, ... ,N. 

LVQ tries to minimize the local error of Xk with respect to the winning code vector, L k , 

given by 

with 

==> 

{

I, 
Dik = 

0, 

if 0; wins 

elsewhere 

fJL k = {-(Xkj - O;j), if 0; wins 

fJO; 0, elsewhere 

Going in the direction of the steepest descent, the negative gradient direction, 

fJL k () ·f . 0; <- 0; - Il-- = 0; + '7 x - Ci 1 0; wms 
fJO; 

(2.37) 

(2.38) 

(2.39) 

(2.40) 
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Figure 2.7: LVQ network 
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Figure 2.8: LVQ update 
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Gi +-- Gi if Gi does not win (241) 

Since the cluster centres are updated every t ime that a vector is submitted to the net­

work , LVQ is a sequential algorithm. The algorithm is terminated after a set number of 

iterations. 

The algorithm can be summarised using the following pseudo code: 

Input: initial codebook CO = {c~,~, ... , c~}, data X = {Xl, X2 , ... , Xn} 

for t = 1, 2, ... , tmax do the following 

for k = 1, 2, ... ,n 

compute matrix of distances d(k) using equation {2.2} 

determine winner Cj using equation {2. 6} 

update Cj using equation {2.36} 

endfor 

endfor 

Output : codebook C" C2, ... , Cc 

Relationship between LVQ and eM . 

We consider the steepest descent for the eM functional given by: 

L = W(UI, U2 , .. " UC1 Cl, C2, ... ) cc) 
c 

LL Ilxk - Gil1 2 

i=l XkEUi 

c n 

= LL L (Xkl - Gil)2 
i=l XkEUj l= l 

The first partial derivative of L is 

L - 2(Xkl - GiLl 
XkEUi 

-2 L (Xk - Gi) 
xkEUi 

(2.42) 

(2.43) 



2.4. LEARNING VECTOR QUANTIZATION (LVQ) 50 

If the code vectors are not updated for one pass through the data and the updates would 

then be accumulated to give the following 

(2.44) 

where 

0ik = I = e; wins at presentation of Xk 

= Ilxk - e;11::; Ilxk - cjll 'ifj = 1, 2, ... ,c 

= Xk E Ui (2.45) 

Therefore 0ik is the characteristic function lv, (Xk)· Hence the accumulated rates of 

change are 

N aL 
L ae; 
k = l 

N 

= - L 1u,(xk)(xk - e;) 
k=l 

= - L (Xk - e;) 
Xk EUi 

So the steepest descent update for CM is 

e; <- e; + TJ L (Xk - e;) 
Xk E U i 

(2.46) 

(2.4 7) 

This is the same update rule as is given in equation (2.36) if we accumulate the updates. 

The result is that LVQ may be considered as a sequential steepest descent for the CM 

function. 

Figure 2.9-2.10 give an example where the LVQ algorithm is used, to illustrate the move­

ment of initial cluster centres into the centre of clusters. 

2 .4. 1 Self organising feature map algorithm 

Kohonen's self organising feature map algorithm (SOFM) is an algorithm that belongs 

to the class of competitive learning algorithms [21 ,[221 . It has also been used in codebook 

design. Upon the presentation of data the code vector that satisfies the NN condition 

is identified as the winner. The winner and the code vectors in the neighbourhood 

of the winner are updated. The neighbourhood of a code vector is defined according 
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Figure 2.9: LVQ example using Iris data with 3 code vectors 
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Figure 2.10: LVQ example using Iris data with 3 code vectors 
Codebook after 10 iterations 
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to a distance measure on a topological ordering of the code vectors. The size of the 

neighbourhood is decreased with each iteration in the algorithm. The update of the code 

vectors is given by 

i E N(j) 
(2.48) 

otherwise 

where c; is the winner code vector at time t , N(j) is the set of code vectors that belong 

to the neighbourhood of Cj and 1) is the learning rate that is decreased with t ime. Note 

that if the neighbourhood only contains j then the update is reduced to the LVQ update 

equation (2.36). Thus the LVQ algorithm is a special case of SOFM, where each neigh­

bourhood only contains one element which is the code vector itself. The disadvantage 

of using this algorithm is that there is additional computation during training which is 

as a result of having to calculate the neighbourhood in each iteration and also updating 

all the code vectors within the neighbourhood. The neighbourhood function however 

ensures that many of the code vectors are affected by the input vectors and thus aids as 

a solution to the under utilisation of some of the code vectors [8] . 



3 Edge detection and edge preserving 

codebook design 

Edges play an important role in the visual perception of an image. We thus think it is 

necessary to examine the effect of image compression on the regions that contain edges. 

We begin this chapter by describing the properties of edges and giving a method of 

detecting edges in images. In the first section we also look at how the code books that 

are generated using algorithms in Chapter 2 affect the edges. In the second section we 

describe two methods that have been suggested to improve edge preservation in codebook 

design. We further give a description of the methods that we implemented which were 

drawn from these two methods. 

3 .1 Edge Detection 

3.1.1 Properties of edges 

In a gray scale image the edges are the regions where there is an abrupt gray level change 

between pixels. They are an important part of the visual quality of an image [17]'[40J. It 

is therefore necessary that the edges are reconstructed well in image compression. One 

of the problems that arise in using vector quantization in image compression, is edge 

degradation [17]'[40J . The edge pixels constitute a small portion of image pixels and are 

poorly reconstructed because most code vectors are used for the non edge areas where 

the vectors are more concentrated. Figure 3.1 shows an example of the distribution of 

image vectors for the two and three dimensional case (i.e 1 x 2 blocks and 1 x 3 blocks) 

respectively. 

If (a, (3) are the pixel values for a 1 x 2 block then the blocks that lie along the diagonal 

in Figure 3.1, are those that have similar values for a and f3. These blocks are either part 

of horizontal features or taken from homogenous regions of the image. Similarly with 

1 x 3 blocks, if (a, f3, 'Y) were to represent the pixel values in a block where a "" f3 "" 'Y, 

53 
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Figure 3.1: Lenna image, 256 x 256, Left: 1 x 2 blocks Right : 1 x 3 blocks 

then the block is either taken from a homogenous region or part of a horizontal feature 

and would also lie along the diagonal of the 3 dimensional plot in Figure 3,1. The blocks 

that lie further away from the diagonal are those that represent edges . In the context 

of the pixel values the edges are represented by blocks that have varying pixel values . 

For 1 x 2 blocks this would be where either (} < < {3 or where (} > > {3. Although we 

cannot visualise it , this may also be extended to the case where we have larger block 

sizes. During VQ most of the code vectors are assigned to the vectors that lie along the 

diagonal!:', where!:' is the set of points (Xl,X2, ... ,xn)T such that Xl = X 2 = . .. = X n , 

because there is a greater density of vectors located there. Figure 3.2 shows a typical 

distribution of code vectors obtained by the eM algorithm with c = 64 centres, 

The type of figure that has been used to show the distribution of cluster centres is called a 

Voronoi diagram. The 'dots ' represent the clusters centres, while the demarcated regions 

around the cent res are the clusters derived using the NN condit ion. Thus Voronoi regions 

are nearest neighbour regions [1),[15] and a Voronoi diagram is used to represent these 

regions graphically. In the example shown in figure 3.2 most of the code vectors are 

assigned to the diagonal where there are non-edge vectors, hence the edges are poorly 

reconstructed. As a result, images reconstructed from VQ often exhibit the staircase 

effect [1 7] along object boundaries. This effect is shown in figure 3.3. 

To preserve the edges it is necessary to be able to identify them. Edge detection tech­

niques may be used to this end , There are various ways of implementing edge detection, 

one of which is using gradient operators, The next section gives details on the use of 

gradient operators in edge detection. One of the methods that will later be discussed 
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Figure 3.2: Distribut ion of code vectors, Lenna image, 256 x 256 and 1 x 2 blocks using 
64 code vectors 

Figure 3.3: Upper left: Detail of hat (reconstructed); Upper right: Detail of hat (orig­
inal); Lower: Original 512 x 512 reconstructed Lenna image, 4 x 4 blocks, 
codebook size = 256 
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considers separating edges and quantizing them separately. In this method , edge detec­

tion is used prior to qUaJltization to separate the edge vectors from the non-edge vectors 

and thus be able to quantize the edges separately. 

3 .1.2 Edge detection using gradient operators 

Gradient operators may be used to measure the pixel value gradient in different directions. 

T here are various gradient operators including the Prewitt [41], Kirsch [42J and Sobel 

[43]'[44J operators. For us to be able to use the gradient, it is necessary to be able to get 

an estimate for it. 

Estimating the gradient 

Let I be a real valued function which has continuous derivatives up to order 3. We 

consider the Taylor approximation of / (r) [39J 

, h2 
II 

I(r' + h) = I(r) + hi (r) + 2 I (w) (3. 1) 

with some r ::; w ::; r + h and h > O. From this we obtain 

/ (r) 

=/(r) 

= I(r + h) - f(r ) _ ~h/' (w) 
h 2 

"" 
f (r + h) - f(,') 

h 

for h> 0 

(3.2) 

We can obtain a better approximation if we consider the following Taylor approximations: 

I 1 2 " 13111 
f(r + h) = f(r) + hf (r) + 2h f (r) + 6 h f (WI) (3.3) 

, 1 2 /I 1 3 III 

f (r - h) = f (r) - hf (r) + 2h I (r) - 6h I (W2) (3.4) 

with WI E [r, r + hJ and W2 E [r - h,rJ . Subtracting these equations, we obtain 

(3.5) 
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and then solving for !' (r), 

!' ( ) = I (T + h) - I(T - h) _ ~h2 1
m 

(wJ) + !''' (W2) 
r 2h 6 2 

(3.6) 

If !''' (r) is continuous then by the Intermediate Value Theorem there wE [r - h," + hJ 

such that 

and 
!' (T) = I (r + h) - I(T - h) _ ~h2 1

m 

(w) 
2h 6 2 

Therefore we can approximate!' (,') : 

!' (r) '" I(r + h) - I(r - h) 
2h 

(3.7) 

We use this approximation to estimate the gradient for each pixel location. If l(r, s) is 

the gray value of an image at pixel location (r, s) then the partial derivative is given by 

81 1 
8r (ro, so) '" '2 [1(To + 1, so) - l (ro - 1, so )J 

where h = 1 (the stepsize h = 1 because the minimum pixel distance is 1) . To get an 

approximation which is less sensitive to noise we average (smooth) in the s direction. 

1 
l(ro + 1, so) "" 4' (I (To + 1, So - 1) + 21(To + 1, so) + I(To + 1, So + 1)) 

If we use Sobel weights 

81 
=* 8r (To, so) "" [1(ro + 1, So - 1) + 21(ro + 1, so) + l(ro + 1, So + 1) - I(To - 1, So - 1) -

21(To - 1, so) - I (To - 1, So + l )J (3.8) 

With the convolution mask, 

(3.9) 
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where SE is the Sobel mask, we obtain 

[ 

I (ro - 1, So - 1) I(ro - 1, so) 

SE = I(ro, So - 1) I (ro, so) 

I(ro + 1, So - 1) I(ro + 1, so) 

I(ro - l ,so + 1) 1 
I (ro, So + 1) 

I(ro + 1, So + 1) 

58 

This then gives us an estimate for the gradient for each pixel location (To, So) but this is 

only in one edge direction. A similar derivation may also be used to get the gradient in 

other directions by rotating the boundary elements of the mask. 

The convolution operator assigns a value to a pixel that is derived from the weighted 

average of the pixel values in a v x v neighbourhood around the central pixel [15) . The 

weights are usually in the form of a square matrix that is called the convolution mask. 

The convolution operation is defined by the relationship between the elements of the 

input image I (r, s), the elements of the convolution kernel SE(p,7) and the elements of 

the output image g(r, s) [15): 

00 00 

g(r, s) = L L 1(1', s)SE(r - p, s - 7). (3.11) 
p= -oop=-oo 

The square array SE is usually such that v is odd and much smaller than the image 

dimension. The convolution operation may then be written as 

(v - 1)/2 

g(r, s) = L 
(v - 1)/2 

L I(T,s)SE(r- p,S- 7). 
p=-(k - 1)/2 p=-(k - 1)/2 

(3.12) 

For the Sobel operator the convolution mask is given by [43) equation (3.9) which gives us 

the mask to get the gradient of edges in the north direction. When this mask is rearranged 

by rotating the eight boundary elements , we get masks for seven more different directions 

[45): south (S) , north west (NW), south east (SE), west (W), east (E), north east (NE) 

and south west (SW). 

2 

o 
- 2 
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85 = 8w = [~ ~ =~ 1 
1 0 -1 

86 = 8s = [ =~ ~ ~ 1 
-1 0 1 

If g. (r, s) is the gradient in the direction E where 

1 north 

2 south 

3 north west 

4 south east 
E= (3. 13) 

5 west 

6 east 

7 southwest 

8 north east 

then the gradient at pixel location (r, s) is defined as [43J 

g(r, s) = max{lg.('·, s)l} 
• 

(3.14) 

where g.(r, s) is the convolution of the mask in direction £ with the image 1 at pixel 

location (r , s) calculated using equation (3.14). 

Pixel location is defined as an edge location if g(r, s) exceeds a threshold to such that 

those pixels with the largest gradients are identified as edges. The edge map f(r, s) of an 

image is defined as 

where 

{

I (r,s)E 1g 
f(r,s) = 

o otherwise 

19 ~ {(r,s);g(r,s) > to} 

(3.15) 

(3.16) 
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The edge map F, (r , s) of a image in direction E is given by 

where 

{

I (r, s) E I , 
(,(r, s) = 

o otherwise 

I , = {(r, s) : g(r, s) = g, (r, s) > t,} 
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(3 .17) 

(3 .18) 

Figure 3.4 displays the edge maps for different thresholds for the Lenna image. Figure 

3.5-3.6 show edge maps for different edge directions for the LeIma image. 

Edge detection may be used to improve edge reconstruction. A method that employs 

this was suggested by Ramamurthi and Gersho [1],[17] who suggested that blocks are 

separated into edge classes depending on the orientation of edges in their classes, and 

then VQ performed on each class separately. Another method that may be used to 

overcome the problem of poor edge reconstruction was suggested by Chou, Su and Lai 

[40) that does not use the edge detection approach. They suggested that edge vectors 

are replicated so that more code vectors are forced into the regions with edges during 

quantization. The following sections give descriptions of these two approaches. 

3.2 Classified vector quantization 

3.2.1 Ramamurthi and Gersho Method 

Ramamurthi and Gersho [17] employ classified vector quantization (CVQ) as a method to 

overcome poor edge reconstruction. In their approach the image blocks are separated into 

edge classes and VQ performed on each class separately. This ensures that for any given 

image vector only a code vector that belongs to the same edge class as the input vector 

may be used for coding. Before quantization may be performed, the edge orientation of 

each image block is determined. They restrict the number of edge orientations to four 

directions: horizontal , vertical and two diagonals. They further distinguish all possible 

locations for each orientation. These are subdivided further into two classes, depending 

on the polarity, that is from high to low pixel value and vice versa. The edge blocks 

are therefore classified according to these three criteria: edge orientation, location and 

polarity. The suggested classification algorithm has two stages: the edge enhancement 

stage and a decision tree. The first stage uses an edge detector and thus the gradients 
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Figure 3.4: Edge maps for Lenna image using Sobel operator 
(a) Lenna image with t = 50 

a 

50 

100 

150 

200 

250 

300 

350 

400 

450 

500 
a 100 200 300 400 500 

(b) Lenna image with t = 150 

a 100 200 300 400 500 

61 



3.2. CLASSIFIED VECTOR QUANTIZATION 

Figure 3.5: Edge maps for Lenna image using Sobel operator 
(a) North edges 
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Figure 3.6: Edge maps for Lenna image using Sobel operator 
(a) West edges 
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for each pixel are estimated. The decision tree is then used to decide the edge class that 

each vector will belong to depending on the criteria mentioned before. For classification 

there are a total of 7 classes that are subdivided into the possible locations and polarity 

as described below. 

l. Shade - non-edge class for all blocks that have no significant gradient. 

2. Midrange - non-edge class for all blocks with moderate gradient. 

3. Horizontal edges 

4. Vertical edges 

5. 450 diagonal edges 

6. 1350 diagonal edges 

7. Mixed class for all blocks that do not have a definite edge orientation or a mixture 

of more than one edge orientation. 

Figure 3.7 gives some examples of the blocks that would belong to each class for the 

classification of 4 x 4 blocks. 

In designing the codebook the blocks in the training set are separated by edge orientation, 

location and polarities. For 4 x 4 blocks 3 locations are suggested for the horizontal and 

vertical classes and 4 locations for the diagonal classes with 2 polarities for each location. 

This together with the mixed class and 2 non-edge classes would give a total of 31 

classes. Each of these classes will have training done separately and thus produce 31 

subcodebooks that are combined to create a codebook that is used for testing. In testing 

the codebook, the classifier is also used to subdivide the test set into edge classes. Only 

the subcodebook that is associated with each class is used to reconstruct the blocks in 

that class . Thereafter the reconstructed blocks are rearranged to form the reconstructed 

image. 

3.2.2 Our approach to classified vector quantization 

For the purposes of our experiments here a similar approach is used with less classes for 

classification. Ramamurthi and Gersho [17J suggest that any edge detector may be used 

for edge classification hence we use the edge detector described in section 3.l.2 to classify 

the pixels in an image. The classification of pixels is done by calculating the convolution 
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Figure 3.7: Edge classification for 4 x 4 blocks with examples of different locations 

(I, S.) of the image I, with the Sobel masks S. for c = 1,2, ... ,8 to estimate the gradient 

g(r,8) using equation (3.14). The threshold t, is then used to decide if the pixel is an 

edge pixeL If g(r,8) > t then pixel (r,8) is an edge pixeL If g(r,8) = g,(r,8) then pixel 

(r, 8) is classified as a pixel that belongs to edge class c that represents all the edge pixels 

in edge direction 0 •. This then allows us to determine the edge direction of the pixel by 

taking the direction that has the largest gradient. If the pixel does not belong to any of 

these edge classes then it is assigned to the non edge class, c = 9. The pixel classification 

process is summarised in the following pseudo code: 

Input I , ma8ks S:'n for c = 1,2, ... , 8 

forc=1,2, ... ,8 

Calculate g, (r, 8) = (I , S;n ) 

end for 

g(r,8) = max,lg,(r, 8)1 Vr,8 

if g(r, s) > t. and g(r, 8) = g,(r, s) 

I(r,8) E E, 

else 1(,·,8) E Eg 



3.2. CLASSIFIED VECTOR QUANTIZATION 66 

end if 

Output: Pixel classes Ip( r , s) Vr, s 

Once the pixels are classified then we are able to classify the blocks. The training 

imagel s is subdivided into blocks which are represented by vectors . First the edge blocks 

are identified by counting the number of pixels classified as edges. If the number of 

edge pixels N e in the block is equal to or exceeds the minimum number of pixels (t7» 

required for a block to be identified as an edge block, then it is ident ified as an edge 

block. The value for tp varies depending upon the block size that is used. For 4 x 4 

blocks in Ramamurthi and Gersho [17J and Chou, Su, aJld Lai [40], tp = 6, that is, for a 

block to be classified as aJ1 edge it must contain at least 6 edge pixels in it. The blocks 

are then classified according to the dominant edge direction of the pixels contained in 

the block. The variance of the gray values of the pixels in each block may also be used 

to check the blocks that have been identified as edges to ascertain whether they are true 

edge blocks. If the variaJlce of the block exceeds the variance threshold Vi and satisfies 

the rest of the criteria given above then it is classified as an edge block otherwise it is 

put into the non edge class. The classification of the blocks (4 x 4) may be summarised 

as follows: 

Input: training image vectors I = Xl, XZ, .... , XN, tp, Vi , pixel classes Ip 

convert array of pixel classes Ip to vectors I pv 

count number of edge pixels Ne(Xk) Vk 

Xk = edge block 

else Xk = non-edge block 

end if 

Calculate Ne(Xk) =number of pixels in class" Vk 

If N m = max(Ne(xk)) for m = 1,2, ... , 9 

end if 

Output: Block classes B e 

The edge class numbers aJ1d their edge directions for the blocks are given in equation 

(3.13) aJ1d the non-edge class is represented by " = 9. 



3.2. CLASSIFIED VECTOR QUANTIZATION 67 

1 north 

2 south 

3 northwest 

4 south east 

E= 5 west 

6 east 

7 south west 

8 north east 

9 non edge 

To create the codebook, an initial codebook that is subdivided into 9 sub code books 

is employed. There are eight subcodebooks for the eight directional edge classes and 

one subcodebook for the non-edge class. Each subcodebook is worked with separately. 

Clustering algorithms are used to create a subcodebook for each class separately using 

training vectors in the respective classes. The code book can then be tested on a test 

image. Each pixel in the test image is classified. The test image is divided into blocks 

which are then classified according the type of edges that they have. The blocks are then 

separated into their edge classes. For a block in edge class E the vector is quantized by 

looking up the closest code vector in the class subcodebook E. The block vectors are 

quantized and reconstructed. All the quantized vectors are then combined to reconstruct 

the new image. The creation and testing of the codebook may be summarised as follows: 

• Start with 9 initial subcodebooks one for each class 

• Using vectors from the associated classes, use clustering algorithms to create sub­

code books for each class 

• Subdivide test image into blocks and convert into vectors 

• Classify test image vectors 

• Look up code vectors in sub codebook corresponding to the class that image vectors 

belong to. 

• Reconstruct test image 

In this method we only look up the codebook of the corresponding class of each vector, 

thus the computational load is reduced during VQ. This is one of the advantages that are 
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given in [17] about using CVQ. The CVQ algorithm may be summarised in the following 

way: 

Input: initial codebooks C~l' C~2' ... , C~g, training image It" test image I, t, tp, V, 

classify pixels by estimating g(r,s) for Itr and I 

classify blocks for Itr and I 

Check edge blocks using 11, for Itr and I 

Separate blocks into edge classes for training image Itr •• and test image I. 

for c = 1, 2, ... , 9 do the following 

Initialise codebook C~ = Cl, c2, ... , ceE 

Use clustering algorithms to create code book C. for each class with Itr.e 

quantize test image vectors I, 

reconstruct Q(Ie) 

endfor 

Combine Q (I.) for all c 

Output: reconstructed image Q(I) 

3.3 Replication method 

VQ usually assigns a greater number of code vectors to the areas where there is a high 

density of vectors [40] . The areas that contain edges are usually sparse because they are 

a small portion of the whole data set. Chou, Su and Lai [40] suggested that the vectors 

in the sparse regions be replicated so that more code vectors are used to code the edge 

vectors and thus improve the quality of the edges in the reconstructed image. The sparse 

areas are identified by measuring the density of the region that is centred at each image 

vector. The density D(xj) of the region centered at the image vector Xj is given by [40] 

(3.19) 

where U d is chosen to be 

(3.20) 
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where djk = IIxj - xktt. The larger the value of D (Xk) t he denser the region around Xk. 

A virtual data set can then be created by replicating each image vector Xk by a factor 

Nd(Xk) that is given by [40J 

Nd(Xk) = llO x /OglO ( maXj=~2(~~)D(Xj) ) J + 1 (3.21) 

where LJ is t he floor operator. The lower the value of D(Xk) the higher the value of Nd 

which means there are more replicates of that vector. If Xk belongs to a dense region 

the value of Nd(Xk) = 1 meaning that Xk will not be replicated. The total number of 

vectors in the virtual data set is NV = L:~=l Nd(Xk). The virtual data set is then used to 

create a codebook using clustering algorithms. Since the virtual data set is always larger 

than the initial data set this increases the computational load and thus slows down the 

clustering process. 

Codebook design 

The training image/ s are subdivided into blocks that are converted to vectors I tr = 

{Xl, X2, ... , xn}. The density D(Xk) around each image vector xk is calculated using 

equation (3.19). The replication number Nd(xj) is calculated for each image vector Xk 

according to equation (3.21). A virtual data set IV = XI,X2, ... ,XNv is then created by 

replicating each image vector Xk by the number given by Nd(Xk) . Clustering algorithms 

are employed to create a codebook which tested on another image. The codebook design 

may be summarised as follows: 

• Subdivide training image/ s X into blocks and convert to vectors 

• Replicate X according to Nd(Xk) to create virtual set X v 

• Use clustering algorithms to create code book using Xv 

• Test the codebook on a test image 

The summary of this method is given as pseudo code in the following: 

Input: training image Itr , test image I 

Convert training image to vectors ftr = Xl, X2, .. . , XN 
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fork=1,2, ... ,N 

Calculate replication number Nd(xk) using equation {3.21} 

end for 

Replicate I to create I V 

Initialise codebook Co = {c1,c2) ... )c~ } 

G enemte codebook using IV with clustering algorithms 

Quantize I 

Reconstruct I 

Output: reconstructed image Q (1) 
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4 Implementation and Results 

This chapter gives a detailed description of experiments that were carried out to compare 

the performance of different clustering algorithms in codebook design, with respect to 

the preservation of edges. The clustering algorithms described in Chapter 2 are employed 

to generate codebooks for typical gray scale images. The performance of the algorithms 

is measured using the MSE, not only on the whole image but also on the edge regions. 

We take a closer look at the regions that contain edges in the image, and apply the 

modifications suggested in Chapter 3 to ascertain if the methods are effective in improving 

edge preservation in image compression. The results obtained are given , as well as an 

assessment of the results. In section 4.1 we describe the set up of the experiments . In 

section 4.2 the results of the c-means (CM), fuzzy c-means (FCM) and learning vector 

quantization (LVQ) experiments are given and discussed. The results of the classified 

vector quantization (CVQ) method and the replication method (RM) are given in section 

4.3 and section 4.4 respectively. 

The aims of the experiments may be summarised by the following: 

1. To assess the performance of CM, FCM and LVQ in generating codebooks for image 

compression by applying them in the compression of gray scale images. This is done 

by: 

• measuring the MSE between the original and quantized image for different 

size codebooks. 

• measuring the MSE between the original edge vectors and the quantized edge 

vectors to see how they perform in the edge regions of the image. 

• reconstructing the images to observe their visual quality 

• comparing the results obtained using the different algorithms. 

2. To assess the performance of CVQ and RM in edge preservation by 
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• carrying out image compression with codebooks generated using CVQ and 

RM. 

• measuring the MSE's obtained on edge areas and non edge areas. 

• observing the reconstructed images. 

• comparing results obtained with these methods with the results obtained with­

out using CVQ or RM. 

4.1 Conditions for experiments 

For this investigation five gray scale images were used, each of size 512 x 512 pix­

els. The images are displayed in figure 4.1 and figure 4. 2. These are typical gray 

scale images used for test purposes in image processing from USC-SIPI Image Database 

(http: \\I1I1I1. usc-sipi .edu, accessed 10 Oct 2006). Matlab programming is used for all 

the experiments reported here. A cross validation approach is used to obtain a "good" 

estimate of the MSE. Therefore in each experiment four images are used as a training set 

to generate a codebook and this codebook is tested on the fifth image. Table 4.1 shows 

the training sets for each image. 

As we would like to compare the algorithms and the results obtained using the meth­

ods for edge preservation, there are some parameters that are fixed for the main set of 

experiments. The investigation is carried out using 4 x 4 blocks and codebooks of size 

28 = 256, 29 = 512 and 210 = 1024. As the bit rate (defined in section 1.5) is determined 

by the number of bits used for the codebook, we use codebook sizes that are powers of 2. 

This ensures that we have the maximum codebook size for a particular number of bits 

and thus have the largest code book size for a particular bit rate. For example, codebooks 

with 129 :::: c :::: 255 will still require 8 bits for coding. We use the maximum codebook 

size that uses 8 bits which is 256. The aim in image compression is a bit rate that is as 

low as possible without losing too much visual information and thus achieve a minimal 

MSE. Large codebooks are preferable in maintaining a low MSE, but however do not 

have low bit rates . 

To be able to make an assessment of the reconstruction of the edges, we need to estimate 

the MSE not only for the whole image, but also for the vectors that belong to each 

edge class. Before the experiments are performed, the vectors that belong to each edge 

class are identified for each set of training images and the associated test image, using 

an edge detector as described in Chapter 3. These classes are maintained throughout 
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Figure 4.1: Images 
(a) Lenna image sometimes described as ' the girl in a hat' 

(b) Boat image 

500~~~~~ __ ~~~~~ __ ~~ __ ~ __ ~ 
o 100 200 300 400 500 



4.1. CONDITIONS FOR EXPERIMENTS 74 

Figure 4.2: Images (continued) 
(a) Goldhill 

Or-----~----~----~----~----~ 

(b) Peppers 
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Table 4 l' Training and test sets 
Test image Training set images 
Lenna Boat Goldhill Peppers Zelda 
Boat Lenna Goldhill Peppers Zelda 
Goldhill Lenna Boat Peppers Zelda 
Peppers Lenna Boat Goldhill Zelda 
Zelda Lenna Boat Goldhill Peppers 

Figure 4.3: Images (continued) 
Zelda 
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the experiments. In the identification of the edge classes, there are 3 parameters of 

importance: 

• the threshold t, for the edge map for the classification of pixels: pixels with an 

edge strength> t, in the edge map are edge pixels, 

• the minimum number of pixels , tp that is necessary for a block to be classified as 

an edge block 

• the variance threshold, Vi that must be used in order to check whether an edge 

block has been correctly classified: blocks that have a variance that is below Vt are 

not considered edge blocks. 

In Ramamurthi and Gersho [17J for a set of 8 images the approximate proportion of edge 

pixels was found to be 27%. For the set of images used for our purposes we sought a 

threshold that would give us a similar proportion of edge pixels. Figure 4.4 shows the 

percentage of pixels that are classified as edges pixels for all five images. The threshold 

is chosen to be t, = 40 which allows us to have approximately 30% of the pixels as 

edges as is shown in figure 4.4. Once pixels have been classified, the next stage is block 

classification. To reduce the complexity in selecting parameters, we use here tp = 6, 

which means that a block is considered an edge block if it contains a minimum of 6 edge 

pixels. This is also used in the examples given in Ramamurthi and Gersho [17J and Chou, 

Su and Lai [40J. 

The block variance is used to eliminate blocks that have been chosen as edge blocks when 

they do not actually have a Significant gray value gradient. The block variance is given 

by 

where x is the block vector and n is the number of pixels in the block. Edge blocks will 

have a larger variance as there is greater variation in the pixel values. A visualisat ion 

of the blocks that would belong to each class , for all the images is made for different 

variances to try and get a suitable threshold. We found that there were some that would 

be more suitably classified as non-edge blocks than as edge blocks for a threshold lower 

than 130. Figure 4.1 shows an example of the blocks that are eliminated from one of 

the diagonal classes by raising the threshold from 60 to 130. The top layer shows blocks 

that are homogenous that would be included in the diagonal edge class if the threshold 

Vi = 60. We observe that these blocks are not actually edge blocks when they are 



.!!1 
w 
x 
'0. 
w 
'" " w 
w 
'" ~ 
w 
~ 
w 
a. 

4.1. CONDITIONS FOR EXPERIMENTS 

100'¥---_r----r_--._--_.----~--_r----r_--._--_.--__, 

80 

70 

60 

50 

40 

30 • 
20 

10 

0 
0 20 40 

X:40 
Y: 29.17 

60 80 100 
Threshold 

120 140 160 180 

Figure 4.4: Percentage edge pixels against threshold (5 images) 
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Figure 4.5: Image blocks in edge class E7 for Vi = 60 and Vi = 130 
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Figure 4.6: Block classification 
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visualised. Using a higher threshold aids us in eliminating misclassified blocks from the 

edge classes. To try and understand the reason for misclassification we examine the edge 

detector. The edge detector classifies each pixel in relation to the neighbouring pixels. 

At an edge location, neighbouring pixels are labeled as edge pixels. In VQ however we 

do not use the pixels but blocks from the image. This means that at times we may 

separate neighbouring pixels that are at an edge location when we subdivide the image 

into blocks. As a result we may end up with the scenario shown in figure 4.6 , where the 

top left block is labelled as an edge block when it is homogenous block. The variance 

is thus used for the purpose of distinguishing homogenous blocks that are misclassified 

with those that do contain edges. 

Table 4.2 shows the edge statistics , as percentages, of each image that is used in this 
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Table 4.2: Edge statistics of (a) training sets (b) test sets 
(a) Training sets 

Image E1 E2 E3 E4 E5 E6 E7 ES E9 Total 
Lenna 3.1 3.2 2.6 2.3 3.5 3.2 1.6 1.7 7S.7 100 
Boat 2.2 2.2 2.6 2.4 3.2 3.0 1.6 1.5 S1.3 100 

Goldhill 2.2 2.2 2.7 2.5 3.4 3.3 1.6 l.4 SO.S 100 
Peppers 3.0 2.9 2.S 2.5 3.9 3.5 1.6 l.7 7S.1 100 

Zelda 3.2 3.2 3.1 2.7 4.0 3.7 l.S l.S 76.5 100 
Total 2.7 2.S 2.S 2.5 3.6 3.3 1.6 l.6 79.1 100 

(b) Test sets 
Image E1 E2 E3 E4 E5 E6 E7 ES E9 Total 
Lenna l.l 08 3.5 3.3 3.9 3.7 l.7 1.4 80.4 100 
Boat 4.7 5.0 3.5 2.7 5.3 4.7 l.8 2.1 70.4 100 

Goldhill 5.1 4.9 2.9 2.5 4.4 3.6 l.9 2.4 72.3 100 
Peppers l.8 2.2 2.6 2.2 2.2 2.8 1.9 l.3 83.0 100 

Zelda l.l 0.8 1.3 l.6 2.2 1.8 1.0 0.9 89.3 100 
Total 2.7 2.8 2.8 2.5 3.6 3.3 1.7 l.6 79.1 100 

analysis, for t = 40, tp = 6, VI = 130. Figure 4.7 - 4.11 display bar charts of the edge 

statistics of the training set and the test set for each image. A separate bar chart for the 

non-edge classes for all the images is displayed in figure 4.12. The edge maps in figure 

4.13-4.14 show the regions in each image which have blocks regarded as edge blocks. 

We estimate the MSE between the original image vectors and the quantized image vectors 

by calculating 
1 N 

MSE = N L Ilxk - Q(Xk)W 
i=l 

(4.1) 

where N is the number of image vectors and Q(x) is the vector that is used to represent 

Xk in the quantized image. 

To estimate the MSE for each edge class , the vectors from the original and the quantized 

image are used in the following: 

1 N, 

MSE = N L I lx~ - Q (xOW 
~ i=l 

(4.2) 

where N, for c = 1, 2, ... ,9 is the number of vectors in the edge class c and x% for 

k = 1, 2, ... , N, are the image vectors that belong to the edge class. 
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Figure 4.7: Bar chart of test and training sets for Lenna image 
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Figure 4.8: Bar chart of test and training sets for Boat image 
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Figure 4.9: Bar chart of test and training sets for Goldhill image 
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Figure 4.10: Bar chart of test and training sets for Peppers image 
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Figure 4.11: Bar chart of test and training sets for Zelda image 
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Figure 4.12: Non edge class training and test sets for all images 
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Figure 4.13: Edge maps for te = 50, tp = 6, VI = 130 Left: original image; Right: edge 
map 
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Figure 4.14: Edge maps te = 50, tp = 6, Vi = 130 Left: original image; Right: edge map 
(a) Peppers 

(b) Zelda 
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4.2 Learning Vector Quantization. C-means and Fuzzy 

c- means experiments 

The first set of experiments was done using learning vector quantization (LVQ), c-means 

(CM) and fuzzy c-means (FCM) without any modifications as described in Chapter 2 

for codebook design. For the experiments using LVQ and CM, the initial codebook is 

randomly chosen from the training set. For CM, the update for the code vectors is given 

by 

(4.3) 

If there are no vectors that belong to Ui then IUil = 0 which gives an undefined result 

because we divide by zero. In order to reduce the chances of this happening, initialisation 

is done using vectors from the training set. When using LVQ a code vector is only 

updated if it is the closest code vector to the training vector that has been presented. 

This however means that some code vectors may not be used but this is left undetected. 

If the codebook is taken from the data set then it is less likely that there are no other 

data points that are close to it than in the case where the code vectors are chosen outside 

of the data set. For FCM the initial code book is randomly chosen. In FCM the partition 

is given by 

Uik = t (( Ilxk - Cil l) m:l)-l 
j = l IIXk - Cjl l 

(4.4) 

If Xk = Cj then the denominator becomes zero and we get an undefined result . To avoid 

this we select the initial code vectors randomly in [0, 255J16. The random numbers that 

are generated are decimals and since the entire set of pixel values are integers, our code 

vectors are not in the training set. All training sessions are 70 iterations. The LVQ 

experiments are done for initial learning rate 7)i = 0.75 being decreased to '7J = 0.001 

the final learning rate. The fuzzifier m for FCM is set at 1.1. The algorithms are used 

to generate codebooks of size 256, 512 and 1024. 

The initial conditions for the experiments are summarised in the following: 

For LVQ: 

• Initial codebook randomly chosen from the training vectors. 

• Maximum number of iterations t = 70 

• Initial learning rate 'Ii = 0.75 
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• Final learning rate '7J = 0.001 

• Initial codebook size c = 256, c = 512, c = 1024 

For CM: 

• Initial codebook randomly chosen from the training vectors 

• Maximum number of iterations t = 70 

• Initial codebook size c = 256, c = 512, c = 1024 

For FCM 

• Initial code book randomly chosen in [0,255]16 

• Maximum number of iterations t = 70 

• Fnzzifier m = 1.1 

• Initial codebook size c = 256, c = 512, c = 1024 

MSE Estimates for Edge classes 

The MSE estimates obtained for each edge class and the reconstructed image are listed 

in table 4.3 for the Lenna image. The reconstructed image MSE is represented by W. We 

observe that the MSE estimates for non edge areas are much lower than the MSE over 

the edge classes. For instance, using LVQ with 256 code vectors, over the edge classes 

the MSE is in the range 202 ~ MSE ~ 322, yet the MSE for the non edge class is 

23 (refer to table 4.3 and the appendix) . We see this trend for all codebook sizes and 

for all three algorithms. Figure 4.15(a) shows the reconstructed image for a codebook 

size of 512 using LVQ. A display of the difference image is given in figure 4.15(b). This 

difference image is constructed by taking the absolute difference between the original and 

the reconstructed images: 

diff(r, s) = limage(r, s) - reconimage(r, s)1 (4.5) 

where image(r, s) is pixel value in the original image at pixel location (r, s) and reconimage(r, s) 

is the pixel value in the reconstructed image at location (r, s) for all values of (r, s). The 
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difference image allows us to visualise those areas that are poorly reconstructed . The 

greater the difference between the original and the quantized image, the darker the pixel. 

Therefore the gray areas in the difference image, indicate those areas that are poorly 

reconstructed in the reconstructed image. In the figure 4.15(b) we observe that the areas 

that are poorly reconstructed include the outline of Lenna's hat, the feathers in her hat, 

her eyes and her shoulders. These are places where there are abrupt changes in the gray 

levels in the pixels. This result corresponds to the high MSE's mentioned previously, 

showing that the edge regions are less accurately coded than the rest of the image. A 

closer look at a part the quantized image further illustrates this, as is shown in figure 

4.16. We observe in this image that the detail of Lenna's eyes, the feathers in her hat, 

and lips are not very clear and that the outline of the hat has a jagged edge. 

The 111 SE of the whole image is related to the AI S E of the edges classes in the following 

way 

1I1SE 

(4.6) 

where N is total number of test vectors, N" is the total number of vectors in class c and 

111 SE" is the 111 SE estimate in edge class c. We also take note here that our edge classes 

are small and that a high value for !lISE" can compensate for a small value of N". 

The classes with the highest 111 SE for the Lenna image are the north west (E3) and 

south west (E7) classes for all three algorithms. So we can see that there is a similar 

trend on the effect on the edge classes in the algorithms. Referring to table 4.3 we see 

however that the AISE values are not the same. We then looked at the detail in the 

images to see if there was a significant difference between the visual qualities of images 

reconstructed using the different algorithms. Figure 4.17 displays Zelda's face for LVQ, 

CM and FCM. We observe that the effect on the edges is the same as there are no major 

differences in the reconstructed images for 512 code vectors. Zelda image has the lowest 

1I1SE's for all edge classes and overall. This could be attributed to that the Zelda image 

contains only 11% of edge blocks compared to the other images that have proportions 

that range between 17% and 29%. 
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Table 4.3: MSE estimates for Lenna image 
(a) LVQ 

N umber of code vectors El E2 E3 E4 E5 E6 E7 E8 E9 W 
256 206 206 322 222 270 202 319 281 23 69 
512 191 187 298 200 241 182 278 257 21 62 
1024 163 157 261 170 196 163 231 221 18 53 

(b) CM 
Number of code vectors El E2 E3 E4 E5 E6 E7 E8 E9 W 

256 219 210 334 235 279 227 343 300 23 72 
512 200 199 321 211 267 198 309 273 20 66 
1024 174 164 290 190 213 177 274 235 17 56 

(e) FCM 
N umber of code vectors El E2 E3 E4 E5 E6 E7 E8 E9 W 

256 186 182 285 224 185 163 301 234 20 59 
512 166 167 242 191 161 139 252 196 17 50 
1024 145 149 214 163 137 120 207 170 15 44 

a e es Ima es usm~ T bl 44 MSE f t LVQ ·th WI c= 256 
Image El E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 206 206 322 222 270 202 319 281 23 69 
Boat 198 192 256 271 401 326 251 296 24 99 

Goldhill 170 173 195 221 170 189 172 172 49 85 
Peppers 269 531 209 267 280 390 319 248 26 76 

Zelda 89 95 120 122 118 126 138 123 22 32 
Mean MSE 186 239 220 221 248 247 240 224 29 72 
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Figure 4.15: Reconstructed Lenna image c = 512 using LVQ 
(a) Reconstructed image 
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Figure 4.16: Detail of Lenna's face. Top: Original image Bottom: Image reconstructed 
with 512 code vectors and 4 x 4 blocks using LVQ 
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The compression ratio between the original and the reconstructed image is 16 : 1. 
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Figure 4.17: Zelda image detail for (a) LVQ (b) CM (c) FCM 
(a) LVQ c = 256 
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Figure 4.18: Zelda image detail (continued) 
FCM c = 256 
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Table 4.5: Time t k a en usmg , an WI LVQ CM d FCM ·th 256 code vectors 
Algorithm Time taken 

LVQ 13 minutes 
CM 1 hour 22 minutes 

FCM 4 hours and 39 minutes 

The cross validation estimate of the MSE's is the mean of the MSE estimates for the 

five images. We see here that we violate the assumption that 

MSE(<I» "" MSE(<I>kl for k = 1,2, ... , K (4.7) 

as we see from table 4.4 that there is large variation in the M SE's that are obtained. 

For example for edge class E2 in table 4.4 we observe that the lowest MSE is 95 for Zelda 

and the highest is 531 for the Peppers image. We however can make some deductions 

from the cross-validation estimate. We see that the LVQ and CM algorithms give very 

similar results. The FCM seems to have M SE' s that are slightly higher than those for 

the other two algorithms. We still however see the same trends, over the edge classes in 

relation to code book sizes and the effect on edge classes as mentioned previously. We 

also see visually that there is no noticeable difference between the three algorithms. 

Dependence of MSE on Codebook 

For all three algorithms the MSE for the whole image decreases as the size of the codebook 

is increased as shown in figure 4.19. This we would expect, as a larger codebook means 

that there are more code vectors available to represent the image vectors. Figure 4.20 

shows part of the reconstructed images from the compression of the Goldhill image, for 

the different codebook sizes. We observe here that the visual quality of the reconstructed 

image is better for larger code books. The windows , doors, door steps and the roof edges 

are not clearly shown especially for the case with a codebook size of 256. Comparing 

figure 4.20(b) and 4.20(d) we note that the roof edge and the windows for the house to 

the left are more visible for the latter image. 

Dependence of computation time on algorithms 

We recorded the total time taken for clustering, coding and reconstruction of the images, 

to see if there were any computational advantages in the algorithms. LVQ, a sequential 

algorithm, is the fastest , taking approximately 13 minutes. The times are displayed in 
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Figure 4.19: Codebook size and MSE using FCM on the ielma image 
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Figure 4.20: Detail of Goldhill, reconstructed image using eM with (a) original (b) 256 
(c) 512 (d) 1024 code vectors 
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Table 4 6· MSE estimates for portion of LeIma using FCM with 256 code vectors . . 
m El E2 E3 E4 E5 E6 E7 E8 E9 W 

FCM 1.1 68 81 115 63 207 61 425 79 22 37 
FCM 1.5 227 387 234 158 263 162 719 221 30 61 
FCM 2 216 458 441 256 481 267 1045 228 23 76 
FCM 6 314 520 655 377 734 592 1294 324 25 300 

table 4.5. FCM is the slowest algorithm of the three algorithms taking 4 hours and 39 

minutes with codebook size of 256. Regardless of which clustering algorithm is used 

for codebook creation, only 51 seconds of the t ime is used for reconstruction. We also 

note that having a smaller codebook is an adV811tage over a larger codebook as the time 

for codebook design is reduced. Although the algorithms do not take the same 8l110unt 

of time to execute there is a similarity in that time to carry out VQ increases as the 

codebook sizes increases. 

A distinct par8ll1eter that FCM has is the fuzzifier m. We decided to take a look at the 

effect of the fuzzifier on the performance of FCM in image compression. We used the 

bottom left quarter of the Lenna image as a training set 8l1d the bottom right as a test 

set. The fuzzifier is set at m = 1.1, m = 1.5, m = 2 and m = 6 for the experiments. 

We used a smaller training set for this illustration to reduce the computational load 8l1d 

thus increase the speed of the experiment. Figure 4.21 shows the reconstructed images 

that were obtained. The MSE's are also given in table 4.6. 

The MSE's for the edge classes increase as m increases, with a difference of up to 869 

between m = 1.1 8l1d m = 6 for the worst edge class as shown in the table 4.6. We 

display a graph showing the relationship between the fuzzifier and the MSE in figure 

4.22 for the east (E6) edge class. When we take a close look at the reconstructed images 

in figure 4.21, we see that as m increases there are more areas containing edges that are 

poorly reconstructed. The outline of Lenna's face and her shoulder show the staircase 

effect described previously. There is less of this effect shown in figure 4.21(a). We also 

note that Lenna's eyes are blurry in figure 4.21(b). The homogenous areas in figure 

4.21(d) also have a poorer visual quality to those in figure 4.21(a). There is not much 

detail that is observed with m = 6 in figure 4.21. We observe then that the fuzzifier does 

have an effect on the visual quality of the reconstructed image and that m "" 1 seems to 

give the best reconstruction. 



4.2. LEARNING VECTOR QUANTIZATION, C-MEANS AND FUZZY C-MEANS 
EXPERIMENTS 97 

Figure 4.21: Part of Lenna image with variation in musing FCM with c = 256 (a) 
m = 1.1 (b) m = 1.5 (c) m = 2 (d) m = 6 

(a) (b) 

(c) (d) 

50 50 

100 100 

150 

200 200 

250 

100 50 100 



4.2. LEARNING VECTOR QUANTIZATION, C-MEANS AND FUZZY C-MEANS 
EXPERIMENTS 98 

Figure 4.22: Fuzzifier(m) vs MSE 
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4.3 Classified Vector Quantization (CVQ) Experiments 

The first step in the CVQ is to classify the test and training set. Each image is subdivided 

into blocks that are converted to vectors which are classified using the method described 

in section 3.2. For the training set, the image vectors are separated into their edge 

classes. The training set is therefore made up of 9 arrays of vectors, with each array 

containing the vectors that belong to one edge class. The total number of code vectors 

used is the same as the previous experiments, that is 256, 512 and 1024. However, since 

each class has a separate codebook, a decision has to be made first about the number of 

code vectors that are required for each class. 

Prior to carrying out the experiments with the five images we used the Lenna image 

in an attempt to get an indication of the proportion of code vectors necessary for each 

class. The lower left part of the Lenna image was used as a training set to generate a 

codebook. This codebook was tested on the lower right part of the image. The number 

of code vectors allocated was the same for each edge class. The training set does not 

necessarily have the same proportion of vectors in each edge class as the test image, thus 

we keep the proportions in the codebook the same for all edge classes. The proportion 

of code vectors for the non edge class was varied between 25% and 92%. The results 

that were obtained are given in table 4.7. The results show that we need a greater 

proportion of code vectors for the edge regions as there is a noticeable improvement 

in the MSE's for the edge classes. Althongh the MSE for the non edge class becomes 

higher for an allocation of 75% to the edge classes, our particular interest here is to 

improve the results for edge classes thus we choose the proportion that favours the edge 

classes. The reconstructed images in figure 4.23 visually show an improvement in the 

edge rconstruction for the case where 75% code vectors were allocated to the edge classes. 

Percentages higher than 75% do not show any noticeable improvement. Based on these 

results, for the main set of experiments, we decided to have 25% of code vectors to be 

allocated to the non edge class and the remaining 75% of code vectors to be evenly 

distributed between the 8 edge classes. 

As done previously we use all three algorithms with the CVQ approach for three codebook 

sizes. For convenience we abbreviate the three algorithms to classified vector quantiza­

tion with learning vector quantization (CVQ-LVQ), classified vector quantization with 

c-means (CVQ-CM), and classified vector quantization with fuzzy c-means (CVQ-FCM). 

Experiments that were carried out using CVQ-LVQ and CVQ-CM had initial code vec­

tors that were randomly selected from the training set for each class. For CVQ-FCM the 

initial code vectors were randomly selected outside of the training set for each edge class. 
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Figure 4.23: Part of Lenna quantized with 256 code vectors using LVQ 
(a) Part of Lenna image quantized using 75% code vectors for the edge classes 

(b) Quantized image using 25% code vectors for edge classes 
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.. , , , Table 4 7· Proportion of edge code vectors Lenna c = 256 LVQ 
%age edges E cV NE cV E1 E2 E3 E4 E5 E6 E7 E8 E9 W 

25% 8 192 260 330 363 210 458 271 732 296 36 80 
50% 16 128 255 318 322 183 357 245 557 315 37 74 
75% 24 64 239 331 278 179 324 208 551 239 45 77 

81.25% 26 48 239 331 268 185 323 201 463 239 48 78 
87.5% 28 32 239 331 266 185 327 228 463 239 46 78 

93.75% 30 16 233 320 268 184 322 201 463 279 62 90 

Table 4 8· Codebook sizes .. 
Edge classes Non Edge class Total 

24 64 256 
48 128 512 
96 256 1024 

Initial conditions are the same as those given in section 4.2 except that these conditions 

are for each code book created for each edge class. The total codebook size is 256, 512 

and 1024 as we had before, but now this is distributed into the edge classes, with 75% 

distributed evenly amongst the edge classes and 25% in the non edge class. Table 4.8 

shows the number of code vectors in each edge class, the non edge class and the total 

number of codevectors used in the CVQ experiments. All training sessions are for 70 

iterations. 

MSE estimates for edge classes 

Once the codebook for each edge class has been generated and the test image vectors 

quantized, the MSE's for each edge class are estimated. The quantized test image vectors 

are combined to make up the reconstructed image. The MSE estimates obtained for the 

boat image using CVQ-LVQ, CVQ-CM and CVQ-FCM are shown in table 4.9. The 

results using LVQ, CM, FCM described in section 4.1 are also given for comparison. 

Using LVQ we observe lower MSE estimates for the edge classes: west (E5) and north 

east (E8) . We observe for all 3 codebook sizes, for all the edge classes that the MSE's 

are higher for the method utilising CVQ-CM and CVQ-FCM than for CM and FCM 

respectively. We also observe that there are improvements only for some edge classes 

with the other images using LVQ (Refer to the appendix for results). We then observe 

the reconstructed images to see if there is a noticeable difference in the visual quality 

of the images. The images using CVQ-LVQ are shown in figure 4.24 and 4.25. The 
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original and the reconstructed image using a code book generated with LVQ are also given 

for comparison. Visually there is no noticeable difference between the images obtained 

using LVQ and CVQ-LVQ We then decided to increase the percentage allocated to 

the edge classes from 75% to 93% to see if perhaps we would see an improvement. The 

reconstructed image is shown in figure 4.25(b). Again we observe no difference in the 

visual quality of the images. 

Ramamurthi and Gersho [17] used double the number of code vectors for the diagonal 

classes than the other classes. We then tried this distribution of codevectors instead of 

having equal vectors using the LVQ algorithm with c = 512. The distribution of the code 

vectors is given in table 4.10. E3, E4, E7 and ES are the diagonal classes so they have 

twice as many code vectors as the E1, E2, E5 and E6. The non edge class as was the 

case previously has 25% of the total codebook. Table 4.10 gives the MSE estimates LVQ, 

CVQ- LVQ with 75% of the codevectors as edge vectors and CVQ-LVQ2 with double 

the codebook size for the diagonal classes. The MSE's are higher for 6 out of the Sedge 

classes indicating greater edge degredation. The classes that show improvement are the 

north west (E3) and south west (ES) class. The boat image that is reconstructed with 

a codebook that has double the code book size for the diagonal clases is shown in figure 

4.26. Again we observe that there is no major difference between the images that are 

reconstructed with a codebook using LVQ especially in the diagonal structures. 

We take a look at the cross validation estimates of the MSE's shown in table 4.11. The 

estimates are derived from the mean of the MSE estimates for the five images. The 

MSE estimates using CVQ are higher than those that are obtained without using CVQ 

for all three algorithms. We deduce from the cross validation estimate of the MSE that 

the MSE's increase when using CVQ and thus generally we canot say that there is any 

improvement in using CVQ. We have however shown that in the visual quality of the 

images there is no evidence of any major diffrences between the cases without CVQ and 

those that employ CVQ. The CVQ algorithm is however much faster than the method 

without edge separation. The time taken to create a code book and reconstruct images 

using CVQ is given for the three algorithms in table 4.12. Although we do not see 

an improvement in the edges for most cases we observe that there is an advantage in 

using CVQ when we consider the time that it takes to create the codebook. As we 

have alluded to in Chapter 3, this is as a result of the fact that the algorithm does 

not perform clustering with the whole codebook but through subcodebooks which allows 

faster computation. CVQ thus allows greater efficiency in the use of the clustering 

algorithms. 
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Table 4.9: MSE estimates for the boat image using CVQ for codebook design 
LVQ 

Number of codevectors El E2 E3 E4 E5 E6 E7 
256 198 192 256 271 401 326 251 
512 179 171 226 250 362 305 223 
1024 153 143 203 215 317 277 192 

CVQ-LVQ 
Number of codevectors E1 E2 E3 E4 E5 E6 E7 

256 230 232 276 320 397 338 287 
512 197 196 236 279 344 284 243 

1024 174 170 202 242 273 250 222 
CM 

Number of codevectors E1 E2 E3 E4 E5 E6 E7 
256 207 198 240 267 331 263 248 
512 182 174 204 238 275 232 224 
1024 151 151 177 208 243 216 193 

CVQ-CM 
N umber of codevectors El E2 E3 E4 E5 E6 E7 

256 222 226 259 326 384 349 280 
512 197 192 228 267 317 284 240 
1024 175 161 200 242 273 233 216 

FCM 
Number of codevectors E1 E2 E3 E4 E5 E6 E7 

256 207 198 237 277 310 269 238 
512 179 164 205 235 270 241 214 
1024 153 144 177 199 234 212 188 

CVQ-FCM 
N umber of codevectors E1 E2 E3 E4 E5 E6 E7 

256 216 210 267 321 404 338 274 
512 187 175 224 274 317 269 238 
1024 165 154 196 223 259 226 205 

Table 4.10: MSE estimates using CVQ-LVQ2 
(a) Class sizes for CVQ-LVQ2 

I Edge class I E1 I E2 I E3 I E4 I E5 I E6 I E7 I E8 
I No. of code vectors I 32 I 32 I 64 I 64 I 32 I 32 I 64 I 64 

(b) MSE Estimates 
Edge class El E2 E3 E4 E5 E6 E7 E8 

LVQ 179 171 226 250 362 305 223 267 
CVQ-LVQ 197 196 236 279 344 284 243 240 

CVQ-LVQ2 213 211 221 266 376 316 232 223 

E8 E9 W 
296 23.9 99 
267 22.1 90 
235 18.5 78 

E8 E9 W 
278 24.1 105 
240 20.9 90 
212 18.2 77 

E8 E9 W 
244 21.5 90 
213 19 78 
187 16.2 68 

E8 E9 W 
272 23 103 
236 19 87 
212 17.2 75 

E8 E9 W 
256 19.7 88 
212 17.1 76 
189 15.6 66 

E8 E9 W 
269 23.6 103 
232 20 85 
203 17.3 73 

E9 W 
128 512 

E9 W 
22.1 90 
20.9 90 
20.9 93 
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Figure 4.24: Qua.ntized boa.t deta.il ima.ge with 512 code vectors using LVQ 
(a.) Original image 

(b) Using LVQ without edge separation 
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Figure 4.25: Quantized boat detail image with 512 code vectors using LVQ (cont .) 
(a) 75% code vectors edges 

(b) 93.75% code vectors edges 
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Figure 4.26: Reconstructed boat image using CVQ-LVQ2 
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Table 4.11: Cross validation estimates of the MSE 
Without CVQ c - 512 , -

E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
LVQ 164 210 197 196 218 221 207 200 25 64 
CM 167 219 199 194 214 211 218 189 23 62 

FCM 173 250 211 217 245 228 240 186 20 62 
With CVQ c 512 , -

E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
LVQ 188 240 212 217 232 240 219 193 24 66 
CM 185 233 205 210 221 234 215 186 24 64 

FCM 183 229 205 215 224 226 212 186 23 64 

Table 4 12· Time taken for codebook creation and reconstruction c - 256 
Algorithm Time taken Algorithm Time Taken 

LVQ 13 minutes CVQ-LVQ 9 minutes 
CM 1 hour 22 minutes CVQ-CM 26 minutes 

FCM 4 hours and 39 minutes CVQ-FCM 38 minutes 
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Table 4 13' MSE estimates using FCM on part of Lenna image 
m E1 E2 E3 E4 E5 E6 E7 E8 E9 W 

FCM 1.1 68 81 115 63 207 61 425 79 22 37 
FCM 2 216 458 441 256 481 267 1045 228 23 76 

CVQ-FCM 1.1 245 287 259 177 308 200 491 217 32 63 
CVQ FCM 2 352 299 253 159 480 235 1154 463 36.7 83 

FCM: CVQ performance dependence on fuzzifier 

We once again examine the effect that the fuzzifier has on the effectiveness of FCM when 

using CVQ-FCM. The lower left quarter of the Lenna image was used as a training set 

to generate a codebook using FCM. The lower right quarter of the Lenna image was 

used as a test image as was done previously in section 4.l. We use the FCM algorithm 

with m = l.1 and m = 2, then we compare these results with those obtained using CVQ 

-FCM with FCM. When CVQ is performed for the case m = l.1 less detail is observed 

in the eyes as shown in figure 4.27(c) than in FCM shown in figure 4.27(a). The outline 

of Lenna's face and shoulder show more of the staircase effect as well. On the other 

hand, for m = 2 we see a difference in the reconstruction, as the finer details in the eye 

are become more visible. There is also better reconstruction of the outline of Lenna's 

face. This however is masked by the poor reconstruction of the homogenous areas. The 

CVQ-FCM approach shows no significant visible improvement on reconstruction when 

compared to FCM. 

MSE estimates using random selection 

Thus far we have looked at the cross validation estimates for the MSE. As mentioned 

in section 4.2 the assumption in equation (4.7) is violated here. In order to ascertain 

whether there was an effect on the MSE estimates due to using the cross validation 

approach, we carried out some experiments by taking a random selection of vectors from 

our five images. The procedure that is done is described previously in Section l. 7.2. We 

create a training set by randomly selecting 16384 image vectors from the five images. 

The test set is also created in a similar fashion, but is chosen such that all the vectors are 

independent of those in the training set. We choose to use 16384 image vectors as this 

is the number of image vectors that is in an image that is 512 x 512 pixels in size. We 

carried out 20 experiments using LVQ to ascertain if there was variation in the number 

of vectors that belong in each edge class and if there was an effect on the MSE. We give 

the results for one of the experiments. The number of image vectors in each edge class 



4.3. CLASSIFIED VECTOR QUANTIZATION (CVQ) EXPERIMENTS 108 

Figure 4.27: Part of Lenna image for m = 1.1 , m = 2 with and without edge separation 
using FCM. (a) m = 1.1 with FCM (b) m = 2 with FCM (c) m = 1.1 with 
CVQ-FCM (d) m = 2 with CVQ-FCM 
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Table 4.14: Edge classes and MSE estimates using random selection 
(a) Edge class sizes using random selection 

El E2 E3 E4 E5 E6 E7 E8 E9 W 
Training set 452 444 460 408 598 534 265 249 12974 16384 

Test set 421 474 448 418 595 561 287 265 12915 16384 
(b) MSE EstImates wIth c - 256 

El E2 E3 E4 E5 E6 E7 E8 E9 W 
LVQ 179 221 219 222 238 242 222 214 25 66 
CM 180 176 206 214 208 207 237 195 22 60 

FCM 189 177 214 220 205 213 232 203 23 60 
(c) CVQ MSE EstImates wIth c - 256 

El E2 E3 E4 E5 E6 E7 E8 E9 W 
CVQ-LVQ 215 205 254 271 256 261 260 219 25 71 
CVQ-CM 215 217 249 260 250 265 272 227 26 71 

CVQ-FCM 433 481 512 472 436 443 444 403 34 122 

for a random selection of image vectors for the training and test set is given in table 

4.14. The corresponding MSE estimates are also given in table 4.14 for the cases with 

and without CVQ. 

First we see that the edge class sizes in the training set and test set are similar for all 

classes, with south west (E7) and north east (E8) having the smallest class size and west 

(E5) and east (E6) with the largest class sizes. This corresponds to the edge statistics 

that are in table 4.2. We observe that for CM and FCM there are similar MSE's for all 

of the classes. LVQ generally has higher estimates than the other other two algorithms. 

When comparing the CVQ MSE's to those without CVQ, again we get higher MSE's for 

all algorithms and over all the edge classes. This is similar to the results that we obtain 

using the cross-validation approach. With this method however we cannot visualise the 

images to observe the effect on the visual quality because the image vectors are randomly 

selected from all five images. We are, however, able to see that the higher MSE's that 

we get using CVQ are not a result of using a cross-validation approach even though the 

main assumption of cross-validation is violated. 

CVQ with 1 x 2 blocks 

Further experiments were done to understand the reason for the increase in the MSE's 

when CVQ is employed. The 16 dimensional vectors that we use are difficult to visualise 

so for the purposes of viewing the data we used the lower left quarter of Lenna for training 

and lower right quarter for testing, now subdivided into 1 x 2 blocks. For this block size 
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only 2 edge classes are possible: where the gray value moves from high to low and vice 

versa. We used a similar edge detector for our data with the edge classes limited to only 

2 classes. The parameters used to classify edge blocks were as follows: tp = 1, t = 50 and 

Vi = 15. We plotted each edge class separately. These plots are shown in figure 4.28. 

The first edge class is represented by those points that are predominantly below the 

diagonal as shown in figure 4.28(a). The second edge class consists of the points that 

are mostly above the diagonal. The non edge class contains all the homogenous blocks 

that lie along the diagonal as shown in figure 4.29. We note here that there seems to be 

an overlap in the edge classes 1 and 2. This may occur if both pixels are classified as 

edge pixels with different classes for each pixel. The edge class is always chosen to be the 

edge class that the majority of edge pixels in the block. In the case where there are two 

classes with an equal number of edge pixels, the class is chosen as the class labeled first. 

In our example, class 1 will be chosen as the edge class if there is a block that contains 

a class 1 edge pixel and class 2 edge pixel. 

We then used LVQ and plotted the distribution of the code vectors using Voronoi dia­

grams to show the partition of the data. Figure 4.30 shows the code vectors for the cases 

with and without edge separation. For the case without edge separation we see that 

most of the code vectors are concentrated in the region with the non edge class. Once 

separation of the classes is performed we observe in figure 4.30(b) that the code vectors 

are moved away from the diagonal. Taking a closer look at the plot as shown in figure 

4.31 , we observe that there are code vectors that are very close to each other especially 

above the diagonal. We suspect this occurs as a result of the overlap that occurs in the 

class 1 and class 2. If this idea is extended to the 16 dimensional case that we bave 

worked with here, there could be many instances that there is an overlap in the classes 

and thus we reduce our efficiency in the use of the code vectors as we have duplicate code 

vectors in some instances. When code vectors are too close to each other, effectively 

the codebook size is reduced as the code vectors code for the same image vectors. The 

resulting code book has redundant code vectors . 

4 .4 Experiments using the replication method ( RM) 

The procedure in using the replication method is very similar to that used in section 4.2 

except that the training sets are modified before being used in generating the codebooks. 

Before any of the codebooks are generated, for each block Xk in the training set the 

replication factor Nd(Xk) given in Chapter 3 is calculated. As the training set is large, 
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Figure 4.28: Distribution of edge classes with 1 x 2 blocks 
(a) Edge class 1 
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Figure 4.29: Non edge class distribution for 1 x 2 blocks 
( c) Non edge class 
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Table 4.15: Statistics of Nd 
Test image N umber of training vectors Maximum Nd 

Lenna 142142 14 
Boat 159990 15 

Goldhill 120965 17 
Peppers 136437 lO 

Zelda 161419 19 

65536 vectors in each case, the computat ion takes a long time. These factors are set for 

all the experiments. We then replicate each block Xk in the training set using Nd(Xk). 

The maximum value of Nd and the total number of vectors in the training set for the 5 

images is given in table 4.15. 

MSE Estimates for edge classes 

The three algortithms LVQ, CM and FCM are then employed with similar initialisation 

as in section 4.2 and all other parameters specific to each algorithm, remaining as stated 

previously. The results using LVQ with replication are similar to the results obtained 

without replication, with some classes being slightly higher for the former. Generally for 
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Figure 4.30: Distribution of code vectors 
(a) LVQ with 256 code vectors 
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(b) LVQ with CVQ approach 256 code vectors 
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Figure 4.31: CVQ approach 
(c) A closer look at the distribution of the code vectors using the CVQ approach 

all the images there is no visible difference between the case with LVQ and using RM­

LVQ. Tables of the results are in the appendix. Replication using CM also only shows 

slight improvements for the Peppers and Zelda image particularly for a larger code book. 

The results for the Peppers image are shown table 4.16. When using FCM the results are 

similar only for the Lenna and Boat image with and without replication. The Goldhill 

has MSE's which are significantly higher for the replication method, therefore we have 

a poorer reconstruction for it compared to the method without replication. We however 

noted that similar to the case with CM, there was an improvement for the Peppers and 

Zelda images. The results using FCM that were attained for the Peppers image are 

shown in table 4.16. 

Figure 4.32 and figure 4.33 show the peppers images reconstructed after using FCM with 

the replication of the training set . We observe the staircase effect here in the image using 

FCM without replication as mentioned before. When replication was applied we see that 

the areas showing the boundaries of the peppers are clearer and as indicated by the lower 

MSE's there is a noticeable improvement in the reconstruction. 

In examining the mean cross-validation estimates given in table 4.17 we observe that the 

MSE's for RM-LVQ are slightly higher than those for LVQ for all edge classes. The MSE 
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Table 4.16 : MSE estimates for Peppers image with 512 code vectors using RM-CM and 
RM-FCM 

(a) CM 
N umber of code vectors El E2 E3 E4 E5 E6 E7 E8 E9 W 

256 254 559 212 254 303 393 324 240 23 74 
512 228 478 190 227 259 355 281 209 21 66 
1024 203 461 169 201 254 338 249 190 18 60 

(b) RM-CM 
Number of code vectors El E2 E3 E4 E5 E6 E7 E8 E9 W 

256 259 524 214 259 270 384 312 251 25 75 
512 223 479 188 223 239 354 277 267 22 66 
1024 203 427 167 197 213 333 236 185 20 59 

(c) FCM 
Number of code vectors El E2 E3 E4 E5 E6 E7 E8 E9 W 

256 328 703 351 368 554 490 486 282 22 96 
512 283 655 316 345 487 460 435 254 20 88 
1024 264 624 285 314 441 420 406 228 19 81 

(d) RM-FCM 
Number of code vectors El E2 E3 E4 E5 E6 E7 E8 E W 

256 258 497 215 253 267 376 307 246 26 74 
512 225 459 187 222 224 345 273 209 22 66 
1024 201 398 163 189 193 303 226 184 20 57 

Table 4.17: Mean MSE estimates using cross-validation with c = 512 
(a) Without RM 

El E2 E3 E4 E5 E6 E7 E8 E9 W 
LVQ 164 211 197 196 218 221 207 200 25 64 
CM 167 219 199 194 214 211 218 189 23 62 

FCM 173 250 211 217 245 228 240 186 20 62 
(b) With RM -

El E2 E3 E4 E5 E6 E7 E8 E9 W 
LVQ 172 245 209 211 221 229 223 207 29 69 
CM 165 216 187 198 209 216 205 195 23 61 

FCM 170 212 187 199 194 214 205 189 23 61 
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Figure 4.32: Quantized Peppers image (a) FCM (b) RM-FCM 
(a) Peppers with FCM 512 code vectors 
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(b) Peppers RM-FCM 512 code vectors 
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Figure 4.33: Detail of Peppers using RM-FCM with 512 code vectors. Left: without 
replication; Right: with replication 

estimates using RM-CM are lower for edge class north west (E3), west (E5) and south 

west (E7). The MSE estimates using RM-FCM are lower than using FCM. We deduce 

from these estimates that FCM seems to show a slight improvement when using RM. 

In order to understand the results we looked again at the statistics of the edge classes for 

each test set, comparing the test image statistics with those of the corresponding training 

set. Referring to table 4.2 we observe that Goldhill and the Boat have larger proportions 

of vectors in their edge classes than their training sets. Consequently when replication is 

done there are inadequate vectors that ru'e supplied to those areas and thus there is no 

improvement using any of the algorithms. The Peppers and Zelda image however have 

smaller proportions of vectors in their edge classes than they do in their training sets, 

therefore there are more code vectors that are used for the edge areas. We can conclude 

then that the training set must have a very similar edge distribution to the test set for 

the replication method to be successful. In the cross-validation approach, we see that 

there are only lower MSE's for the images with RM that have training sets that contain 

a greater proportion of edge vectors in their edge classes. This could then indicate that 

it is necessary to have a training set that has a greater proportion of edge vectors in the 

edge classes than the test set to be able to observe any improvement in the visual quality 

of the images reconstructed using RM. 

MSE estimates using various factors of Nd 

We further went on and investigated using the LVQ algorithm to see whether results 

improve by mrulipulating the factors Nd(xk)' As the computation time is long for a lruoge 
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Table 4.18' MSE estimates for Peppers image using LVQ with 512 code vectors 
Factor of Nd E l E2 E3 E4 E5 E6 E7 E8 E9 W 
Nd 277 572 296 308 456 437 410 243 23 84 
N = ~Nd 273 575 295 312 456 433 408 240 22 84 
N = 1.5Nd 277 572 292 308 456 436 410 243 22 84 
Nj = 2Nd + 1 268 57 290 307 450 434 400 239 23 84 
Nj = (Nd)U5 272 573 292 310 457 435 406 239 22 84 
Nl = log(Nd) + 1 271 572 291 312 455 435 408 240 22 84 

Table 4 19· RM-FCM MSE's with m = 1 1 and m = 2 on part of Lenna 
m El E2 E3 E4 E5 E6 E7 E8 E9 W 

FCM 1.1 68 81 115 63 207 61 425 79 22 37 
FCM 2 216 458 441 256 481 267 1045 228 23 76 

RM-FCM 1.1 185 189 196 133 207 143 397 171 31.9 53.5 
RM-FCM 2 268 500 343 249 376 305 923 250 34.2 80.6 

data set we then limited the training set 16384 vectors, the size of an image, with the 

vectors being randomly selected from the training set. Functions of Nd used for these 

experiments are shown in table 4.18. The results for the Peppers image using LVQ with 

512 code vectors are given in table 4. 18. 

We observe similar results for all the functions that were applied to the Peppers images 

using LVQ for all the classes. We still get a similar effect as that achieved using Nd when 

using the various factors applied in the images that are reconstructed using replication. 

Some of the figures obtained using the different factors on the peppers image are shown 

in figure 4.35-4.36. As indicated by the MSE's there is no noticeable difference for any 

of the factors . 

FCM: RM performance dependence on fuzzifier 

We examine the effect that the fuzzifier has on the effectiveness of FCM when using RM­

FCM. The lower left quarter of the Lenna image was used as a training set to generate a 

codebook using FCM. The lower right quarter of the Lenna image was used as a test image 

as was done previously in section 4.2 and 4.3. We use the FeM algorithm with m = 1.1 

and m = 2, then we compare these results with those obtained using RM-FCM with 

FCM. When RM-FCM is performed for the case m = 1.1 we see an improvement in the 

reconstruction of the outline of Lenna's shoulder as shown in figure 4.37(c) than in FCM 

shown in figure 4.37(a). The homogenous areas show poorer reconstruction for m = 1.1 
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Figure 4.34: Peppers image ' reconstructed using replication with different factors 
(a) Replication NJ 

(b) Replication using NJ 

(c) Replication using N3 
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F igure 4.35: Detail of Peppers image reconstructed using replication with different factors 
(a) Replication using NJ 
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(b) Replication using NJ 
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Figure 4.36: Detail of Peppers image reconstructed using replication with different factors 
Replication using NJ 
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with RM-FCM. The rest of the image does not show any noticeable improvement. The 

MSE's for RM-FCM with m = 1.1 indicate an improvement only for one edge class E7. 

All other MSE's are higher than the case with FCM. For m = 2 we do not observe any 

noticeable difference in the reconstructed image using RM-FCM compared to the case 

with FCM. There are however lower MSE's for four of the edge classes E3, E4, E5 and 

E7 as shown in table 4.19. The effect is not seen visually because although the MSE's 

are lower they are still very high compared to the case with m = 1.1. The RM approach 

shows some improvement for the case with m = 2. 

MSE estimates using random selection 

Thus far we have looked at the cross validation estimates for the MSE. As mentioned 

in section 4.2 the assumption in equation (4.7) is violated here. In order to ascertain 

whether there was an effect on the MSE estimates due to using the cross validation 

approach, we carried out some experiments by taking a random selection of vectors from 

our five images as was described previously. Table 4.20 gives the MSE estimates for 

RM-LVQ, RM-CM and RM-FCM using 512 code vectors . We observe from these MSE's 
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Figure 4.37: Part of Lenna image for m = l.1 , m = 2 with FCM and RM-FCM (a) 
m = 1.1 with FCM (b) m = 2 with FCM (e) m = 1.1 with RM-FCM (d) 
m = 2 RM-FCM 
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Table 4.20: USE estimates random selection using RM 
(a) Edge classes sizes using random selection 

E1 E2 E3 E4 E5 E6 E7 E8 E9 
Training set 452 444 460 408 598 534 265 249 12974 

Test set 421 474 448 418 595 561 287 265 12915 
(b) MSE EstImates wIth c - 512 

E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
LVQ 179 221 219 222 238 242 222 214 25 66 
CM 180 176 206 214 208 207 237 195 22 60 

FCM 189 177 214 220 205 213 232 203 23 60 
(c) RM MSE EstImates wIth c - 512 

E1 E2 E3 E4 E5 E6 E7 E8 E9 
RM-LVQ 186 218 226 228 240 250 224 219 27 
RM-CM 189 183 215 223 207 210 231 205 25 

RM-FCM 189 183 212 226 199 214 233 211 26 

W 
16384 
16384 

W 
69 
63 
63 

that there is no major difference between the MSEs with and without RM for all of the 

algorithms. When using the cross validation approach there is no major difference in 

the MSEs for the cases where the proportions for the edge classes are the same for the 

training set and the test set. We obtain a similar result using the approach with random 

selection. 

A full set of the results from all the experiments is given in Appendix A. The Matlab 

programs used are also given in Appendix B. In the next chapter we give a discussion 

of the results that are reported here and draw conclusions from the implementation of 

these clustering algorithms. We also give a summary of all the algorithms and methods. 



5 Discussions and Conclusion 

In this chapter we give a discussion of the methods used in the implementation and draw 

conclusions based on the results. In section 5.1 we give a summary of Chapter 1 to Chap­

ter 3 which describes and gives the background for the methods used in the experiments 

described in Chapter 4. We then give an overview of learning vector quantization (LVQ) , 

c-means (CM) and fuzzy c-means algorithm (FCM) and their implementation in section 

5.2. We discuss the results that were obtained from their implementation. In section 5.3 

we examine the results that were obtained using classified vector quantization (CVQ) 

and hence deduce the effectiveness and advantages of using it with a particular focus on 

edge preservation. Section 5.4 dicusses the replication method (RM) as a method for 

edge preservation and gives the advantages and shortcomings of this method. 

5.1 Summary 

We have looked into vector quantization (VQ) as a technique used for data compression. 

We began by describing the neccessity of data compression in the use of digital systems. 

We gave a brief overview of scalar quantization from which VQ is drawn. Our focus in 

this thesis was VQ applied to image compression. To this end we gave a description of 

the use of VQ for images. In order to apply VQ the image must first be transformed 

into a set of vectors. This is done by subdividing the image into blocks, and it is these 

blocks that are then represented as vectors. VQ is employed by seeking a finite set of 

vectors, a codebook, to represent these image vectors. We are able to do this because 

images often contain redundant data, that arises from the fact that neighbouring pixels 

will often have similar pixel values. We also mentioned that an important part of VQ 

is the clustering process in which a codebook is found. There are others ways that may 

be employed in code book creation but for our purposes we have focused on the use of 

clustering algorithms. The performance of the quantizers was measured using the mean 

squared error (MSE) between the original image and the quantized image. 

We introduced a new approach that views VQ as a vector-valued multiple regression. 

124 



5.1. SUMMARY 125 

This is an idea that is drawn from regression trees . We used this method to derive the 

MSE and the standard error of the MSE. Cross validation is a method of testing the 

generalisation properties of a predictor and is employed here as a method of estimating 

the MSE. 

The algorithms that we investigated were learning vector quantization (LVQ), c-means 

(CM) and the fuzzy c-means (FCM) algorithms. LVQ is a sequential algorithm that 

employs unsupervised learning using a neural network whose weight vectors are the code 

vectors. CM is a batch algorithm in which the code book is made up of the mean vectors 

of the partition. Fnzzy c-means is a batch algorithm that employs fuzzy set theory and 

generalises c-means to fuzzy clusters. 

In Chapter 3 we look into edge detection and methods that have been employed for edge 

preserving codebook design. The edges in the image often constitute object boundaries. 

In terms of the pixel values, the edges are the areas where there is a steep gradient 

between the pixel valnes in neighbouring pixels . The edges are a important part of an 

image as our eyes are more sensitive to them than to homogenous areas. We described 

the use of gradient operators in edge detection where the example used was the Sobel 

operator. During edge detection the gradient of each pixel in the image is approximated. 

A threshold is used to determine which pixels are edge and non edge pixels. The edge 

direction of each edge pixel is also determined using the gradient operators. 

One of the shortcomings of the algorithms that employ VQ is poor edge preservation. 

Thus we described two methods that have been suggested in order to improve the edge 

preservation qualities. In section 3.3 we described classified vector quantization (CVQ) 

suggested by Ramamurthi and Gersho [17J. This method uses edge detection to identify 

the edge areas in the image. The edge areas are then quantized separately from homoge­

nous areas. Since VQ uses the blocks that are converted into vectors, it is necessary to 

determine the blocks that contain edges. To determine an edge block for our purposes 

we had to have a minimum of 6 edge pixels in a 4 x 4 block. The edge direction of the 

block is determined by the edge direction that most edge pixels have. We are thus able 

to classify the edge blocks in 8 directions and non-edge class. A problem that may arise 

in edge detection is the overlap of classes. In CVQ, quantization is done separately for 

each class. A code book is created for each class separately and the blocks are quantized 

separately. For reconstruction all the blocks are brought back together to make up the 

reconstructed image. 

Another method that was suggested by Chou, Su and Lai [40J is also described as a 

method that may be used for edge preservation. This method is referred to here as the 
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replication method (RM). The edges are not as well represented as the non-edge areas 

during VQ because there are not enough code vectors that are used for the edge areas. 

The idea is to replicate all the vectors that are in sparse areas so that more code vectors 

are allocated to those areas. Since the edges are in sparse areas this would then increase 

the number of code vectors that are used to represent these image vectors. 

In Chapter 4 we gave a description of the experiments carried out in order to investigate 

the ideas presented in Chapter 1 to Chapter 3. In the next section we give the conclusions 

that are drawn for the various experiments that were conducted. 

5.2 LVQ, CM and FCM 

We begin by discussing the initialisation of these algorithms. For LVQ and CM the initial 

code book is randomly cbosen from image vectors that are in the training set to avoid 

empty clusters and under utilised code vectors. We found that, for most of the edge 

classes different random initialisations do not influence the quality of the reconstructed 

images. We did however have instances using the CM that there were empty clusters 

even though we had employed this method. Linde, Buzo and Gray suggested a different 

method for initialisation that involves splitting [27J. For FCM we used an initial codebook 

that was randomly chosen to be independent of the training set. We found that out of 

the three algorithms FCM has less variation in the MSE due to the initialisation. We also 

also observed here that the trends in the classes remained the same for all algorithms. 

In Chapter 2 we discussed the connection between the LVQ and CM. We showed that 

LVQ could be considered as a sequential steepest descent algorithm of the CM function. 

This would mean that the results obtained using LVQ and CM should be similar. We 

went on to show the relationship between CM and FCM and saw that for a fuzzifier that is 

close to 1, the partition that is generated using CM is similar to FCM. As the algorithms 

are connected in this manner we would expect some similarities in the clustering trends 

for the three algorithms. 

For all the algorithms the edge classes exhibit higher MSE estimates than the non edge 

class. We saw evidence of this for all the images used in the experiments. We used the 

difference images and viewed reconstructed images and in all cases we saw that the edges 

were not as clearly represented as the non edge regions . We can conclude from this that 

using VQ it is more difficult to code the edge areas than the non-edge areas in image 

compression. We then scrutinised the individual edge classes to find that each algorithm 
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had a similar effect on the edge class performance. This we have seen in the classes that 

have the highest and lowest MSE's which are the same for all three algorithms. 

Large codebooks are preferred in VQ because they produce lower MSE's. The MSE's 

are lower because there are more code vectors that are available to represent the original 

vectors and thus the image vectors are better represented. We see evidence of this in 

our experiments. We observed that as we increased the codebook size that the MSE's 

became lower. This was observed for all edge classes and overall. 

The shortcoming of using larger codebooks is the increased amount of time that is re­

quired to generate the codebook. The time to determine the nearest code vector also 

increases with the size of the codebook. We showed that the time that is needed to gen­

erate a codebook increases as we increase the codebook size. We observe that the three 

algorithms take different t imes to generate the codebook and reconstruct the test image. 

LVQ was found to be far more time efficient than the other two algorithms taking only 

13 minutes for codebook creation and reconstruction compared to CM and FCM which 

takes 4 hours and 39 minutes for a codebook with 256 code vectors. We also found that 

we have to convert CM and FCM into sequential algorithms especially for large code­

books because it requires a lot of memory space to store the distance matrix for a large 

codebook. Converting the algorithms to sequential algorithm adds to the amount of time 

that is needed to generate the codebook. This however is the case when using Matlab 

software. This may perhaps be overcome by using another programming language such 

as C or C++ that executes for loops faster. 

FCM has a parameter that is unique to it, the fuzzifier m. We observed the effect that 

the fuzzifier had on the image compression in experiments that were conducted on the 

Lenna image. We found that for m = 6 the visual quality of the image is very poor. The 

homogemous areas are not well represented and there are no edge details that are clearly 

visible. We see that as m is decreased towards 1, the MSE's become lower and there 

is an improvement in the visual quality that is observed. As m get closer to 1 there is 

more detail that is observed in the reconstruction. For m "" 1 we observe that the FCM 

partitions approach the CM partitions [321. 

The MSE's especially for the edge classes show great variation for all the algorithms 

between the different images. When we employed cross validation we violated the as­

sumption that the MSE's for each test set are approximately the same. We however see 

that using the cross validation estimate we can still draw the same conclusions about 

trends in the edge classes and the effect of increasing codebook size on the MSE. We can 

also compare the average performance between the algorithms using this estimate. 
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5.3 Classified vector quantization 

In CVQ we employed an edge detector to classify the image vectors into edge classes. 

We were unable to classify the pixels that are on the border of the image, that is the 

first and the last, row and column. This is because we use a 3 x 3 convolution mask to 

calculate the gradient of each pixel in relation to its neighbouring pixel. This affects up 

to 3% of the blocks in edge block classification. Once we had classified the image vectors 

we separated our image vectors into edge classes and each class was quantized separately. 

For the set of images that we used the distribution for image vectors was found to be 

uneven. We found that the south west (E7) and north east edge classes had the least 

edge vectors. 

For the experiments done using CVQ we allocated 75% of the code vectors to the edge 

classes. We found that it was necessary to use a larger proportion of the code vectors 

for the edge classes than for the non edge class. There are higher MSE estimates for the 

edge classes when there is a smaller proportion of code vectors that are allocated to the 

edge classes than to the non-edge class. We decided to distribute the code vectors evenly 

between the edge classes because for all the images the edge statistics were not the same 

for the training set and the test set. We did experiments in which we allocated double 

the number of code vectors to the diagonal edge classes than the non-diagonal classes as 

suggested by Ramamurthi and Gersho [17J. The MSE's for the latter case were higher 

than for the case with an even number of code vectors allocated to each edge class. 

The MSE estimates obtained using CVQ were still higher for the edge classes than for 

the non edge classes. In comparison with the results obtained without using CVQ we 

observed that the MSE's were higher using CVQ. This means that there is even more 

degredation using CVQ. The Lenna and Boat images had some edge classes that had 

lower MSE's. On viewing the reconstructed images however we found that there was 

no noticeable difference in the visual quality of the images created with a codebook 

generated using CVQ. We then increased the number of code vectors allocated to the 

edge classes from 75%. This yielded slightly better MSE's over the edge classes. Visually 

though, there was no difference evident in the images particularly when using CVQ-LVQ. 

Although we found that CVQ did not improve the edges in terms of the MSE, there is 

an advantage in the computational time taken in generating the codebook for CM and 

FCM. Using CM we reduce the time taken for codebook creation and reconstruction from 

an hour and 22 minutes to 26 minutes for a codebook of size 256. The improvement is 

even moreso for FCM for which the time reduces from 4 hours and 39 minutes to 38 
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minutes for 256 code vectors. 

For FCl\1 we examined the effect of CVQ on the MSE's for different values of the fuzzifier 

m. We displayed the reconstructed image for the case where m = l.1 and where m = 
2. We observed that for m = l.1 there was no improvement on the visual quality of 

the reconstructed image. There were however more details that could be seen in the 

reconstructed image with m = 2. In analysing the MSE's we also saw that half of the 

edge classes showed a considerable difference when CVQ was employed. The homogenous 

areas were not well represented with m = 2 and thus this overshadowed the effect that 

arose when we use CVQ-FCM. We can conclude though, that CVQ-FCM is effective in 

improving the quality of the edges for a fuzzifier that is not close to l. 

We calculate the cross validation estimate of the MSE by calculating the mean of the MSE 

estimates for the five images. When the CVQ estimates were compared to the previous 

estimates, the MSE's were higher for CVQ for all the edge classes. This corresponds 

to the deductions that we have made using the estimates from the individual images. 

As mentioned previously, we violated the key assumption for the use of cross validation 

because of the large variation that is in the MSE estimates for each image. We therefore 

considered taking a random selection of vectors from the five images to create a training 

set and a test set of vectors. We did this to ascertain whether the results are affected 

by using the cross-validation approach to estimate the MSE. Using a random selection 

approach we saw that the distribution edge/ non edge vectors was roughly the same for 

the training and test set. We performed CVQ using the training set, and tested it on the 

test vectors. We found that the MSE estimates were slightly higher or for some classes 

similar when using CVQ than when using the method without CVQ. This result is the 

same as the result that we obtained using the cross-validation approach. 

5.4 Replication method (RM) 

LVQ, CM and FCM allocate more code vectors to areas where vectors are densely pop­

ulated during code book creation because they are algorithms that minimise the MSE 

during training. This then leads to the poor representation of the edge regions in quan­

tized images because there are inadequate code vectors that are used to represent the 

edges that are in the sparsely populated areas. RM allows us to replicate the vectors 

that are in sparse regions in order to force more code vectors to be used for these areas 

that contain edges. To do this a replication factor Nd was calculated for each image 

vector. Those vectors that were located in sparse regions had a high value of N d . For 
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the five images that we used the replicated training set was approximately twice the size 

of the original training set. The maximum number of replicates for an image vector was 

between 15 and 19 depending upon the training set. 

The first thing that we note about RM is that we increase the size of the training 

data. This means that there is an increase in the amount of time that is used to create 

a code book. Using CM it took 7 hours for codebook creation an reconstruction, of 

which 4 hours was used to calculate Nd and to replicate the data set. For FCM it takes 

approximately 14 hours and 45 minutes to generate a codebook that had 256 code vectors. 

This method is therefore not time efficient and this is a disadvantage in comparison to 

the other two methods. 

RM however does have some favourable results for some of the images. The MSE esti­

mates for the peppers and Zelda image were lower for the edge classes when RM was 

employed, compared to the case without modifications and with CVQ. The other images 

had MSE's that were similar to the methods discussed in section 5.2. We then examined 

the test and the training sets used for Peppers and Zelda images. We observed that the 

edge classes of the training set had larger proportions compared to the proportions that 

were in the test set for all the edge classes. The other three images had inadequate edges 

in their training sets as their training sets had smaller proportions of edges than the test 

set. We tried to make some adaptations to the replication factor so that there would be 

more replicates for the edge vectors. The five factors that we used gave results that were 

similar to those using the original value Nd. 

We then examined the cross-validation estimate of the MSE's using RM. The MSE's were 

higher using RM than in the method without any modifications for RM-CM and RM­

LVQ. The MSE's were slightly lower when using FCM which indicates that the method is 

more favourable for FCM than for the other two algorithms. We also estimated the MSE 

by taking a random selection of image vectors from the five images for the training and 

test sets in a similar way as described in section 5. The MSE estimates with a random 

selection using RM were similar to those that were achieved without using RM. 

5.5 Conclusion 

We have shown that LVQ, CM and FCM may be used effectively in image compression. 

The disadvantage of VQ is that the edges are not represented well because there are 

inadequate code vectors that are allocated to the regions with edges. CVQ may be used 

in order to improve the edge preservation in VQ but it may only be effective if the 
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edges classes do not overlap. CVQ has the advantage that it reduces the computational 

time that is required to generate a code book especially for CM and FCM which take 

a long time to generate a codebook. RM may also be used to preserve edges in image 

compression. It is however sensitive to the training set . The distribution of the training 

set must have a greater proportion of vectors in the edge classes for this method to be 

effective. It however takes a longer time to generate a codebook using this method for 

image compression. 
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Appendix A 

MSE Estimates 

Table 0 l' LVQ with c = 256 .. 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 206 206 322 222 270 202 319 281 23.4 69.2 
Boat 198 192 256 271 401 326 251 296 23.9 98.8 

Goldhill 170 173 195 221 170 189 172 172 49.1 85.4 
Peppers 269 531 209 267 280 390 319 248 25.6 75.6 

Zelda 89 95 120 122 118 126 138 123 21.6 31.9 
Mean 186 239 220 221 248 247 240 224 28.7 72.2 

Table 0 2' eM with c - 256 .. 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 219 210 340 235 279 227 343 300 22.7 71.6 
Boat 207 198 240 267 331 263 248 244 21.5 89.5 

Goldhill 173 174 195 216 177 183 180 173 48.4 85.4 
Peppers 254 559 212 254 303 393 324 240 23.2 74.3 

Zelda 83 92 121 113 121 119 132 118 20.2 30.3 
Mean 187 247 222 217 242 237 245 215 27.2 70.2 

Table C3: FCM with c - 2~6 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 212 220 298 232 231 197 289 235 23.8 66.3 
Boat 216 210 267 321 404 338 274 269 23.6 103 

Goldhill 190 209 242 261 225 239 193 190 42.9 91.2 
Peppers 322 621 268 279 371 448 335 271 26.7 85.4 
Zelda 94 117 147 139 146 162 143 130 23.6 35.9 
Mean 197 275 242 245 278 253 272 216 23.5 70.5 



Appendix A ii 

Table 04· CVQ-LVQ with c = 256 .. 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 220 223 299 237 232 211 296 229 22.5 66.3 
Boat 230 232 276 320 397 338 287 278 24.1 105.2 

Goldhill 197 223 239 262 226 252 196 201 46.3 95.5 
Peppers 321 663 261 298 356 468 343 275 26.9 87.2 

Zelda 88 164 152 141 162 169 139 126 21 34 
Mean 211 301 245 252 275 288 252 222 28.2 77.6 

Table 0 5· CVQ-CM with c - 256 -

Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 219 224 297 239 228 194 287 224 22.7 65.3 
Boat 222 226 259 326 384 349 280 272 23.2 102.9 

Goldhill 192 203 245 264 228 248 201 199 49 96.5 
Peppers 314 642 288 272 367 450 366 276 25.9 86.1 

Zelda 86 121 145 149 151 157 157 119 22.7 35.2 
Mean 207 283 247 250 272 280 258 218 28.7 77.2 

Table 06· CVQ-FCM with c = 256 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 212 220 298 232 231 197 289 235 23.8 66.3 
Boat 216 210 267 321 404 338 274 269 23.6 103 

Goldhill 190 209 242 261 225 239 193 190 42.9 91.2 
Peppers 322 621 268 279 371 448 335 271 26.7 85.4 
Zelda 94 117 147 139 146 162 143 130 23.6 35.9 
Mean 207 275 244 246 275 277 247 219 28.1 76.4 

Table 0 7· RM-LVQ with c = 256 .. 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 209 212 323 260 261 229 328 293 36.8 81.2 
Boat 203 192 264 280 397 340 247 319 24.3 101 

Goldhill 185 191 210 239 187 200 186 193 56.2 95.1 
Peppers 278 670 248 323 301 390 376 259 30.4 86.7 

Zelda 103 no 131 139 127 145 148 136 27.3 38.4 
Mean 196 275 235 201 255 261 257 240 35 80.4 



Appendix A III 

Table 0 8· RM CM with c - 256 -
Image El E2 E3 E4 E5 E6 E7 E8 E9 W 
LeIma 197 195 272 220 183 162 285 228 22.3 60.1 
Boat 194 196 244 287 317 288 248 255 26.1 89.1 

Goldhill 210 208 217 252 240 248 197 202 43 .0 93.0 
Peppers 259 524 214 259 270 384 312 251 25.3 74.5 

Zelda 87 105 129 132 129 135 138 125 22.5 33.4 
Mean 189 246 215 230 228 243 236 212 27.8 70.0 

Table 0.9: RM-FCM with c = 256 
Image El E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 194 184 267 224 181 168 283 233 22.2 60 
Boat 202 198 253 297 312 277 252 261 20.6 90 

Goldhill 220 205 225 250 235 242 195 215 42.4 92.6 
Peppers 258 497 215 253 267 376 307 246 25.6 73.5 

Zelda 81 108 123 138 119 137 140 137 22.4 33.3 
Mean 191 238 217 232 223 240 235 218 26.6 69.9 

Table 0 10· LVQ with c - 512 -

Image El E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 191 187 298 200 241 182 278 257 21 62.4 
Boat 179 171 226 250 362 305 223 267 22.1 89.9 

Goldhill 149 153 167 194 154 166 158 154 42 75 
Peppers 227 456 187 233 233 344 261 217 23.3 66.1 

Zelda 76 86 106 102 101 108 117 103 18.9 27.7 
Mean 164 211 197 196 218 221 207 200 25.5 64.2 

Table 0 11- CM with c - 512 -, 
Image El E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 200 199 321 211 267 198 309 273 20.1 65.5 
Boat 182 174 204 238 275 232 224 213 19 77.9 

Goldhill 155 157 175 194 165 166 162 158 40.1 74.6 
Peppers 228 478 190 227 259 355 281 209 20.6 65.5 

Zelda 71 86 105 100 102 103 114 94 17.1 25.8 
Mean 167 219 199 194 214 211 218 189 23.4 61.9 
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-Table 0 12· FCM with c 512 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 166 167 242 191 161 139 252 196 16.9 50.3 
Boat 179 164 205 235 270 241 214 212 17.1 75.7 

Goldhill 156 161 177 194 164 170 165 156 31.5 68.8 
Peppers 283 655 316 345 487 460 435 254 20.3 87.5 

Zelda 79 101 ll6 ll8 141 129 136 113 16.4 27.5 
Mean 173 250 211 217 245 228 240 186 20.4 62 

Table 0 13' CVQ-LVQ with c = 512 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 198 201 255 204 196 165 246 201 18.9 55.8 
Boat 197 196 236 279 344 284 243 240 20.9 90.2 

Goldhill 176 183 212 237 189 207 181 178 39 81.7 
Peppers 287 511 233 253 303 401 295 235 22.8 73.6 
Zelda 81 108 125 ll4 129 141 129 109 17.4 28.3 
Mean 188 240 212 217 232 240 219 193 23.8 65.9 

Table 0 14' CVQ-CM with c = 512 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 196 192 253 200 190 154 246 189 18.7 54.5 
Boat 197 192 228 267 317 284 240 236 19.4 86.7 

Goldhill 177 176 205 230 185 196 178 173 39.5 80.7 
Peppers 280 498 224 233 298 384 287 232 22.5 71.5 

Zelda 77 106 ll6 121 114 150 123 104 18.6 28.7 
Mean 185 233 205 210 221 234 215 187 23.7 64.4 

Table 0 15' CVQ-FCM with c = 512 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 199 187 255 197 189 156 235 193 20 55.4 
Boat 187 175 224 274 317 269 238 232 20 85 

Goldhill 172 173 201 232 186 193 175 169 34.8 76.6 
Peppers 280 505 230 261 300 385 292 228 23.4 73.2 

Zelda 77 103 ll4 ll2 128 127 118 107 18.7 28.8 
Mean 183 229 205 215 224 226 212 186 23.4 63.S 
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Table 0 16· RM-LVQ with c = 512 
Image El E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 190 181 288 197 215 192 27l 245 28.8 67.2 
Boat 177 175 230 254 354 302 223 276 22.2 90 

Goldhill 162 168 184 211 160 176 169 168 45.7 80.8 
Peppers 248 607 227 280 266 355 336 238 26.7 77.5 

Zelda 82 94 116 114 112 120 118 109 22.2 31.6 
Mean 172 245 209 211 221 229 223 201 29.1 69.4 

Table 0.17: RM-CM with c - 512 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 164 17l 231 188 157 140 241 194 18.8 5l.l 
Boat 17l 164 214 246 275 249 220 228 17.2 77.2 

Goldhill 193 177 198 224 266 223 172 186 37.7 82 
Peppers 223 479 188 223 239 354 277 267 22.3 66 

Zelda 74 87 103 108 108 115 114 100 19 28 
Mean 165 216 187 198 209 216 205 195 23 60.9 

Table n.li : RM-Fr:M with c ~ fi12 
Image El E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 174 168 226 190 156 142 242 200 18.8 51.2 
Boat 177 163 213 245 270 246 217 233 17.6 77.2 

Goldhill 193 183 196 226 213 222 176 195 35.6 81.2 
Peppers 225 459 187 222 224 345 273 209 22.1 65.8 
Zelda 79 87 III 110 106 116 117 110 18.6 27.9 
Mean 170 212 187 199 194 214 205 189 22.5 60.7 

Table 0 19 LVQ with c - 1024 -

Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 163 157 261 170 196 163 231 221 17.9 53.2 
Boat 153 143 203 215 317 277 192 235 18.5 78.1 

Goldhill 133 133 150 172 131 142 140 138 34.5 64 
Peppers 205 422 166 200 194 291 229 186 21.2 58.5 

Zelda 62 7l 88 88 89 92 93 88 16.6 24 
Mean 143 185 174 169 185 193 177 174 21.8 55.6 
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Table 0 20' CM with c - 1024 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 174 168 290 190 213 177 274 235 16.7 56.3 
Boat 151 151 177 208 243 216 193 187 16.2 68 

Goldhill 135 135 152 175 145 145 139 133 3l.4 62.4 
Peppers 203 461 169 201 234 338 249 190 18.4 59.9 

Zelda 61 72 85 85 88 91 102 85 14.3 2l.9 
Mean 145 197 175 172 185 193 191 166 19.4 53.7 

Table 0.21: Fr M with c - 1024 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 145 149 214 163 137 120 207 170 15 43.7 
Boat 153 144 177 199 234 212 188 189 15.6 66.3 

Goldhill 138 135 133 178 145 150 145 140 27.9 60.8 
Peppers 264 624 285 314 441 420 406 228 18.9 80.8 

Zelda 65 85 103 100 128 116 119 101 14.5 24.3 
Mean 153 227 182 191 217 204 213 166 18.4 55.2 

Table 022' CVQ-LVQ with c - 1024 -
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 178 177 215 182 165 144 219 178 16.4 48.4 
Boat 174 170 202 242 273 250 222 212 18.2 77.4 

Goldhill 155 163 190 208 169 175 167 158 33 7l.2 
Peppers 263 454 209 225 254 346 251 203 20.4 60.8 

Zelda 72 98 108 102 108 122 107 96 15.1 20.6 
Mean 168 212 185 192 194 207 193 169 20.6 55.7 

Table 0 23' CVQ-CM with c = 1024 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 171 166 218 175 167 130 222 172 16.3 47.6 
Boat 175 161 200 242 273 233 216 212 17.2 75.3 

Goldhill 152 155 181 201 157 169 160 153 33 69.2 
Peppers 255 468 203 215 244 342 255 203 20.2 64.2 
Zelda 70 87 100 97 106 109 106 191 15.9 24.7 
Mean 165 207 180 186 189 197 192 186 20.5 56.2 
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Table 0 24' CVQ-FCM with c - 1024 -

Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 174 163 226 169 166 134 201 174 16.5 47.5 
Boat 165 154 196 223 259 226 205 203 17.3 72.5 

Goldhill 148 148 199 202 158 169 157 150 30.1 66.4 
Peppers 256 463 205 232 263 362 260 218 20.1 65.7 

Zelda 65 91 99 103 111 104 110 90 15.7 24.6 
Mean 162 204 185 186 191 199 187 167 20 55.5 

Table 025' RM-LVQ with c - 1024 -

Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 159 153 249 169 182 157 219 209 23 55.7 
Boat 156 157 210 225 328 279 206 250 19.4 81.3 

Goldhill 144 146 161 184 140 147 150 149 37.7 68.9 
Peppers 209 539 196 249 246 331 291 209 23.6 68.8 

Zelda 71 81 98 93 95 102 99 93 18.5 26.4 
Mean 148 215 183 184 198 203 193 182 24.4 60.2 

Table 0.26: RM-CM with c - 1024 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 151 153 205 166 139 125 209 171 16 44.7 
Boat 157 145 189 218 244 222 202 207 15.5 69.1 

Goldhill 174 164 182 212 192 208 157 170 34.1 75.2 
Peppers 203 427 167 197 213 333 236 185 19.6 59 

Zelda 64 75 90 94 89 97 95 82 15.6 23.3 
Mean 150 193 167 177 175 197 180 163 20.2 54.3 

Table 0.27: RM-FCM with c - 1024 
Image E1 E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 153 149 191 162 135 124 200 172 16.2 43.9 
Boat 153 144 187 209 242 219 201 204 15.8 68.4 

Goldhill 170 160 179 203 192 193 157 168 32.2 72.5 
Peppers 201 398 163 189 193 303 226 184 19.8 56.7 

Zelda 68 77 97 91 94 100 101 88 15.8 23.8 
Mean 149 186 163 171 171 188 177 163 20 53.1 
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Table 0 28' LVQ with c = 512 Double diagonal 
Image El E2 E3 E4 E5 E6 E7 E8 E9 W 
Lenna 213 221 240 199 215 186 238 194 18.9 56.7 
Boat 213 211 211 266 376 316 232 223 20.9 93.5 

Goldhill 191 209 199 226 315 232 173 166 39.0 84.8 
Peppers 310 562 220 248 329 436 284 225 22.8 75.9 

Zelda 86 117 116 113 142 158 120 105 17.4 28.8 

Table 029' Initialisation of LVQ with part of Lenna c - 256 -
Initialisation El E2 E3 E4 E5 E6 E7 E8 E9 W 

1 225 362 265 171 270 200 606 233 68.1 94.9 
2 241 353 271 168 280 205 642 242 64.5 93.0 
3 243 312 287 161 296 197 640 223 71.1 98.8 
4 221 365 298 166 275 201 625 212 68.08 96.4 
5 239 319 269 155 265 216 599 239 68.7 95.7 
6 248 347 273 167 280 202 648 232 68.3 96.2 
7 244 356 277 161 283 210 656 229 64.0 93.0 
8 224 347 270 159 270 200 595 216 67.3 93.9 
9 229 360 286 171 287 203 670 209 67.6 96.2 
10 228 365 279 186 297 211 632 203 68.3 97.1 
11 233 359 286 162 281 198 655 219 67.7 95.7 
12 224 359 262 161 278 210 654 239 67.2 95.1 
13 240 348 275 163 277 200 622 227 67.0 94.5 
14 221 305 290 164 280 203 621 227 66.9 94.6 
15 241 343 287 157 272 203 645 219 67.5 95.3 
16 15 348 281 167 282 203 648 225 67.5 95.4 
17 221 368 275 166 275 202 637 219 69.7 97 
18 237 354 261 170 267 197 626 242 68.1 95.0 
19 243 314 278 158 283 205 593 222 68.0 95.3 
20 229 353 274 172 271 201 614 223 67.6 94.8 
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Table 0 30· Random initialisation of eM with part of Lenna c = 256 
Experiment El E2 E3 E4 E5 E6 E7 E8 E9 W 

1 228 336 276 168 325 215 722 221 64.2 95.2 
2 223 314 267 172 301 203 645 221 61.6 90.6 
3 240 383 267 171 312 197 674 228 64.2 93.8 
4 224 399 266 178 315 199 694 250 57.6 88.6 
5 207 319 268 169 300 224 669 223 74.4 102.6 
6 24711 358 283 188 323 206 700 224 63.3 94.4 
7 216 391 270 175 300 200 637 215 64.8 93.5 
8 234 326 279 203 331 245 679 218 169.6 187.7 
9 232 360 283 179 312 210 704 233 61.5 92.6 
10 215 436 292 192 335 221 762 206 68.5 101.3 
11 231 376 288 184 281 217 609 216 60.7 90.3 
12 231 295 258 166 320 212 652 214 67.2 96.1 
13 228 329 275 173 311 197 677 219 62.8 92.3 
14 232 395 287 198 331 214 707 242 65.2 97.2 
15 225 384 284 193 327 210 624 214 68.9 98.7 
16 240 349 290 171 326 222 673 233 66.9 98 
17 211 383 295 168 305 221 714 222 64.1 95 
18 218 397 277 183 320 215 706 215 70.8 101 
19 240 378 284 163 282 197 665 219 61.5 90.6 
20 237 317 283 168 304 200 647 233 61.5 91 
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Table 0 31' Initialisation of FCM with part of Lenna c = 256 
Experiment E1 E2 E3 E4 E5 E6 E7 E8 E9 

1 227 396 264 164 281 205 645 233 62.9 
2 234 398 252 159 277 218 588 236 46.6 
3 231 300 274 147 280 210 610 215 53.5 
4 235 383 263 163 287 208 659 227 56.7 
5 234 361 262 174 284 196 609 235 59.9 
6 223 398 272 163 283 214 623 237 47.8 
7 234 381 271 158 278 197 626 231 46.6 
8 213 370 265 166 292 198 631 215 58.9 
9 231 379 277 172 279 194 662 222 57.4 

10 234 404 273 165 290 196 701 230 62.1 
11 231 393 274 164 285 201 662 235 46.8 
12 228 384 264 168 289 205 652 233 62.0 
13 235 372 287 160 284 210 643 235 50.1 
14 238 390 263 159 278 205 661 230 59.3 
15 230 388 269 161 275 205 654 231 51.9 
16 229 385 270 171 291 210 661 234 52.7 
17 235 352 267 169 285 203 639 227 46.5 
18 233 395 261 158 283 207 664 221 49 
19 220 382 262 169 279 215 606 228 46.9 
20 230 390 269 177 282 191 631 231 61 

Table 0.32: Number of image vectors in test and training sets 
(a) Test sets 

E1 E2 E3 E4 E5 E6 E7 E8 E9 
Lenna 183 135 581 538 644 610 286 231 13176 
Boat 771 816 567 447 864 764 288 339 11528 

Goldhill 828 803 474 411 727 592 311 394 11844 
Peppers 287 367 422 367 366 456 308 214 13597 
Zelda 173 137 211 258 353 303 163 149 14637 
Total 2242 2258 2255 2021 2954 2725 1356 1327 64782 

(b) Training sets 
E1 E2 E3 E4 E5 E6 E7 E8 E9 

Lenna 2059 2123 1674 1483 2310 2115 1070 1096 51606 
Boat 1471 1442 1688 1574 2090 1961 1068 988 53254 

Goldhill 1414 1455 1781 1610 2227 2133 1045 933 52938 
Peppers 1955 1891 1833 1654 2588 2269 1048 1113 51185 
Zelda 2069 2121 2044 1763 2601 2422 1193 1178 50145 

x 

W 
91.5 
77.0 
82.6 
86.6 
88.2 
78.8 
76.8 
87.6 
86.7 
91.5 
77.8 
91.0 
81.2 
88.4 
82.0 
83.6 
77.3 
79.8 
77.4 
89.4 

W 
16384 
16384 
16384 
16384 
16384 
16384 

W 
65536 
65536 
65536 
65536 
65536 
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Matlab Programs 

Block classifier 

function[block_classesl = block_classifier(W, Np) 

%classifies image blocks into an edge class 

%Input: W which gives the classification of each pixel in each block, 

%Np = minimum number of edge pixels required for edge block 

%Output: Block class 

count = [l; 

[xsize, ysize] size(W); 

n = xsize*ysize; 

block_classes = [] j 

for k = l:ysize 

countO = find(W(:,k)== 0); 

if (length(countO) >= n - Np)% identify no edge blocks 

block_classes(k) = 0; 

else 

count (0 sum(W(: ,k)== 1); 

count (2) sum(W(: ,k) == 2); 

count (3) sum(W(: ,k)== 3); 

count (4) sum(W(: ,k)== 4); 

count (5) sum(W(: , k)== 5); 

count (6) sum(W(:,k)== 6); 

I 



count (7) 

count (8) 

count (9) 

sum(W(:,k)== 7); 

sum(W(:,k)== 8); 

sum(W(: ,k)== 0); 
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[max_count, index_max] = max(count); 

if index_max == 9 

block_classes(k) 0; 

else 

block_classes(k) = index_max; 

end 

end 

end 

return 

Blocks to vectors 

fUnction V = blocks2vectors(array,xsize,ysize) 

% transforms an image array to an array of xsize*ysize vectors 

% by scanning the image array blockwise and rearranging the blocks 

array_size = size(array); 

% n rows, m columns 

n = array_size(l); 

% number of rows (y direction) 

m = array_size(2); 

% number of columns ex direction) 

xsteps floor(m/xsize); 

ysteps floor(n/ysize); 

V = [l; 

for k= l:ysize:n 

for i =l :xsize:m 

block = array(k:k+ysize-l,i:i+xslze-l); 

% cut out block of image vector = reshape(block,xsize*ysize.l); 

II 
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% make column vector from block V 

% append column 

end 

end 

return 

Class edge blocks 

function [E1, E2, E3, E4, E5, E6, E7, E8l 

% Separates the edge classes 

% Input: blocks classes 

[VJvector] ; 

% Output: Indices of the edge blocks that belong to each edge class 

E1 find(block_classes ==1); 

E2 find(block_classes ==2); 

E3 find(block_classes ==3); 

E4 find(block_classes ==4); 

E5 find(block_classes ==5); 

E6 find(block_classes ==6) ; 

E7 find(block_classes ==7) ; 

E8 find(block_classes ==8); 

return 

Pixel Classifier 

function [edge_array,m, edge_classes] = classifier(image, threshold) 

% classifies image pixels into edge classes where each class is labelled as 

% follows: 0: no edges 

% 1: edges in north direction 

% 2: edges in south direction 

% 3: edges in north west direction 

% 4: edges in south east direction 

% 5: edges in west direction 

III 
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% 6: edges in east direction 

% 7: edges in south west direction 

% 8: edges in north east direction 

% Input: image, Threshold 

edge_classes = [] j 

edge_array 

edge_image 

zeros(512, 512, 8); 

image; 

for k ~ 1: 8 

edge_array(:, . , k) edge_enhancerCimage, k); 

end 

max (edge_array, [I, 3); 

return 

Classify train images 

IV 

function [E1_v, E2_v, E3_v, E4_v, E5_v , E6_v, E7_v, E8_v, E9_vl 

threshold, Vthreshold, xsize, ysize, Np) 

classify_train(trainimages , 

% Used to classify the training images for CVQ-LVQ , CVQ-CM and CVQ-FCM 

I. Inputs: training images, threshold for pixel classification, 

% Vthreshold = variance threshold used to eliminate non edge blocks fr om 

% edge classes, block size = xsize x ysize, Np = minimum number of pixels 

% for an edge block 

% Outputs: training vectors separated into their respective edge classes 

image1 trainimages ( : J 1:512); 

image2 trainimages (: , 513:1024); 

image3 trainimages (: . 1025 : 1536); 

image4 trainimages (: , 1537:2048); 

%**************************classify imagel ******************************* 

[edge_arrayl,ml, pixel_classesl] = classifier2(imagel, threshold); 

% convert pixel class array to block-vectors 

class_vectorsl = blocks2vectors(pixel_classesl , xsize, ysize); 
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% convert image array to block-vectors 

image_vectorst = blocks2vectors(imagel. xsize, ysize)j 

% classify each block as an edge or non-edge block 

[block_classes1] = block_classifierCclass_vectorsl. pcntO); 

% check whether blocks have been correctly identified as edge blocks using 

% the variance and then get indices for edge and non-edge blocks 

% variance threshold: (take block vectors with variance above vthreshold to 

% be true edge blocks and get new block classes 

[edge_blocks1, non_edge_blocks1, block_classes1] 

Vthreshold); 

% Separate edge blocks to directions N. S, NW. SE, W, E, SW, NE 

EEl, E2,E3, E4 , E5, E6, E7, E8l = class_edge_blocks2{ block_classesl ); 

image l_El image_vectorsl(:. El) ; 

imageLE2 image_vectorsl(:, E2); 

imagel_E3 image_vectorsl(:, E3); 

imageLE4 image_vectorsl(:, E4); 

imageLE5 image_vectorsl(:, E5); 

imageCE6 image_vectorsl(:, E6); 

imageLE7 image_vectorsl(:, E7) ; 

imageLE8 image_vectorsl(:, E8); 

imageLE9 image_vectorsl(:, E9); 

v 

%***********************classify Image 2 ********************************** [edge _array2,m2, 

pixel_classes2] = classifier2(image2. threshold); 

% convert pixel class array to block-vectors 

class_vectors2 = blocks2vectors (pixel_classes2, xsize, ysize); 

% convert image array to block-vectors 

image_vectors2 = blocks2vectors(image2, xsize, ysize); 

% classify each block as an edge or non-edge block 

[block_classes2] = block_classifier(class_vectors2, pcntO); 
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% check whether blocks have been correctly identified as edge bl ocks using 

% the variance and then get indices for edge and non-edge blocks 

% variance threshold (take block vectors with variance above vthreshold to be true 

edge blocks and get new block classes 

[edge _blocks2, non_edge_blocks2, block_classes2] 

Vthreshold); 

edge _check(image_vectors2, block_classes2, 

% Separate edge blocks to directions N, S, NW, SE, W, E, SW, NE 

[Ei, E2,E3, E4, E5, E6, E7, E8] = class_edge_blocks2( block_classes2); 

image2_Ei image_vectors2(:, Ei); 

image2_E2 image_vectors2(:, E2); 

image2_E3 image_vectors2(; . E3); 

image2_E4 image_vectors2(:, E4) ; 

image2_E5 image_vectors2(:, E5); 

image2_E6 image_vectors2(: J E6); 

image2_E7 image_vectors2(:, E7) ; 

image2_E8 image_vectors2(: , E8) ; 

image2_E9 image_vectors2(:, E9); 

%*************************classify image3 ********************************* 

[edge_array3,m3, pixel_classes3J = classifier2(image3, threshold); 

% convert pixel class array to block-vectors 

class_vectors3 = blocks2vectors(pixel_classes3, xsize, ysize); 

'l. convert image array to block-vectors 

image_vectors3 = bl ocks2vectors(image3, xsize, ysize); 

% classify each block as an edge or non-edge block 

[block_classes3] = block_classifier(class_vectors3, pcntO); 

'l. check whether blocks have been correctly identified as edge blocks using 

% the variance and then get indices for edge and non-edge blocks 

% variance threshold (take block vectors with variance above vthreshold to 

'l. be true edge blocks and get new block classes [edge_blocks3, non_edge_blocks3, 
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block_classes3] = edge _check(image_vectors3, block_classes3, Vthreshold); 

% Separate edge blocks to directions N, S, NW, SE, W, E, SW, NE 

[Ei, E2,E3, E4, ES, E6, E7, E8l = class_edge_blocks2( block_classes3); 

E9 = non_edge_blocks3; 

image3_El image_vectors3(: . Ei); 

image3_E2 image_vectors3(:. E2); 

image3_E3 image_vectors3(:, E3); 

image3_E4 image_ vectors3 (: , E4); 

image3_ES image_vectors3(:, ES); 

image3_E6 image _vectors3(:, E6); 

image3_E7 image_vectors3(:, E7); 

image3_E8 image_vectors3(:, E8); 

image3_E9 image_vectors3(:, E9); 

%*************************classify image4 ********************************* 

[edge_array4.m4. pixel_classes4J = classifier2(image4, threshold); 

% convert pixel class array to block-vectors 

class_vectors4 = blocks2vectors(pixel_classes4, xsize, ysize); 

% convert image array to block- vectors 

image_vectors4 = blocks2vectors(image4, xsize, ysize); 

% classify each block as an edge or non-edge block 

[block_classes4] = block_classifier(class_vectors4, pcntO); 

% check whether blocks have been correctly identified as edge blocks using 

% the variance and then get indices for edge and non-edge blocks 

% variance threshold (take block vectors with variance above vthreshold to 

% be true edge blocks and get new block classes 

[edge_blocks4. non_edge_blocks4, block_classes4] 

block_classes4, Vthreshold); 

% Separate edge blocks to directions N, S, NW, SE, W, E, SW, NE 

[Ei, E2,E3, E4, ES, E6, E7 , E8l = class_edge_blocks2( block_classes4); 

VII 
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E9 = non_edge_blocks4; 

image4_Ei image_vectors4(: , Ei) ; 

image4_E2 image_vectors4(: . E2); 

image4_E3 image_vectors4(: , E3); 

image4_E4 image_vectors4C: , E4); 

image4_E5 image_ vectors4 ( : , E5); 

image4_E6 image_vectors4(:, E6); 

image4_E7 image_vectors4(: J En; 

image4_E8 image_vectors4(:, E8); 

image4_E9 image_vectors4(:, E9); 

Ei v [imageLEi, image2_Ei, image3_El, image4_Eil ; 

E2 v [imagei_E2, image2_E2, image3_E2, image4_E2l ; 

E3_v [imageLE3, image2_E3, image3_E3, image4_E3l ; 

E4 v [imagei_E4, image2_E4, image3_E4, image4_E4l ; 

E5 v [imagei_E5, image2_E5, image3_E5, image4_E5l ; 

E6_v [imagei_E6, image2_E6, image3_E6, image4_E6l ; 

E7 v [imageLE7, image2_E7, image3_E7, image4_E7l ; 

E8_v [imagei_E8, image2_E8, image3_E8, image4_E8l ; 

E9 v [imagei_E9, image2_E9, image3_E9, image4_E9l ; 

Learning vector quantization 

function codebook = clusternet (data, init_codebook, epoch_number,waitnumber) 

% function codebook = clusternet(data,init_codebook, epoch_number) 

% performs Ivq clustering of a data set. initial clustercenters 

% (=codevectors) are iteratively moved towards optimal clustercenters 

% movements of centers is plotted in first two dimensions 

% inputs: data (array of format (length of vectors times number of data) 

% init_codebook (initial array of clustercenters) 

% epoch_number (number of runs through data, must be >=2) 

% waitnumber: number of seconds for pausing the plot 

VIII 
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% (recommendend 0.5 for visualization, 0 for fast processing) 

% outputs: codebook (array of optimal clustercenters) 

plot yes ~ 0; 'l. 0 ~ don ' t plot , 1 ~ plot 

% controls plotting (for larger data sets do not plot!) 

codebook ~ double(init_codebook); 

data ~ double(data); 

size_data = size(data); 

size_codebook = size(codehook)j 

number_of_data = size_data(2); 

number_of_codevectors size_codebook(2); 

initial_learning_rate 0.75; 

final_l earning_rate = 0.001; 

if size_data(l) -~ size_codebook(l) 

% disp('formats of codevectors and data does not match') 

return 

end 

if plot yes 1 

figure 

% open new window 

hold on 

% hold window active for plotting 

end 

for epoch=l:epoch_number 

IX 

eta=(initial_learning_rate-final_learning_rate)/(l-epoch_number) * (epoch-l)+ 

% initial_learning_rate; 

% learning rate (=cooling scheme) 

%******** plot the data and codevectors (first two dimensions) redraw in each epoch 

* 
if plot yes ~~ 1 

plot(data(l, :),data(2, :),'ok') 
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%plot the data as small black circles plot(codebook(l, :),codebook(2, :),'sr') 

% plot t he codevectors as little red squares 

end %********************************************************************** 

%********* plot datum in green ************* 

if plot yes == 1 plot(data(1,k),data(2,k), 'og') 

end 

1.******************************************* % find closest code vector to datum: 

c v = repmat(data(: ,k),l,number_of_codevectors); 

d sum«v-codebook) .-2,1); 

% columnwise sum winner = min(find(d 

blue ********* 

mined»); %******** plot winning center in 

if plot yes == 1 

plot(codebook(1,winner),codebook(2,winner),'sb') 

pause (waitnumber) 

% short pause 

plot(codebook(1,winner),codebook(2,winner),'sw') 

% make winner invisible 

end %********************************************** 

codebook(:,winner) = codebook(:,winner) + eta*(data(: ,k) - codebook(: ,winner)); 

% update 

%******** plot updated winner ***************** 

if plot yes == 1 

plot(codebook(l,winner),codebook(2, winner) , 'sr') 

plot(data(1,k),data(2,k), 'ok') 

% change color of datum again 

end 

%********************************************** 

end 

end 



Appendix B 

hold off 

return 

C-means algorithm 

function [U,codebook] cmeans(x,cO) 

'l. c - means clustering 

% inputs: (n x N) data matrix x of N data x in R-n % initial cluster 

centers cO=( c01, ... ,cDc) , (n x c) matrix 

% output: partition matrix U (c x N) , cluster centers c 

plot yes = 0; 

% change to 1 if plots are wanted 

[n,N] = size(x); 

[nl,c] = size(cO); 

if abs(n - nl»O 

disp('dimensions do not agree') 

return 

end 

dist = 1; 

it = 1; 

while dist > 0.001 

U zeros(c,N); 

D zeros(c,N); 

%************** compute matrix of distances ******************* 

for i=i:c 

for k=l: N 

D(i , k) 

end 

end 

norm(x(: ,k) - cO(: ,i); 

%************ compute partition matrix ************************ 

[m,index] = min(D, [] ,1); 
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for k=l:N 

U(index(k),k) 1; 

end 
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%**************Check for empty clusters ***********************% 

sumU = sum(U,2); 

% row sums 

indexO = find(sumU 0); 

%find empty clusters 

randN = randperm(N); 

f or i=1:1ength(indexO) 

U(:, randN(i)) = 0; 

%make sample belong to no cluster 

U(indexO(i), randN(i)) = 1; 

% assign sample to cluster i 

end 

%**** plot the data *************************************************** 

if plot yes 1 

figure(it) 

colors = ['r'. 'b' J 'y ' , 'e' J 'k' , 'g' , 'm']; 

marks = ('+'. '<', '*'. 's', 'd ' . '0']; 

hold on 

for i=i:c 

color = colors(mod(i,7)+1); 

mark = marks(mod(i,6)+1); 

index = find(U(i, :»0); 

%plot(x(1,index),x(2,index) ,['0' ,color]) 

plot(x(1,index),x(2,index), [mark,color]) 

%plot (cO(l, i) ,cO(2, i), ['+' ,color]) 

plot(cO(1,i) ,cO(2,i), [ ' p', 'b']) 

XII 
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end 

hold off 

disp('press any key to continue!') 

pause 

end 

%*********** compute new cluster centers ********************** 

for i=1:c 

index = find(U(i,:) > 0); 

e1(:,i) = sum(x(: ,index),2)/sum(U(i, :)); 

end 

dist = norm(eO - el); 

it it+l; 

cO cl; 

end (while) 

codebook = cO; 

return 

C-means sequential 

function [U,codebook] 

% c-means clustering 

emeans(x, eO) 

% inputs: (n x N) data matrix x of N data x in R-n 

!. initial cluster centers cO=(cOl, ... ,cOe), (n x c) matrix 

% output: partition matrix U (c x N), cluster centers c 

plot yes = 1; 

% change to 0 if plots are not wanted 

[n ,N] = size(x); 

[nl ,e] = size(eO); 

if abs(n - nl»O 

disp('dimensions do not agree') 

return 
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end 

dist = 1; 

it = 1; 

while dist > 0.001 

U zeros(c,N); 

D zeros(c,N)j 
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%************** compute matrix of distances ******************* 

for i=i:c 

for k=l:N 

D (i, k) 

end 

end 

norm(x(: ,k) - cO(: ,i)); 

%************ compute partition matrix ************************ 

[m, index) min(D, [), 1); 

for k=l:N 

U(index(k) , k) 1 ; 

end 

%**************Check for empty clusters ***********************% 

sumU = sum(U,2); 

% row sums indexO = find(sumU == 0); 

'l.find empty clusters randN = randperm(N); 

for i=l:length(indexO) 

U(:, randN(i)) = 0; 

%make sample belong to no cluster U(indexO(i), randN(i)) 1; 

% assign sasmple to c luster i end %**** plot the data 

*************************************************** 

if plot yes == 1 figure(it) colors = ['r', 'h' J 'y', 'e', 'k' J 'g', 'm']; 

marks = ['+' J '<' J '.', 's', 'd', '0']; 

hold on 
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for i =l:e color = eolors(mod(i,7)+1); 

mark = marks(mod(i,6)+1); 

index = find(U(i, :»0); 

%plot(x(1,index),x(2,index), ['o',eolor]) 

plot(x(1,index),x(2,index), [mark,eolor]) 

%plot(eO(1,i),eO(2,i),['+',eolor]) 

plot(cO(l,i) ,cO(2,i), ['p', 'b'J) 

end 

hold off 

dispC'press any key to continue! ,) 

pause 

end 

%*********** compute new cluster centers ********************** 

for i=1:c 

index = find(U(i,:) > 0); 

el(: ,i) = sum(x(:,index),2)/sum(U(i, :)); 

end 

dist = norm(cO-cl); 

it it+l; 

cO cl; 

end 

codebook cO; 

return 

Convolution 

function out convolution(image. mask) 

size_image = size(image); 

out image * 0; 

for i 2 :size_image(l) - 1 

for k 2: size_image(2) - 1 

xv 
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out(i,k) sum(sum(image(i-l:i+l, k-l:k+l).*mask)); 

end 

end 

Edge check 

function[edge_blocks. nOD_edge_blocks. block_classes] 

Vthreshold) 

% Checking using the variance whether blocks have been correctly classified 

XVI 

% as edges. A block with a variance lower that Vthreshold is not considered 

% an edge block 

% Input: V(image blocks). block classes, variance threshold 

'i.Dutputs: Edge/Non edge blocks == gives indices of edge/non edge blocks 

edge_blocks ~ [J; 

block_variance = var(V); 

i= 1; 

edges find(block_classes> 0); 

for k 1: length(edges) 

if block_variance(edges(k)) > Vthreshold 

edge_blocks(i) ~ edges(k); 

i = i + 1; 

else 

block_classes(edges(k)) ~ 0; 

end 

end 

return 

Edge enhancer 
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function out = edge_enhancer (image , direction) 

%perf orms the convolution of the image with the mask in the direction given 

'l.Inputs: Inputs image and edge direction as number btwee 1 and 8 

%Output: Out = convolution of image with edge mask 

switch upper(direction) 

case 1 mask [1,2,1 ; 0,0,0; - I,-2. -1J;% North 

case 2 mask [-1,-2,-1; 0,0,0;1,2,1] ; % South 

case 3 mask [2,1,0; 1,0,-1;0,-1. -2] ; % North West 

case 4 mask [-2,-1,0; -1,0 ,1;0,1,2] ; 'l. South East 

case 5 mask [1,0,-1 ; 2,0,-2;1,0,-1] ; % West 

case 6 mask [-1,0,1; -2,0,2;-1.0 , 1] ; % East 

case 7 mask [0,-1,-2; 1,0, - 1;2,1,0] ; %South west 

case 8 mask [0,1,2;- 1 ,0,1;-2,-1,0] ; % North East 

end 

out convolution(image, mask); return 

Error measures 

function [MSE] ~ Error_Measures(image, quant_image) 

% Given two images in the form of M*N arrays, 

%the original image and the reconstructed image 

% The mean squared eror (MSE) between the two images is calculated 

% Inputs :Array of Original image and array of reconstructed image 

'l. Outputs: MSE 

[xsize, ysize] = size(image)j 

MSE ~sum(sum«quant_image-image) .-2)) /(xsize * ysize); 

Fuzzy c-means 

function [U,c,defuzzind] 

% fuzzy c-means clustering 

fuzzy_cmeans(x, cO, exponent,maxit) 

% inputs : Cn x N) data matrix x of N data x in R-n 
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% initial cluster centers cO=(c0 1" .. ,cOe), (n x c) matrix 

% exponent: fuyyzifier (recommended : 1<exponent<=6, Use 1.1 for image compression) 

% output: fuzzy partition matrix U (c x N), cluster centers c, 

% defuzzind: cell array with indices of defuzzified clusters 

% (x(: ,defuzzind{k}) ~ samples of cluster k) 

plot yes ~ 0; % change to plot yes ~ 1 to plot the data 

[n,N] ~ size(x); 

[n1,c] ~ size(cO); 

if abs(n - n1»0 

disp('dimensions do not agree') 

return 

end 

dist = 1; 

it = 1; 

while (it <~ maxit) & dist >0 .001 

U zeros(c,N); 

D zeros(c,N); 

%************** compute matrix of distances ******************* 

for i=i:c 

for k~l:N 

D(i,k) 

end 

end 

norm(x(:,k) - cO(:,i)); 

%************ compute partition matrix ************************ 

for i=i :c 

for k~l:N 

U(i, k) 

end 

end 

(sum«D(i,k) ./D(: ,k)) .-(2/(exponent -1))))-(-1); 
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%**** plot the data *************************************************** 

if plot yes == 1 

figure (it) 

colors = ['r' I 'k'. 'y'. 'c', 'b' I 'g', 'm']; 

marks = ['+' J '<'. '*' I '5'. 'd', '0']; 

[m,maxind) = max(U, [) ,1); 

hold on if n>=2 

cO 

% two dim case: plot only crisp clusters 

for k=l:c 

color = colors(mod(k,7)+1); 

mark = marks(mod(i,6)+1); 

index = find(maxind == k); 

I.plot (x(1, index) ,x (2, index) , [, 0' ,color)) 

plot(x(l,index) ,x(2,index) ,[mark,color)) 

%plot(cO(1,k),cO(2,k), ['p' ,color)) 

plot(cO(l,k) ,cO(2,k) , ['p', 'b')) 

end 

end 

if n==l 

% one dim case: 

plot fuzzy clusters 

for k=l:c color = colors(mod(k,7)+1); 

plot(x,U(k, :), [, .',color]) 

end 

end 

hold off 

% display the centers 

disp('strike any key to continue') 
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pause 

end 
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%*********** compute new cluster centers ********************** 

Unew == U.-exponent; 

for i=1 :c 

for j=l:n 

%dimension of data 

temp(j) = Unew(i, :)*x(j, :)'; 

end 

c1(:,i) 

end 

temp'/sum(Unew(i, :)); 

dist = norm(cO - cl); 

it it+lj 

cO el; 

end 

%**** determine defuzzified clusters 

[m, maxind] = max (U, [] , 1) ; 

defuzzind = {} ; 

%empty cell array for index of defuzzified clusters 

for k=l:c 

defuzzind{k} 

end 

c = cO; 

return 

find(maxind == k); 

Fuzzy c-means sequential 

function [UJc] = fuzzy_cmeans_seq(x,cO,exponent,maxit) 

% fuzzy c-means clustering 

% does not return the fuzzy partion matrix but only the crisp partition 

% (applications: codebook design for lvq ) 

xx 
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!. inputs: Cn x N) data matrix x of N data x in R-n 

'l. initial cluster centers cO=(cOl, ... ,cOe), Cn x c) matrix 

'l. exponent: fuyyzifier (recommended: 1<exponent<=6, best: 2) 

% output: matrix U (1 x N) with cluster label per sample, cluster centers c 

% remark: no check if datum sits on cluster center!!! 

no termination in % case of non-convergence!!!! 

[n,N] = size(x); [nl,c] = size(cO); 

if abs(n - nl»O 

dispC'dimensions do not agree') 

U []; 

c = []; 

return 

end 

dist = 1j 

it = 1 j 

while (it <= maxit) & dist >0.001 

cl = cO*O; 

% initialization 

for k=l:c 

ck = 0; 

denomk = 0; 

for i =1:N 

% determine U(k,i) (not needed later therefore not stored) 

dik (x(:,i)-cO(: , k»'*(x(:,i)-cO(:,k»; 

sum 0; 

for j=l:c 

sum = sum + (dik/((x(: ,i)-cO ( : ,j» '*(x( : ,i) -cO(:.j»» -O/(exponent-l»; 

end 

Uki sum-(-l); 
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ck = ck + (Uki-exponent)*x(:,i); 

denomk = denomk + Uki~exponent; end e1(: ,k) 

end 

dist = norm(cO-cl)j 

it it+l; 

cO c1; 

end 

% determine the crisp partition 

U zeros(1,N); 

for i=1:N 

di = zeros(l,c); 

for k=1:c 

diCk) = (x(:,i) - cO(:,k))'*(x(:,i)-cO(:,k)); 

% squared distance end [m,label) = min(di); 

U(i) = label; 

end 

c = cO; 

return 

Quantize image 

ck/denomk; 

function q = quantize_image (image , codebook, xsize,ysize) 

XXII 

% given a codebook, an image is compressen. each image block (of xsize % times ysize) 

% is reformed to an array of length xsize*ysize and compared 

% to all codebook vectors. the number of the closest codebook vector is 

% stored % 

% inputs: image image to be compressed 

% codebook: array of code vectors (= cluster centers) 

% xsize, ysize: blocksize used for codebook creation % (clustering) 

image double(image); 

[n,m) size(image); 
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size_codebook = size(codebook); 

number_of_ codevectors = size_codebook(2); 

if xsize*ysize -= size_codebook(l) 

dispC'dimensions of blocks and code vectors do not match') 

return 

end 

xsteps 

ysteps 

floor(m/xsize); 

floor(n/ys i ze); 

q = zeros (ysteps,xsteps); 

% array for quantization numbers 

for k=l:ysteps 

for i=l:xsteps 

xpos (i-l)*xsize+lj 

ypos (k- 1)*ysize+1; 

block = image(ypos :ypos+ysize-l,xpos: xpos+xsize-l); 

vector = reshape(block,xsize*ysize.l); 

% make block to column 

v = repmat (vector,l,number_of_codevectors) j 

d sum((v - codebook) ."2 ,1) ; 

winner min(find(d == mined))); 

q(k,i) 

end 

end 

return 

winner; 

Quantize image vectors 

function q = quantize_image ( i mage, codebook, xsize,ysize) 

% given a codebook, an image is compressed. each image block (of xsize 

% times ysize) is reformed to an array of length xsize*ysize and c ompared 

% to all codebook vectors. the number of the closest codebook vector is 
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% stored 

% inputs: image: image to be compressed 

% codebook: array of code vectors (= cluster centers) 

% xsize, YS1ze: blocksize used for codebook creation 

% (clust ering) 

image double(image); 

[n,m) size(image); 

size_codebook = size(codebook); 

number_of_codevectors = size_codebook(2); 

if xsize*ysize -= size_codebook(l) 

disp('dimensions of blocks and code vectors do not match') 

return 

end 

xsteps 

ysteps 

floor(m/xsize) ; 

floor(n/ysize); 

q = zeros(ysteps,xsteps); 

% array for quantization numbers 

for k=l:ysteps 

for i=l:xsteps 

xpos ( i - l)*xsize+l; 

ypos (k- 1)*ysize+1; 

block = image(ypos:ypos+ysize - 1,xpos:xpos+xsize - 1); 

vector = reshape(block,xsize*ysize,l); 

% make block to column 

v = repmat(vector,l,number_of_codevectors); 

d sum«v - codebook) .-2,1); 

winner min(find(d == min(d»); 

q(k,i) winner; 

end 
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end 

return 

Reconstruct image 

function quant_image = reconstruct(compressed_image,codebook,xsize,ysize) 

% reconst ructs a quantized image 

% inputs: compressed_image: array with labels of clusters 

% codebook: list of clust er centers 

% xsize, ysize: blocksizes 

[m,n] = size(compressed_image); 

quant_image = zeros(m*ysize,n*xsize); 

for k=1:m 

for i=i:n 

winner = compressed_image(k,i); 

block = reshape(codebook(:,winner),ysize,xsize); 

xpos 

ypos 

(i - 1)*xsize+!; 

(k-ll 'ysize+1; 

quant_image(ypos:ypos+ysize - l,xpos:xpos+xsize-l) 

end 

end 

return 

Reconstruct image vectors 

block; 

function quant _image = reconstruct_vectorsCcompressed_image,codebook) 

% reconstructs a quantized image 

% inputs: compressed_image: array with labels of clusters 

% codebook: list of cluster centers [m,n] = size(compressed_image); 

quant _image =[]; 

for k=i:n ~inner = compressed_image(:,k); 

block = codebook(: ,~inner); 

quant_image(:,k) = block; 
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end 

return 

Replicate image vectors 

function [imageV_vectors] = replicate (image_vectors , Nd) 

%replicates the sparse regions of the data creating a virtual data set 

%using a replication factor Nd 

% Inputs: image_vectors of training set, Nd = replication number 

% Outputs: imageV_vectors = virtual training data set 

[M,N] = size (image_vectors) ; 

Nv ~ sum(Nd); 

imageV_vectors [] ; 

for j ~ l:N 

R repmat(image_vectors(:,j), 1, Nd(j»; 

imageV_vectors = [imageV_vectors, R]; 

end 

return 

Replication number 

function [Nd] = replication_number(image_vectors) 
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% Calculates the replication factor for each image vector in the training data 

[m,n] = size(image_vectors); 

E = 0; 

E2 ~ 0; 

for i=l n 

for j i:n 

E E + norm(image_vectors(:,i) - image_vectors(:,j)); 

£2 = E2 + norm(image_vectors(:,i)-image_vectors(:, j))-2; 

end 

end 



E = E/(n*(n+1) / 2) ; 

E2 = E2/(n*(n+l)/2); 

sigma2 

for j = 1 :n 

D (j) 0; 

for i = 1: n 
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D(j) = D(j) + exp(-norm(image_vectors(: ,i)- image_vectors(: ,j))-2/sigma2); 

end D(j) = D(j) - 1; 

end 

MD max(D) ; 

Nd floor(10 * log10(MD . /D)) + 1; 

return 

Vectors to image 

function [new_image] = vectors2image(recoD_i_vectors, image. ysize); 

%converts image vectors to blocks t hen back to original image size 

X( only for squareblocks) 

[m, nJ = size(image); 

% size image 

new_image = zeros(m,n); 

% initilize new image 

% reshape into array (row) of blocks 

i vectors = reshapeCrecoD_i_vectors. ysize, (m*n)/ysize); 

% get size of array of blocks 

[mi, niJ = size(i_vectors)j 

% reshape blocks to image 

for k = 0 (ni/n - 1) 

new_image«mi*k)+1:mi*(k+1), 

end 

return 

C-means 

i_vectors(:, (n*k)+1:n*(k+1)); 
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function [quant_image, MSE, SNR, sizeEs] = VQ_cm_eN( imagetest,imagetrain, xsize, 

ysize,codevectors,threshold, Vthreshold, Np) 

% calculates the codebook using fuzzy cmeans for 2 by 2 and 4 by 4 blocks 

% Inputs: image, xsize and ysize which give the block size, and the number 

% of codevectors used for the non edge and edge vectors and Np is the 

% minimum number of pixels classified edges required for an edge block 

% Outputs: reconstructed image, the error measures given by the MSE and SNR 

% Difference image 

% imagetest = testing image 

% image train = training image vectors (images must be converted to vectors first) 

% classify each pixel 

[edge_array,m, pixel_classes] = classifier2(imagetest, threshold); 

% convert pixel class array to block-vectors 

class_vectors = bl ocks2vectors (pixel_classes , xsize, Y8ize); 

% convert image array to block-vectors 

image_vectors = blocks2vectors(imagetest, xsize, ysize); 

% classify each block as an edge or non-edge block 

[block_classes] = block_classifier(class_vectors, pentO); 

% check whether blocks have been correctly identified as edge blocks using 

% the variance and then get indices for edge and non- edge blocks 

% variance threshold (take block vectors with variance above vthreshold to 

% be true edge blocks and get new block classes 

[edge_blocks, non_edge_blocks, block_classes] = edge_checkCimage_vectors, block_classes, 

Vthreshold); 

% Separate edge blocks to directions N, S, NW, SE, WI EI SW, NE 

[El, E2,E3, E4, E5, E6, E7, E8] = class_edge_blocks2( block_classes); 

sizeEs [length(El), length(E2),length(E3) ,length(E4) ,length(E5) ,length(E6) ,length(E7) ,lengtl 

sizeEs [sizeEs, length(non_edge_blocks)]; 

E1 vectors image_vectors(:, E1); 

E2 vectors image_vectors(:1 E2); 



E3 vectors image_vectors( ;. 

E4 vectors image_vectors(: I 

E5_vectors image_vectors(:, 

E6_vectors image_vectors(:, 

E7_vectors image_vectors(:, 

E8_vectors image_vectors(:, 

NE_vectors image_vectors(: . 

%select training set 

t_vectors = imagetrain; 
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E3); 

E4); 

ES); 

E6); 

En; 

E8); 

non_edge_blocks); 

% ********************create initial codebook****************************% 

[p, q] = size(t_vectors); 

steps = ceil(q/codevectors); 

init_codebook = t_vectors(;. l:steps:q); 

%**********************codebook creation ********************************% 

% codebook using cmeans 

[partmat,codehook] =cmeans_seq(t_vectors,init_codehook); 
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% ********************quantization using codebook*************************% 

% gives the cluster label for each image vector disp('quantize . . . ') 

compressed_image_vectors=quantize_image_vectors(image_vectors, codebook); 

%fuzzy c-means 

%********************reconstruction of compressed image*******************% 

quant_image_vectors = double(reconstruct_vectors(compressed_image_vectors, codebook)); 

quant_image_El quant_image_vectorsC:, E1); 

quant_image_E2 quant_image_vectorsC: , E2); 

quant_image_E3 quant_image_vectors(: , E3); 

quant_image_E4 quant_image_vectorsC:. E4); 

quant_image_E5 quant_image_vectorsC: , ES); 

quant_image_E6 quant _image_vectorsC; , E6); 

quant_image_E7 quant_image_vectors(:, En; 
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quant_image = vectors2imageCquant _image_vectors, imagetest, xsize); 

%*************************** Difference image***************************%%% 

disp('difference image ... ,) 

[m,n] = size(quant_image); 

diff_image = 255 - abs(imagetest(l:m, l:n)- quant_image); 

figure() 

imagese(diff_image, [0, 255]) 

eolormap(gray) 

%****************** Error measures ***************************************% 

[MSE, SNR]= ErroT_Measures(imagetest, quant_image); 

[MSE1, SNR1] Error_MeasuresCE1_vectors, quant_image_El); 

[MSE2, SNR2] ErroT_MeasuresCE2_vectors, quant_image_E2); 

[MSE3, SNR3] ErroT_MeasuresCE3_vectors, quant_image_E3); 

[MSE4, SNR4] ErroT_MeasuresCE4_vectors. quant_image_E4); 

[MSE5, SNR5] Error_Measures (E5_vectors, quant_image_E5); 

[MSE6, SNR6] Error_Measures (E6_vectors, quant_image_E6); 

[MSE7, SNR71 Error_MeasuresCE7_vectors. quant_image_E7); 

[MSE8, SNR8] Error_MeasuresCE8_vectors, quant_image_E8); 

[MSE9, SNR9] Error_Me asuresCNE_vectors, quant_image_NE); 

MSE [MSE1, MSE2, MSE3, MSE4, MSE5, MSE6, MSE7, MSE8, MSE9, MSE] ; 

SNR [SNR1, SNR2, SNR3, SNR4, SNR5, SNR6, SNR7, SNR8, SNR9, SNR] ; 

return 

C-means (for varying codebook sizes) 

function [quant_image, MSE, SNR, sizeEs] 

Vthreshold, pentO) 

VQ_cmN( imagetest,imagetrain, xsize, ysize,codevect 

for k= 1: length(eodeveetors) 

[quant_image (:, : ,k), MSE(k, :), SNR(k, :), sizeEs(k, :)] 

xsize, ysize,codevect ors(k) ,threshold, Vthreshold, Np); 
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k = k+l j 

end 

Edges seperate FCM 

function [reconstructed_image, MSE. SNR, sizeEs] 

ysize,codevectors,threshold, Vthreshold, Np) 

VQ_edges_sep_FCM( testimage. trainimage,x5j 

% calculates the codebook using fuzzy cmeans for xsize by ysize blocks 

% Inputs: image. xsize and ysize which give the block size, and the number 

% of codevectors used for the non edge and edge vectors and Np is the 

% percentage of pixels classified as non edges and edges in 8 directions 

% Outputs: reconstructed image, the error measures given by the MSE 

'l. Difference image 

'l.Vthreshold = 130 

% train image already in vectors 

%********************classify each pixel in test image *******************% 

'l.threshold = 30; 

[edge_array,m, pixel_classes] = classifier2(testimage, threshold); 

% convert pixel class array to block-vectors 

class vectors = blocks2vectors(pixel_classes, xsize, ysize); 

% convert image array to block- vectors 

image_vectors = blocks2vectors(testimage, xsize, ysize); 

% classify each block as an edge or non-edge block 

[block_classes] = block_classifier(class_vectors, pcntO); 

% check whether blocks have been correctly identified as edge blocks using 

% the variance and then get indices for edge and non-edge blocks 

% variance threshold (take block vectors with variance above vthreshold to 

% be true edge blocks and get new block classes 

[edge_blocks, nOD_edge_blocks, block_classes] 

Vthreshold); length(non_edge_blocks); 

% Separate edge blocks to directions N, S, NW, SE, W, E, SW, NE 

[E1, E2,E3, E4, E5, E6, E7, E8] = class_edge_blocks2( block_classes); 
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sizeEs [length(El), length(E2) ,length(E3) ,length(E4),length(E5) ,length(E6) ,length(E7),lengtt 

sizeEs [sizeEs, length(non_edge_blocks)]; 

%******************classify pixels in training set ***********************% 

[El_v, E2_v, E3_v, E4_v, ES_v, E6_v, E7_v, EB_v, E9_v] = classify_train2(trainimage, 

threshold, Vthreshold, 4, 4, Np); 

% remove 2 and just have classify train if using 5 images 

%For quantization epochs 70; 

% set number of iterations exponent 1.5; 

% change to 2 for comparison 

%******************* Quantization of non-edge blocks*********************% 

codevectorsNE = codevectors(9); 

%select training set ( 1/2 of non- edge vectors) 

% create initial codebook (all codevectors on diagonal) 

ic = randel, codevectorsNE) *255; 

dim = xsize * ysize; 

init_codebook = repmat(ic, dim, 1); 

% codebook creation using fuzzy c-means 

[U,codebook] = fuzzy_cmeans_seq2(t_vectors, init_codebook,exponent ,epo chs); 

% gives the cluster label for each non- edge vector 

%reconstructs non-edge vectors using codebook 

quant_De_vectors = double (reconstruct_vectors (ne_cluster_labels , codebook)); 

%*************************************************************************% 

%*************************Quantization of edge blocks ********************% 

% North edges 

codevectorsl codevectors (1) ; 

El_vectors = image_vect ors(:, £1); 

%select training set ( 1/2 of vectors) 



tl_vectors = El_v; 

% create initial codebook 

dim = xsize * ysize; 

init_codebookl = rand (dim, codevectorsl)*255; 

% code book creation using fuzzy c-means 

)()()(III 

[Ul,codebookl] = fuzzy_cmeans_seq2(tl_vectors,init_codebookl,exponent,epDehs); 

% gives the cluster label for each north edge vector 

El_cluster_labels = quantize_image_vectors(El_vectors, codebookl); 

%reconstructs north vectors using codebook 

quant_El_vectors = double Creconstruct_vectors CE1_cluster_labels, codebookl)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors2 = codevectors(2); 

E2_vectors = image_vectors(:. E2); 

%select training set ( 1/2 of vectors) 

t2_vectors = E2_v; 

% create initial codebook 

dim = xsize * ysize; 

init_codebook2 = rand(dim, codevectors2) *255; 

% code book creation using fuzzy c-means 

[U2,codebook2] = fuzzy_cmeans_seq2(t2_vectors,init_codebook2,exponent,epochs); 

% gives the cluster label for each south edge vector 

E2_cluster_labels = quantize_image_vectors(E2_vectors, codebook2); 

%reconstructs south edge vectors using codebook 

quant_E2_vectors = double (reconstruct_vectors (E2_cluster_labels , codebook2)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors3 = codevectors(3); 

image_vectors(:, E3); 
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%select training set ( 1/2 of vectors) 

t3_vectors = E3_v; 

% create initial codebook 

dim = xsize * ysize ; 

init_codebook3 = rand (dim, codevectors3)*255; 

% codebook creation using fuzzy c-means 

XXXIV 

[U3,codebook3] = fuzzy_cmeans_seq2(t3_vectors , init_codebook3, exponent ,e pochs); 

% gives the cluster label for each NW edge vector 

E3_cluster_labels = quantize_image_vectors(E3_vectors, codebook3); 

%reconstructs NW edge vectors using code book 

quant_E3_vectors = double(reconstruct_vectorsCE3_cluster_labels, codebook3)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors4 = codevectors(4); 

E4_vectors = image_vectors(:. E4); 

%select training set ( 1/2 of vectors) 

t4_vectors = E4_v; 

%initial code book creation 

dim = xsize * ySize; 

init_codebook4 = rand (dim, codevectors4) *255; 

% code book creation using fuzzy c-means 

[U4.codebook4] = fuzzy_cmeans_seq2(t4_vectors, init_codebook4, exponent. ep ochs); 

% gives the cluster label for each SE edge vector 

E4_cluster_labels = quantize_image_vectors(E4_vectors. codebook4); 

%reconstructs SE edge vectors using codebook 

quant_E4_vectors = double(reconstruct_vectors(E4_cluster_labels. codebook4)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors5 = codevectors(S)j 
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E5_vectors = image_vectorsC:, E5); 

%select training set ( 1/2 of vectors) 

t5_vectors = ES_v; 

% create initial codebook 

dim = xsize * ysize; 

init_codebook5 = rand (dim. codevectors5) *255; 

% codebook creation using fuzzy c-means 

xxxv 

[U5,codebook5] = fuzzy_cmeans_seq2(t5_vectors , init_codebook5 ,exponent ,e pochs); 

% gives the cluster label for each Wedge vector 

E5_cluster_labels = quantize_image_vectorsCE5_vectors, codebook5); 

%reconstructs Wedge vectors using codebook 

quant_E5_vectors = double(reconstruct_vectors CE5_cluster_labels , codebook5)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors6 = codevectors(6); 

E6_vectors = image_vectors(:. E6); 

%select training set ( 1/2 of vectors) 

t6_vectors = £6_v; 

% create initial codebook 

dim = xsize * ysizej 

init_codebook6 = rand(dim. codevectors6) *255; 

% code book creation using fuzzy c-means 

[U6.codebook6J = fuzzy_cmeans_seq2(t6_vectors.init_codebook6.exponent,epochs); 

% gives the cluster label for each E edge vector 

E6_cluster_labels = quantize_image_vectors(E6_vectors. codebook6); 

%reconstructs E edge vectors using codebook 

quant_E6_vectors = double (reconstruct_vectors (E6_cluster_labels. codebook6))j 

%*************************************************************************% 

%*************************************************************************% 
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codevectors7 = codevectors(7); 

E7_vectors = image_vectors(:, £7); 

%select training set ( 1/2 of vectors) 

t7_vectors = E7_v; 

%initial codebook creation 

dim = xsize * ysize; 

init_codebook7 = rand (dim , codevectors7)*255; 

% codebook creation using fuzzy c-means 

XXXVI 

[U7,codebook7] = fuzzy _cmeans_seq2(t7_vectors.init_codebook7,exponent ,epDehs); 

% gives the cluster label for each SW edge vector 

E7_cluster_labels = quantize_image_vectors(E7_vectors, codebook7); 

%reconstructs SW edge vectors using codebook 

quant_E7_vectors = double {reconstruct_vectors CE7_cluster_l abels , codebook7)); 

%*************************************************************************% 

%*************************************************************************% 

codevectorsS = codevectors(S); 

EB_vectors = image_vectors(:, EB); 

%select training set ( 1/2 of vectors) 

tS_vectors = EB_v; 

dim = xsize * ysize; 

init_codebookB = rand(dim, codevectorsB)*255; 

% codebook creation using fuzzy c-means 

[US,codebookS] = fuzzy_cmeans_seq2(tB_vectors , init_codebookB, exponent ,e pochs); 

% gives the cluster label for each NE edge vector 

ES_cluster_labels = quantize_image_vectors(EB_vectors, codebook8); 

%reconstructs NE edge vectors using codebook 

quant_ES_vectors = double(reconstruct_vectors(E8_cluster_labels, codebookS)); 

%*************************************************************************% 

%***************************** Reconstruction ****************************% 
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% get reconstruced image block vectors 

[r,s] = size(image_vectors); 

recon_i_vectors = zeros(r,s); 

recon_i_vectors{;, non_edge_blocks) = quant_ne_vectors; 

recon_i _vectors( :, £1)= quant_El_vectors; 

recon_l_vectors{;, E2)= quant_E2_vectors; 

recon_i_vectors{:, £3)= quant_E3_vectors; 

recon_i_vectors{:, E4)= quant_E4_vectors; 

recon_i_vectorsC;, £5) = quant_E5_vectors; 

recon_i_vectors{:, £6)= quant_E6_vectors; 

recon_i_vectors{:, £7)= quant _E7_vectors; 

recon_i_vectors(;, £8)= quant_E8_vectors; 

% convert reconstructed image vectors to blocks then 

to the reconstructed % image 

XXXVII 

[reconstructed_image] = vectors2imageCrecoTI_i_vectors, testimage, xsize); 

%*************************** Difference image***************************%%% 

[m,n] = size(reconstructed_image); 

diff_image ~ 255 - abs(testimage(l:m, l:n)-reconstructed_image); 

figure 0 

%set('Name'. 'Difference image ,) 

imagesc(diff_image, [0, 255]) 

colormap(gray) 

%****************** Error measures ***************************************% 

[MSE] = Error_Measures (testimage , reconstructed_image); 

[MSE1] Error_MeasuresCE1_vectors, quant_El_vectors); 

[MSE2] Error_MeasuresCE2_vectors, quant_E2_vectors); 

[MSE3] Error_MeasuresCE3_vectors, quant_E3_vectors); 

[MSE4] Error_MeasuresCE4_vectors, quant_E4_vectors); 

[MSE5] Error_MeasuresCE5_vectors, quant_E5_vectors); 



[MSE6] 

[MSE7] 

[MSEB] 

[MSE9] 
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Error_MeasuresCE6_vectors. quant_E6_vectors); 

Error_Measures CE7_vectors , quant_E7_vectors) j 

Error_Measures (EB_vectors , quant_E8_vectors); 

Error_MeasuresCnon_edge_vectors. quant_ne_vectors); 

MSE ~ [MSE1, MSE2, MSE3, MSE4, MSE5 , MSE6, MSE7, MSEB, MSE9, MSE]; 

return 

Edges separate C-means 

XXXVIII 

function [reconstructed_image, MSE, SNR, sizeEs] = VQ_edges_sep_CMC testimage, 

train image , xsize, ySize,codevectors,threshold. Vthreshold, Np) 

% calculates the codebook using fuzzy cmeans 4 by 4 blocks 

% Inputs: image, xsize and ysize which give the block size, and the number 

% of codevectors used for t he non edge and edge vectors and Np is the 

% percentage of pixels classified as non edges and edges in 8 directions 

% Outputs: reconstructed image, the error measures given by the MSE 

% Difference image 

%Vthreshold ~ 130; 

% 

% classify each pixel 

[edge_array,m, pixel_classes] = classifier{testimage, threshold); 

% convert pixel class array to block-vectors 

class_vectors = blocks2vectors{pixel_classes, xsize, ysize); 

% convert image array to block-vectors 

image_vectors = blocks2vectors{testimage. xsize. ysize); 

% classify each block as an edge or non-edge block 

[block_classes] = block_classifier{class_vectors, pcntO); 

% check whether blocks have been correctly identified as edge blocks using 

% the variance and then get indices for edge and non-edge blocks 

% variance threshold {take block vectors with variance above vthreshold to 

% be true edge blocks and get new block classes 

[edge_blockS, non_edge_blocks, block_classes] = edge_check{image_vectors, 



block_classes, Vthreshold)j 

length (non_edge_blocks); 
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% Separate edge blocks to directions N, S, NW, SE, W. E, SW, NE 

[El, E2,E3, E4, ES, E6, E7, ES] = class_edge_blocks2( block_classes); 

sizeEs=[length(El) ,length(E2) ,length(E3) ,length(E4) ,len gth(ES), 

length (E6) ,length(E7) ,length(ES)] ; 

sizeEs = [sizeEs, length(non_edge_blocks)]; 

XXXIX 

%******************classify pixels in training set ***********************% 

[El_v, E2_v, E3_v, E4_v, ES_v, ES_v, E7_v, E8_v, E9_v] = classify_train(trainimage, 

t hreshold, Vthreshold, 4, 4, Np); 

%For quantizat ion exponent = 1 . 1; 

%******************* Quantization of non-edge blocks*********************/' 

codevectorsNE = codevectors(9); 

nOD_edge_vectors = image_vectors(:, non_edge_blocks); 

/.select training set 

t_vectors = E9_v; 

% create initial codebook (all codevectors on diagonal) 

%ie = randel, codevectorsNE) *255; 

%dim = xsize * ysize; 

%init_codebook = repmat(ic . dim. 1); 

[p, q] = size(t_vectors); 

steps = ceil(q/codevectorsNE); 

init_codebook = t_vectorsC:, 1:steps:q); 

% codebook creation using c-means 

[U,codebook] = cmeans(t_vectors,init_codebook); 

% gives the cluster label for each non-edge vector 

ne_ cluster_labels = quantize_image_vectors(noTI_edge_vectors, codebook)j 

%reconstructs non- edge vectors using code book 

quant_ne_vectors = double (reconstruct_vectors (ne_cluster_labels , codebook)); 
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%*************************************************************************% 

%*************************Quantization of edge blocks ********************% 

% North edges codevectorsl = codevectors(l); 

El_vectors = image_vectors(:. E1); 

%select training set 

tl_vectors = El_v; 

% create initial codebook 

%dim = xsize * ysize; 

%init_codebookl = rand {dim, codevectorsl)*255; 

[pi, qlJ = size(tl_vectors); 

steps1 = ceil(ql/codevectorsl); 

init_codebookl = tl_vectorsC:. l:stepsl:ql); 

% codebook creation using c-means 

[Ul,codebookl] = cmeans(tl_vectors,init_codebookl); 

% gives the cluster label for each north edge vector 

El_cluster_labels = quantize_image_vectors(El_vectors, codebookl); 

%reconstructs north vectors using codebook 

quant_El_vectors = double(reconstruct_vectors(El_cluster_labels, codebookl)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors2 = codevectors(2)j 

E2_vectors = image_vectors(:, E2); 

%select training set 

t2_vectors = E2_v; 

% create initial codebook 

%dim = xsize * ysize; 

%init_codebook2 = rand (dim, codevectors2) *255; 

[p2, q2J = size(t2_vectors); 

steps2 = ceil(q2/codevectors2); 

XL 
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init_codebook2 = t2_vectors(:. 1:steps2:q2) j 

% codebook creation using c-means 

[U2,codebook2] = cmeans(t2_vectors,init_codebook2); 

% gives the cluster label for each south edge vector 

E2_cluster_labels = quantize_image_vectorsCE2_vectors. codebook2); 

%reconstructs south edge vectors using code book 

XLI 

quant_E2_vectors = double Creconstruct_vectors CE2_cluster_labels , codebook2»; 

%*************************************************************************% 

%*************************************************************************% 

codevectors3 = codevectors(3); 

E3_vectors = image_vectors(:, E3); 

%se lect training set ( 1/2 of vectors) t3_vectors 

% create initial codebook 

%dim = xsize * ysize; 

%init_codebook3 = rand (dim, codevectors3) +255; 

[p3, q3] ~ size(t3_vectors); 

steps3 ~ ceil(q3!codevectors3); 

init_codebook3 = t3_vectors(:. 1:steps3:q3); 

% code book creation using c-means 

[U3,codebook3] ~ cmeans(t3_vectors,init_codebook3); 

% gives the cluster label for each NW edge vector 

E3_cluster_labels = quantize_image_vectors(E3_vectors. codebook3); 

%reconstructs NW edge vectors using codebook 

quant_E3_vectors = double(reconstruct_vectors(E3_cluster_labels. codebook3)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors4 = codevectors(4)j E4_vectors = image_vectors(:. E4)j 

%select training set 

t4_vectors = E4_v; 



%initial codebook creation 

%dim = xsize * ysize; 
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%init_codebook4 = rand(dim, codevectors4) *255; 

[p4, q4J = size(t4_vectors); 

steps4 = ceil(q4/codevectors4); 

init_codebook4 = t4_vectors(:, 1:steps4:q4); 

% code book creation using c-means 

[U4,codebook4] = cmeans(t4_vectors,init_codehook4); 

% gives the cluster label for each SE edge vector 

E4_cluster_labels = quantize_image_vectors(E4_vectors, codebook4); 

%reconstructs SE edge vectors using code book 

XLII 

quant_E4_vectors = doubleCreconstruct_vectors(E4_cluster_labels, codebook4)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors5 = codevectors(S); 

ES_vectors = image_vectors(:, ES); 

%select training set 

tS_vectors = ES_v; 

% create initial code book 

%dim = xsize * ysize; 

%init_codebookS = rand (dim, codevectors5)*2SS; 

[p5, q5J = size(t5_vectors); 

steps5 = ceil(q5!codevectors5); 

init_codebookS = t5_vectors(:, 1:steps5:qS); 

% code book creation using c-means 

[US,codebook5] = cmeans(t5_vectors,init_codebook5); 

% gives the cluster label for each Wedge vector 

ES_cluster_labels = quantize_image_vectorsCE5_vectors, codebook5); 

%reconstructs Wedge vectors using code book 
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quant_E5_vectors=double(reconstruct_vectors(E5_cluster_labels,codebook5)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors6 = codevectors(6); 

E6_vectors = image_vectors(:, E6); 

%select training set 

t6_vectors = E6_v; 

% create initial codebook 

%dim = xsize * ySize; 

'l.init_codebookS = rand (dim, codevectors6) *255; 

[p6. q6J = size(t6_vectors); 

steps6 = ceil(q6/codevectors6); 

init_codebook6 = t6_vectors(:. 1:steps6:q6); 

% codebook creation using c -means 

[U6,codebook6] = cmeans(t6_vectors,init_codebook6); 

% gives the cluster label for each E edge vector 

E6_cluster_labels = quantize_image_vectors(E6_vectors. codebook6); 

%reconstructs E edge vectors using codebook 

quant _E6_vectors = double(reconstruct_vectors(E6_cluster_labels. codebook6)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors7 = codevectors(7); 

E7_vectors = i mage_vectors(:. E7); 

%select training set 

t7_vectors = E7_v; 

%initial codebook creation 

%dim = xsize * ySize; 

%init _codebook7 = rand(dim. codevectors7) *255; 

[p7. q7J = size(t7_vectors); 



steps7 = ceil(q7/codevectors7); 

init_codebook7 = t7_vectors(:, 1:steps7:q7); 

% codebook creation using fuzzy c-means 

[U7,codebook7] = cmeans(t7_vectors,init_codebook7); 

'l. gives the cluster label for each SW edge vector 

E7_cluster_labels = quantize_image_vectors(E7_vectors, codebook7)j 

'l.reconstructs SW edge vectors using code book 

xuv 

quant_E7_vectors = double (reconstruct_vectors (E7_cluster_labels, codebook7)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors8 = codevectors(8); 

EB_vectors = image_vectors(: , £8); 

%select training set 

t8_vectors = Ea_v ; 

%dim = xsize * ysize; 

%init_codebookB = rand(dim , codevectors8)*255; 

[pB , qB] = size(tB_vectors); 

stepsB = ceil(qB/codevectorsB); 

init_codebookB = t8_vectors(:, 1:steps8:q8); 

I. code book creation using c-means 

[U8,codebook8] = cmeans(t8_vectors,init_codebook8); 

% gives the cluster label for each NE edge vector 

E8_cluster_labels = quantize_image_vectors(E8_vectors, codebook8); 

%reconstructs NE edge vectors using codebook 

quant_E8_vectors = double (reconstruct_vectors (EB_cluster_labels , codebook8))j 

1.*************************************************************************% 

1.***************************** Reconstruction ****************************1. 

% get reconstruced image block vectors 

[r,s] = size(image_vectors); 
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recon_i_vectors = zeros(r,s); 

recon_i_vectors(:. non_edge_blocks) = quant_oe_vectors; 

recon_i_vectors(:, E1)= quant_El_vectors; 

recon_i_vectors(:, E2) = quant_E2_vectors; 

recoD_i_vectors(:. £3)= quant_E3_vectors; 

recon_i_vectors(: J E4) = quant_E4_vectors; 

recoTI_i_vectorsC:. E5)= quant_E5_vectors; 

recon_i_vectors(:, E6)= quant_E6_vectors; 

recon_i_vectors(:. E7)= quant_E7_vectors; 

recon_i_vectors(:, £8)= quant_E8_vectors; 

% convert reconstructed image vectors to blocks then to the reconstructed 

XLV 

% image [reconstructed_image] = vectors2imageCrecon_i_vectors, test image , xsize); 

%*************************** Difference image***************************%%% 

[m,n] = size(reconstructed_image); 

diff_image = 255 - abs(testimage(l:m, l:n)-reconstructed_image); 

figure 0 

imagesc(diff_image, [0, 255]) 

colormap(gray) 

%****************** Error measures ***************************************% 

[MSE] = Error_Measures(testimage, reconstructed_image); 

[MSE1] 

[MSE2] 

[MSE3] 

[MSE4] 

[MSE5] 

[MSE6] 

[MSE7] 

[MSE8] 

[MSE9] 

Error_Measures (El_vectors. quant_El_vectors); 

Error_Measures(E2_vectors. quant_E2_vectors); 

Error_Measures(E3_vectors, quant_E3_vectors); 

Error_Measures (E4_vectors, quant_E4_vectors); 

Error_Measures (E5_vectors, quant_E5_vectors); 

Error_Measures (E6_vectors, quant_E6_vectors); 

Error_MeasuresCE7_vectors. quant_E7_vectors); 

Error_Measures (E8_vectors , quant_E8_vectors); 

Error_MeasuresCnon_edge_vectors. quant_ne _vectors); 
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MSE - [MSE1, MSE2, MSE3, MSE4, MSE5, MSE6, MSE7, MSE8, MSE9, MSE); 

return 

Edge separate LVQ 

function [reconstructed_image, MSE, sizeEs] = VQ_edges_sep_LVQ< testimage, trainimage, 

xsize, YSize,codevectors,threshold, Vthreshold, Np) 

% calculates the codebook using LVQ for 4 by 4 blocks 

% Inputs: image, xsize and ySize which give the block size, and the number 

'l. of codevectors used for the non edge and edge vectors and Np is the 

% minimum number of pixels needed classified as non edges and edges 

% Outputs : reconstructed image, the error measures given by the MSE and size of 

each 

% edge class 

% Difference image 

%Vthreshold - 130 % this threshold gives 

% classify each pixel 

[edge_array,rn, pixel_classes] = classifier(testimage, threshold); 

% convert pixel class array to block-vectors 

class_vectors = blocks2vectors(pixel_classes. xsize. ysize)j 

% convert image array to block-vectors 

image_vectors = blocks2vectors(testimage. xsize. ysize)j 

% classify each block as an edge or non-edge block 

[block_classes] = block_classifier(class_vectors, pcntO) j 

% check whether blocks have been correctly identified as edge blocks using 

% the variance and then get indices for edge and non -edge blocks 

% variance threshold (take block vectors with variance above vthreshold to 

% be true edge blocks and get new block classes 

block_classes, Vthreshold); length(non_edge_blocks); 

% Separte edge blocks to directions N. S. NW, SE. W. E. SW. NE 

[El, E2,E3, E4, E5, E6, E7, E8) - class_edge_blocks2( block_classes); 
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sizeEs=[length(El),length(E2) ,length(E3),length(E4),length(E5), 

length(E6),length(E7),length(EB)] ; 

sizeEs = [sizeEs, length(noD_edge_blocks)]; 

XLVII 

%******************classify pixels in training set ***********************% 

[El_v, E2_v, E3_v, E4_v, E5_v, E6_v, E7_v, EB_v, E9_v] = classify_train2(trainimage, 

threshold, Vthreshold , 4, 4, Np); 

%For quantization epochs = 70; 

% set number of iterations 

%exponent = 1.1; 

%******************* Quantization of non-edge blocks*********************% 

codevectorsNE = codevectors(9); 

non_edge_vectors = image_vectors(:, non_edge_blocks); 

%select training set 

t_vectors = £9_v; 

% create initial codebook (all codevectors on diagonal) 

[p, q] = size(t_vectors); 

steps = ceil(q/codevectorsNE); 

init_codebook = t _vectorsC:, l:steps:q); 

% codebook creation using LVQ 

[codebookJ = clusternet(t_vectors,init_codebook, 70,0); 

% gives the cluster label for each non-edge vector 

ne_cluster_labels = quantize_image_vectors(non_edge_vectors. codebook); 

%reconstructs non-edge vectors using codebook 

quant_ne_vectors = double(reconstruct_vectors(ne_cluster_labels. codebook)): 

%*************************************************************************% 

%*************************Quantization of edge blocks ********************% 

% North edges 

codevectorsl codevectors(1); 

E1 vectors image_vectors(; I El); 



'l.select training set 

tl_vectors = El_v; 

% create initial codebook 

[pl, qlJ = size(tl_vectors); 

stepsl = ceil(ql/codevectorsl); 

init_codebookl = tl_vectors(:, l:stepsl:ql); 

!. codebook creation using fuzzy c-means 

[codebookl] = clusternet(tl_vectors,init_codebookl, 70,0); 

% gives the cluster label for each north edge vector 

El _cluster_labels = quantize_image_vectorsCE1_vectors, codebookl); 

%reconstructs north vectors using code book 

)(L\1111 

quant_El_vectors = doubleCreconstruct_vectors(El_cluster_labels, codebookl)); 

%*************************************************************************% 

%*************************************************************************'l. 

codevectors2 = codevectors(2)j 

E2_vectors = image_vectors(:, E2); 

%select training set 

t2_vectors = E2_v; 

% create initial codebook 

%dim = xsize * ysizej 

%init_codebook2 = rand (dim , codevectors2) *255; 

[p2, q2J = size(t2_vectors); 

steps2 = ceil(q2/codevectors2); 

init_codebook2 = t2_vectors(:, 1:steps2:q2); 

% code book creation using LVQ 

[codebook2] = clusternet(t2_vectors,init_codebook2, 70, O)j 

% gives the cluster label for each south edge vector 

E2_cluster_labels = quantize_image_vectors(E2_vectors, codebook2); 

%reconstructs south edge vectors using code book 
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quant_E2_vectors = double (reconstruct_vectors CE2_cluster_labels , codebook2»; 

%*************************************************************************1. 

%*************************************************************************% 

codevectors3 = codevectors(3)j 

E3_vectors = image_vectors(:, E3); 

%select training set 

t3_vectors = E3_v; 

% create initial codebook 

%dim = xsize * YSize; 

%init_codebook3 = rand (dim, codevectors3)*255; 

[p3, q3J = size(t3_vectors); 

steps3 = ceil(q3/codevectors3); 

init_codebook3 = t3_vectors{:, 1:steps3:q3); 

% codebook creation using fuzzy c-means 

[codebook3] = clusternet {t3_vectors, init_codebook3, 70,0); 

% gives the cluster label for each NW edge vector 

E3_cluster_labels = quantize_image_vectors(E3_vectors, codebook3); 

%reconstructs NW edge vectors using code book 

quant_E3_vectors = double (reconstruct_vectors (E3_cluster_labels, codebook3)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors4 = codevectors(4); 

E4_vectors = image_vectors(:, E4); 

%select training set 

t4_vectors = E4_vj 

%initial codebook creation 

[p4, q4J = size(t4_vectors); 

steps4 = ceil(q4/codevectors4); 

init_codebook4 = t4_vectors(:, 1 :steps4 :q4) ; 
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'l. code book creation using fuzzy c-means 

[codebook4J = clusternet(t4_vectors , init_codebook4 , 70,0); 

/. gives the cluster label for each SE edge vector 

E4_cluster_labels = quantize_image_vectorsCE4_vectors. codebook4); 

%reconstructs SE edge vectors using codehook 

quant _E4_vectors = doubleCreconstruct_vectors(E4_cluster_labels, codehook4»; 

%*************************************************************************% 

%*************************************************************************% 

codevectors5 = codevectors(5); 

E5_vectors = image_vectors(:, E5); 

%select training set 

t5_vectors = E5_v; 

% create initial codebook 

[p5, q5J = size (t5_vectors) ; 

steps5 = ceil(q5!codevectors5); 

init_codebook5 = t5_vectors(:, 1:steps5:q5); 

'l. code book creation using fuzzy c-means 

[codebook5] = clusternet(t5_vectors,init_codebook5, 70,0); 

% gives the cluster label for each Wedge vector E5_cluster_labels 

quantize_image_vectors(E5_vectors, codebook5); 

%reconstructs Wedge vectors using codebook quant_E5_vectors 

double (reconstruct_vectors (E5_cluster_labels , codebookS)); 

'l.*************************************************************************% 

%*************************************************************************% 

codevectors6 = codevectors(6); 

E6_vectors = image_vectors(:, E6); 

%select training set 

t6_vectors = E6_v; 

% create initial codebook 

L 
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%dim = xsize * ySize; 

%init_codebook6 = rand (dim, codevectors6) *255; 

[p6, q6J ~ size(t6_vectors); 

steps6 = ceil(q6/codevectors6); 

init_codebook6 = t6_vectors{:, 1:steps6:q6); 

% codebook creation using LVQ 

[codebook6] = c!usternet(t6_vectors,init_codebook6, 70, 0); 

% gives the cluster label fo r each E edge vector 

E6_cluster_labels = quantize_image_vectorsCE6_vectors, codebook6); 

%reconstructs E edge vectors using codebook 

quant _E6_vectors = doubleCreconstruct_vectorsCE6_cluster_labels, codebook6)); 

%*************************************************************************% 

%*************************************************************************% 

codevectors7 = codevectors(7); 

E7_vectors = image_vectors(:, E7); 

%select training set 

t7_vectors = E7_v; 

%initial codebook creation 

%dim = xsize * ysize; 

%init _codebook7 = rand (dim, codevectors7) *255; 

[p7, q7J ~ size(t7_vectors); 

steps7 = ceil(q7/codevectors7); 

init_codebook7 = t7_vectors(:, 1:steps7:q7); 

% codebook creation using fuzzy c-means 

[codebook7J = clusternet(t7_vectors,init_codebook7, 70,0); 

% gives the cluster label for each SW edge vector 

E7_cluster_labels = quantize_image_vectors(E7_vectors, codebook7); 

%reconstructs SW edge vectors using codebook 

quant_E7_vectors = double (reconstruct_vectors (E7_cluster_labels , codebook7)); 

LI 



1.*************************************************************************% 

%*************************************************************************% 

codevectors8 = codevectors(8); 

E8_vectors = image_vectors(:, E8); 

%select training set 

t8_vectors = Ea_v; 

%dim = xsize * ysize; 

%init_codebookB = rand (dim, codevectors8) *255; 

[p8, q8J = size(t8_vectors); 

steps8 = ceil(q8/codevectors8); 

LII 

init_codebook8 = t8_vectors(:, 1:steps8:q8); 

% codebook creation using LVQ 

[codebookBJ = clusternet(tB_vectors,init_codebookB,70,O); 

% gives the cluster label for each NE edge vector 

E8_cluster_labels = quantize_image_vectorsCE8_vectors, codebook8); 

%reconstructs NE edge vectors using code book 

quant_Ea_vectors = doubleCreconstruct_vectorsCE8_cluster_labels. codebook8)); 

%*************************************************************************% 

%***************************** ReconstructioD ****************************% 

'l. get recoDstruced image block vectors 

[r. s] = size(image_vectors); 

recoD_i_vectors = zeros(r.s); 

recoD_i_vectors(:. DOD_edge_hlocks) = quant_De_vectors; 

recoD_i_vectors(:. El)= quant _El _vectors; 

recoD_i_vectors(:. E2)= quant_E2_vectors; 

recoD_i_vectors(:. E3)= quant_E3_vectors; 

recoD_i_vectors(: J E4)= quant_E4_vectors; 

recoD_i _vectors(:. E5)= quant_E5_vectors; 

recoD_i_vectors(:. E6)= quant_E6_vectors; 



Appendix B 

recon_i_vectors(;, £7)= quant_E7_vectors; 

recon_i_vectors(:. £8)= quant_E8_vectors; 

% convert reconstructed image vectors to blocks then to the reconstructed 

% image 

[reconstructed_image] = vectors2imageCrecon_i_vectors, testimage, xsize); 

%*************************** Difference image***************************%%% 

[m,n] = size(reconstructed_image); 

diff_image = 255 - abs(testimage(l:m, l:n) - reconstructed_image); 

figure () 

imagesc(diff_image, [0, 255]) 

colormap(gray) 

%****************** Error measures ***************************************% 

[MSE] = Error_Measures(testimage, reconstructed_image)j 

[MSE1] 

[MSE2] 

[MSE3] 

[MSE4] 

[MSE5] 

[MSE6] 

[MSE7] 

[MSEB] 

[MSE9] 

Error_MeasuresCE1_vectors, quant_El_vectors); 

Error_Measures (E2_vectors, quant_E2_vectors); 

Error_MeasuresCE3_vectors . quant_E3_vectors); 

Error_Measures (E4_vectors, quant_E4_vectors); 

Error_MeasuresCE5_vectors. quant_E5_vectors); 

Error_Measures(E6_vectors, quant_E6_vectors); 

Error_MeasuresCE7_vectors, quant_E7_vectors); 

Error_Measures (E8_vectors. quant_E8_vectors); 

Error_MeasuresCnon_edge_vectors. quant_ne_vectors); 

MSE = [MSE1, MSE2, MSE3, MSE4, MSE5, MSE6, MSE7, MSEB, MSE9, MSE]; 

Edge separation using cross validation on 5 images 

LIII 

function [quant_image. MSE, SNR. sizeEs] = VQ _edges_sep_LVQ_CC images, xsize, 

ysize ,codevectors ,threshol d, Vthreshold, Np) 

% performs CVQ with 5 images, using 5 fold cross validation 

trainimage(:,: ,i) [images(: ,:,2), images(: ,:,3), images(:,: ,4), images(: ,:,5)]; 

trainimage(:,: ,2) [images(:, :,1) , images(:, :,3), images(:, :,4), images(:, :,5)J; 



trainimage(:,: ,3) 

trainimage(:,: ,4) 

trainimage(:, :,5) 

for k~ 1: 5 
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[images (: , : ,0 , images( :, : ,2), 

[images ( : , : , 0 , images ( :.: , 2). 

[images ( : , : , 0 , images ( :. : ,2). 

images ( :, : ,4). 

images ( :, : ,3), 

images ( :,: ,3), 

[quant_image(:, : ,k), MSE(: ,k), SNR(: ,k), sizeEs(: ,k)] 

trainimage(:, : ,k), 4, 4,codevectors, 50 , 130, 10); 

k ~ k+1; 

end 

Edge separation using CM using 5 images 

function [quant_image, MSE, SNR, slzeEs] 

ysize,codevectors,threshold, Vthreshold, pentO) 

trainimage(:,: ,1) 

trainimage(:.: ,2) 

trainimage(:, :,3) 

trainimage(:, : ,4) 

trainimage(:,: ,5) 

for k~ 1: 5 

[images ( :,: ,2), 

[images(:,: ,0, 

[images ( :,: ,1), 

[images ( : , : ,0 , 

[images (:,: ,0, 

images (: , : .3) • 

images ( :,: ,3). 

images ( :.: ,2) . 

images(:,: ,2) J 

images(:,: ,2) , 

images ( :,: ,4). 

images(:.: ,4). 

images ( : , : ,4) , 

images(: , : ,3), 

images (: , : ,3) , 

[quant _image( :, :,k), MSE(:,k), SNR(:,k), sizeEs(:,k)] 

trainimage(:.: ,k), 4, 4,codevectors, 50, 130, 10); 

k ~ k+1; 

end 

Edge separation with FCM 

LIV 

images(:,: ,5)]; 

images(:,: ,5)]; 

images ( :,: ,4)] ; 

images ( :, : ,5)]; 

images ( :,: ,5)]; 

images ( : ,: ,5)]; 

images ( :,: ,5)]; 

images ( :,: ,4)]; 

function [quant_image, MSE, SNR, sizeEs] ~ VQ_edges_sep_NN( images, xsize, 

ysize,codevectors,threshold, Vthreshold. pentO) 

trainimage(:,: ,1) 

trainimage(:,: ,2) 

trainimage(:,: ,3) 

trainimage(:.: ,4) 

trainimage(:,: ,5) 

for k~ 1: 5 

[images ( :,: ,2), images(: J: ,3) J 

[images(:,: ,0, images(:.: ,3), 

[images ( :,: ,1), images ( : J : .2) . 

[images ( :,: ,1), images ( :.: ,2), 

[images(:,: ,0, images (: . : .2) , 

i mages(:,: ,4), images(:,: ,5)]; 

images(: J :,4), images(: J: ,5)] i 

images(:.: ,4). images ( : ,: ,5)]; 

images ( :,: ,3), images(:,: ,5)]; 

images(:.: ,3), images(:,: ,4)]; 
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[quant_image(: ,:, k), MSE(:,k), SNR(:,k), sizeEs(:,k)] 

trainimage(:,: ,k), 4, 4,codevectors, 50, 130, 10); 

k = k+1; 

end 

Fuzzy c-means 

function [quant _image, MSE, sizeEs] = VQ_fcm_eNC imagetest, image train , xsize, 

ysize,codevectors,threshold, Vthreshold, Np) 

% calculates the codebook using fuzzy cmeans 4 by 4 blocks 

% Inputs: image, xsize and ySize which give the block size, and the number 

% of codevectors used for the non edge and edge vectors and Np is the 

% percentage of pixels classified as non edges and edges in 8 directions 

% Outputs: reconstructed image, the error measures given by the MSE 

% Difference image 

%Vthreshold = 130 

% this threshold gives 

% classify each pixel 

[edge_array,m, pixel_classes] = classifier(imagetest, threshold); 

% convert pixel class array to block-vectors 

class_vectors = blocks2vectors (pixel_classes , xsize, ysize); 

% convert image array to block-vectors 

image_vectors = blocks2vectors(imagetest, xsize, ysize)i 

% classify each block as an edge or non-edge block 

[block_classes] = block_classifier(class_vectors, Np); 

% check whether blocks have been correctly identified as edge blocks using 

% the variance and then get indices for edge and non-edge blocks 

% variance threshold (take block vectors with variance above vthreshold to 

% be true edge blocks and get new block classes 

[edge_blocks, non_edge_blocks, block_classes] = edge_check(image_vectors, 

block_classes, Vthreshold); length(non_edge_blocks); 

% Separate edge blocks to directions N, S, NW, SE, W, E, SW, NE 
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[El, E2,E3, E4, E5, E6, E7, EB) = class_edge_blocks2( block_classes); 

sizeEs=[lengtb(El) ,length(E2) ,length(E3) ,length(E4) ,leng th(E5),length(E6), 

length(E7),length(EB») ; 

sizeEs = [sizeEs, length(non_edge_blocks)]; 

El vectors image_vectors(: . 

E2_vectors image_vectors(:, 

E3 vectors image_vectors(: . 

E4 vectors image_vectors(: , 

E5 vectors image_vectors(: . 

E6_vectors image_vectors(: • 

E7 vectors image_vectors(: . 

E8 vectors image_vectors(:, 

NE vectors image_vectors(:, 

%select training set 

t _vectors = imagetrain; 

El); 

E2); 

E3); 

E4); 

E5); 

E6); 

En; 

EB); 

non_edge_hlocks); 

% ********************create initial codebook****************************% 

ic = randel, codevectors)*25S; 

dim = xsize * ysize; 

init_codebook = repmat(ic, dim, 1); 

%**********************codebook creation ********************************% 

epochs = 70; 

% set number of iterations 

exponent = 1.1; 

% codebook creation using fuzzy c-means 

LVI 

[partmat,codebook] = fuzzy_cmeans_seq2(t_vectors , init_codebook,exponent , epoc hs); 

% ********************quantization using codebook*************************'l. 

% gives the cluster label for each image vector 

compressed_image_vectors = quantize _image_vectors(image_vectors, codebook); 

%fuzzy c-means 
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%********************reconstruction of compressed image*******************% 

quant_iMage_vectors = double(reconstruct_vectors(compressed_image_vectors, codebook)); 

quant_image_El 

quant_image_E2 

quant_image_E3 

quant _image_E4 

quant_image_E5 

quant_image_E6 

quant_image_E7 

quant_image_E8 

quant_image_NE 

quant_image_vectors(: . El); 

quant_image_vectors(: , E2); 

quant_image _vectors(: I E3); 

quant_image_vectors(: . E4); 

quant_image _vectors(: , E5); 

quant_image_vectors(: , E6); 

quant_image_vectors(: . E7) ; 

quant_image_vectors(:, E8); 

quant_image = vectors2imageCquant_image_vectors. imagetest, xsize); 

%*************************** Difference image*************************** %%% 

[m,n] ~ size(quant_image); 

diff_image ~ 255 - abs(imagetest(l:m, l:n) - quant_image); 

figure 0 

imagesc(diff_image, [0, 255]) 

colormap(gray) 

%****************** Error measures ***************************************% 

[MSE]= Error_Measures(imagetest. quant_image); 

[MSE1] Error_Measures (El_vectors , quant_image_El); 

[MSE2] Error_Measures (E2_vectors, quant_image_E2); 

[MSE3] Error_Measures (E3_vectors, quant _image_E3); 

[MSE4] Error_Measures (E4_vectors , quant _image_E4); 

[MSE5] Error_Measures(E5_vectors, quant_image_E5); 

[MSE6] Error_Measures (E6_vectors, quant_image_E6); 

[MSE7] Error_Measures (E7_vectors, quant_image_E7); 

[MSE8] Error_Measures (E8_vectors. quant_image_ES); 

[MSE9] Error_Measures (NE_vectors, quant_image_NE); 
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MSE = [MSE1, MSE2, MSE3, MSE4, MSE5, MSE6, MSE7, MSE8, MSE9, MSE]; 

return 

Fuzzy c-means for varying codebook sizes 

function [quant_image, MSE, SNR, sizeEs] = VQ_fcmN( imagetest,imagetrain, xsize, 

ysize,codevectors,threshold, Vthreshold, pentO) 

for k= 1: length(codevectors) 

[quant_image(:,: ,k), MSE(k, :), SNR(k, :), sizeEs(k, :)] = VQ_fcm_eN 

( imagetest,imagetrain, xsize, ysize,codevectors(k) ,threshold, Vthreshold, pentO); 

k k+l; 

end 

LVQ 

function [quant_image, MSE, SNR, sizeEs, codebook] = VQ_lvq_eN 

( imagetest, imagetrain, xsize, ysize,codevectors,threshold, Vthreshold, Np) 

% calculates the codebook using fuzzy cmeans for xsize by ysize blocks 

% Inputs: image, xsize and ysize which give the block size, and the number 

% of code vectors used for the non edge and edge vectors and Np is the 

% minimum number of pixels classified as non edges and edges in 8 directions 

% Outputs: reconstructed image. the error measures given by the MSE 

% Difference image 

'l.Vthreshold = 130 

% this threshold gives 

% classify each pixel 

'l.threshold = 30; 

[edge_array,m, pixel_classes] = classifier(imagetest. threshold); 

% convert pixel class array to block-vectors 

class vectors = blocks2vectors (pixel_classes , xsize, ysize); 

% convert image array to block-vectors 

image_vectors = blocks2vectors(imagetest, xsize, ysize); 

% classify each block as an edge or non-edge block 



[block_classes] : block_classifier(class_vectors, Np); 

% check whether blocks have been correctly identified as edge blocks using 

% the variance and then get indices for edge and non-edge blocks 

% variance threshold (take block vectors with variance above vthreshold to 

'l. be true edge blocks and get new block classes 

[edge_blocks, non_edge_blocks, block_classes] 

(image_vectors, block_classes, Vthreshold); 

length(non_edge_blocks); 

% Separate edge blocks to directions N, S, NW, SE, W. E, SW, NE 

[El, E2,E3, E4, E5, E6, E7, ES] = class_edge_blocks2( block_classes); 

sizeEs = length(El),length(E2),length(E3),length (E4),length(E5), 

length(E6) ,length(E7) ,1ength(ES)]; 

sizeEs = [sizeEs, length(non_edge_blocks)]; 

El vectors image_vectors(:, 

E2 vectors image_vectors(:, 

E3 vectors image_vectors(:, 

E4_vectors image_vectors(: , 

E5_vectors image_vectors(:, 

E6_vectors image_vectors(: , 

E7 vectors image_vectors(:, 

E8_vectors image_vectors(: , 

NE_vectors image_vectors(: , 

%select training set 

t_vectors = imagetrain; 

El); 

E2) ; 

E3); 

E4); 

E5); 

E6); 

E7); 

ES); 

non_edge_blocks); 

% ********************creat e initial codebook****************************% 

[p, q] = size(t_vectors); 

steps = ceil(q!codevectors(l)); 

init_codebook = t_vectors(:, l:steps:q); 

%**********************codebook creation ********************************% 

LIX 
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epochs = 70; 

% set number of iterations 

codebook = doubleCclusternet (t_vectors , init_codebook , epochs, 0»; 

% ********************quantization using codebook*************************% 

% gives the cluster label for each image vector 

compressed_iMage_vectors = quantize_image_vectorsCimage_vectors, codebook)j 

%fuzzy c-means 

LX 

%********************reconstruction of compressed image*******************% 

quant_iMage_vectors = double (reconstruct_vectors (compressed_image_vectors , codebook»; 

quant_image_El 

quant_image_E2 

quant_image_E3 

quant_image_E4 

quant_image_E5 

quant_image_E6 

quant_image_E7 

quant _image_Ea 

quant_image_NE 

quant_image_vectors(:, 

quant_image_vectors(:, 

quant_image_vectors(:, 

quant_image_vectors(: , 

quant_image_vectors(: , 

quant_image_vectors(: . 

quant_image_vectors(:. 

El); 

E2); 

E3); 

E4); 

E5); 

E6); 

En; 

quant_image = vectors2image(quant_image_vectors. imagetest, xsize); 

%*************************************************************************% 

%*************************** Difference image***************************%%% 

[m,n] = size(quant_image); 

diff_image = 255 - abs(imagetest(l:m, l:n)- quant_image); 

figure 0 

imagesc(diff_image, [0, 255]) 

colormap (gray) 

%****************** Error measures ***************************************% 

[MSE]= Error_Measures(imagetest. quant_image); 

[MSE1] = Error_Measures (El_vectors, quant_image_El); 
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[MSE2] Error_MeasuresCE2_vectors, quant_image_E2); 

[MSE3] Error_Measures (E3_vectors, quant _image _E3); 

[MSE4] Error_MeasuresCE4_vectors, quant_image_E4); 

[MSE5] Error_Measures (E5_vectors, quant_image_E5); 

[MSE6] Error_MeasuresCE6_vectors, quant_image_E6); 

[MSE7] Error_Measures CE7_vectors , quant_image_E7); 

[MSE8] Error_Measures CE8_vectors , quant_image_E8); 

[MSE9] Error_Measures (NE_vectors, quant_image_NE); 

MSE = [MSE1, MSE2, MSE3, MSE4, MSE5, MSE6, MSE7, MSE8, MSE9 , MSE] ; 

return 

LVQ for varying codebook sizes 

function [quant_image , MSE, SNR, sizeEs] = VQ_lvqN( imagetest , image train , 

xsize, ysize ,codevectors ,threshold, Vthreshold, Np) 

for k= 1: length(codeve ctor s) 

[quant _image(:,:,k), MSE(k, :), SNR(k, :), sizeEs(k,:) ] = VQ_lvq_eN 

imagetest,imagetrain, xsize, ysize,codevectors(k),threshold, Vthreshold, Np); 

k k+l; 

end 

' . , 

'L:' 


