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ABSTRACT 

Digital image compression techniques are currently experiencing significant growth 

due to diverse applications demanding efficient storage and transmission of increasing 

image data contents. These compression techniques involve representation of an image 

with reduced number of bits pdr pixel by exploiting the redundancy in data present within 

an image. In lossy^ compression, information theory predicts that the performance of 

vector quantization (VQ) is superior to that obtained using scalar quantization (SQ) in 

optimizing the rate distortion fimction. In practice, however, the existing VQ algorithms 

suffer from a number of serious problems, e.g., long search process, codebook 

initialization and getting trapped in local minima. This research develops an adaptive 

vector quantization technique for generating an optimal codebook by employing a neuro-

fuzzy clustering approach to ensure minimum distortion. 

In addition, a multiresolution decomposition of an image is used as a pre

processing stage for transforming the image into a form that is more suitable for 

quantization, coding and progressive transmission. The multiresolution wavelet 

decomposition of an image is performed using Daubechies coefficients prior to vector 

quantization and a multiresolution codebook scheme is used for quantizing the sub-images 

at different resolutions. This integrated approach of adaptive vector quantization with 

wavelet based pyramid image decomposition aids in significant facilitation of the 

compression and coding processes thereby allowing higher compression ratios with 

acceptable visual quality. 

Experimental results of this new approach show significant improvement in 

performance as compared to a variable block size vector quantization (VBQ). The 

superior performance of this integrated algorithm has been validated by applying it to 

several classes of images and comparing the performance in terms of mean-squared error 

(MSB), peak-signal-to-noise-ratio (PSNR), bit rates and visual fidelity. 
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CHAPTER I 

INTRODUCTION 

Image compression^ forms the backbone for several applications like storage of 

medical images in a database, picture archiving, TV transmission, video conferencing and 

facsimile transmission. Compression of images involves taking advantage of the 

redundancy in data present within an image. A fiindamental goal of data compression is to 

reduce the bit rate for transmission and storage while maintaining an acceptable fidelity or 

image quality. According to information theory, vector quantization (VQ) is considered 

to be superior to scalar quantization (SQ) in optimizing the rate distortion function and 

has been extensively investigated for image and speech signals. Existing VQ algorithms, 

however, suffer from a number of practical problems like codebook initialization, long 

search process, and getting trapped in local minima. The goal of the proposed research is 

to develop an algorithm free from the existing weaknesses and one that can generate a 

globally optimum codebook, i.e., generate a codebook which results in minimum 

distortion for a fixed number of codevectors Â . The number of codevectors Â  in a 

codebook determines the number of bits required to represent each pixel in the image and 

thereby the desired compression ratios. 

Information in its various forms needs to be stored and transmitted in an efficient 

manner for any application. The demand for developing algorithms for handling large 

volumes of information is increasing tremendously. Specifically in the field of Digital 

Image Processing, the need to store and transmit digital images is unavoidable. However, 

the large number of bits required to represent each pixel in a digital image, and the large 

number of pixels present in each image, pose a critical problem. Image Compression, 

which is the field dealing with efficient coding of image data, aims at reducing the number 

of bits to represent an image. This is usually done by exploiting the psychovisual 

sensitivity as well as statistical redundancies in the image data. Any lossy compression 

technique involves quantization of the data where loss of information occurs. Scalar or 

vector quantization may be used for this purpose based on the nature of the problem. 



There are many approaches to image compression, but they can be characterized broadly 

as predictive and transform coding each of which can be designed to be either lossy or 

lossless. This study concentrates on a hybrid lossy compression while minimizing the 

degradation in the reconstructed image. Due to the trade-off between compression and 

distortion, the goal of this investigation is to obtain high compression with minimum 

distortion. 

Any image compression technique can be modeled to be a three-stage process 

consisting of signal transformation, quantization and lossless coding as shown in Figure 

1.1. The first stage of signal mapping converts an image fi"om its original form to a 

different domain in which the signal is better prepared for the second stage. This stage 

may or may not reduce any data and usually does not introduce any information loss. Its 

purpose is to map the original image into another domain, usually a transform domain, in 

which the data becomes compact and more structured. In other words, the objective of 

this stage is to convert the image into a form such that quantization performance can be 

optimized. The second stage involves the process of quantizing the transformed image, 

usually employing scalar or vector quantization techniques. Since this is the stage where 

most of compression is achieved and loss of information occurs, it is the central stage of 

any con^ression technique. The third stage involves lossless coding that generates the 

compressed bit stream. Usually Huffrnan and run-length coding techniques are used for 

this purpose. 

For the transformation stage described above, multiresolution decomposition of 

the image is a suitable tool. This technique usually aids in representing a higher resolution 

image in the form of an image at a lower resolution and an error image. The lower 

resolution image and the error image can be combined in a suitable manner to get back the 

original image. This process of decomposing the image helps in better representing an 

image for achieving compression. It is primarily performed to reduce the dynamic range 

of the signal, to eliminate redundant information, or to provide a representation that can 

be coded more efficiently. 



Image 

Signal Transformation 

Quantization 

Lossless Coding 

Bit Stream 

Figure 1.1 Model of a three-stage compression technique 



Multiresolution representation of an image helps in better analyzing the 

information content of the image. Multiresolution decomposition of an image can be used 

as a pre-processing stage capable of transforming the image into a form more suitable for 

vector quantization. This scheme helps in analyzing the image at different scales to study 

the global and local features present in the image. We have used the wavelet transform^"^ 

for this purpose. Multiresolution wavelet decomposition of the image is performed using 

DAUB4 coefficients prior to vector quantization and a multiresolution codebook scheme 

is used in conjunction. This scheme better facilitates the compression and coding 

processes thereby allowing higher compression ratios. 

Block based coding techniques like JPEG are popular among image compression 

techniques. However, these block based schemes tend to introduce blocking artifacts in 

the compressed image. A variable block size coding method combined with 

multiresolution pyramidal decomposition solves this problem by dividing the low 

resolution error images into smaller blocks as compared to the higher resolution error 

images. This process is similar to low-pass filtering and helps in preserving global features 

or low fi-equency information present in images. However, while compressing images 

where the high-frequency edge information is of significance, the reverse procedure is 

adopted. In such applications, the low resolution error subimages are quantized more 

coarsely as compared to the high resolution images in order to retain the high-fi-equency 

information. 

An integration of self-organizing neural network clustering with a new fuzzy 

distortion measure provides an adaptive approach to clustering. This neuro-fuzzy 

adaptive clustering technique is used for optimizing the process of codebook generation. 

The fuzzy centroid and membership updating rules aid in better identifying the 

codevectors such that minimum distortion is obtained. Besides, this approach does not 

require the codebook size as a priori information. A new vigilance criterion determines 

the most approximate codevector that represents a given vector or block in an image. 

This integrated clustering approach for codebook generation takes advantage of adaptive 

self-organizing neural network architecture as well as fuzzy distortion measure to 



eliminate the necessity to analyze the information content of each sub-image, and the need 

to assign the codebook size a priori. This work concentrates on developing a novel 

algorithm for vector quantization using two adaptive self-organizing neural networks with 

fuzzy logic embedded, on-line learning schemes. 

The third stage of lossless coding concentrates on developing a technique for 

encoding discrete data into variable length codewords in an invertible fashion. This coding 

technique is commonly called entropy coding. It is also referred to as noiseless coding or 

lossless coding. The goal of lossless coding is to reduce the average number of symbols 

sent while suffering no loss of fidelity. A classical example is the Morse code where short 

binary codewords are used for more probable letters and long codewords for less probable 

letters. A more recent example is the run-length code used to code sources which tend to 

repeat symbols for long periods of time. One means of communication is to sequentially 

send a symbol followed by the number of its repetitions, the run-length. Three of the most 

popular techniques for entropy coding are Huffman coding, arithmetic coding and Ziv-

Lempel coding. 

This work focuses on developing a hybrid scheme for image compression, 

integrating the benefits of multiresolution pyramidal decomposition, adaptive neuro-flizzy 

clustering and variable block based coding. The resulting algorithm aims at solving some 

of the inherent drawbacks present among traditional vector quantization techniques. This 

dissertation is organized as follows. Chapter II describes the quantization techniques that 

are generally adopted for lossy signal or image compression, scalar and vector 

quantization. Chapter in presents multiresolution representation and decomposition of 

images and the various techniques used for the purpose. Chapter IV introduces the 

wavelet theory from the concepts of Fourier transform and describes its usage in 

multiresolution representation of images. Chapter V gives a brief description of adaptive 

clustering and discusses two neuro-fiizzy clustering techniques, integrated adaptive fuzzy 

clustering (LAFC) and adaptive fuzzy leader clustering (AFLC), and their similarities and 

differences. The actual proposed adaptive clustering algorithm developed for codebook 

generation in vector quantization of multiresolution wavelet decomposed image pyramid is 



described in Chapter VI. The test results obtained from applying the algorithm to several 

image classes are presented in Chapter VQ. Finally, Chapter VHI gives a brief description 

of the conclusions and the scope for future work. 



CHAPTER II 

QUANTIZATION FOR LOSSY COMPRESSION 

Compression techniques can be broadly categorized into lossless and lossy 

techniques. The basic differences between lossless and lossy techniques are due to the 

absence/presence of degradation in image quality, high/loss con^ression ratios, and 

inclusion/omission of the quantization process. The simplest approach to lossless or error 

free compression is to reduce coding redundancy. To do so requires assigning the shortest 

possible codewords to the most probable grey levels. Table 2.1 encapsulates the 

differences between lossy and lossless compression schemes and gives some popular 

examples for both techniques. 

In several applications, error-free or lossless compression is the only acceptable 

means of reducing the storage requirements. Some specific medical and business 

documents fall into this category. These techniques are based on devising alternate 

representation of the image in which the interpixel redundancies are reduced and coding 

the transformed image to eliminate coding redundancies. Usually, compression ratios of 2 

to 10 are obtained using lossless compression techniques. Huffrnan coding, arithmetic 

coding, run-length coding and bit-plane coding are some well-known examples. Huffrnan 

coding is based on constructing a variable length code that assigns the shortest possible 

codewords to the most probable gray levels. Arithmetic coding too is a variable length 

coding technique but a one-to-one correspondence between source symbols and code 

words does not exist. Instead, an entire sequence of symbols is represented by a single 

arithmetic code word. In bit-plane coding, a multilevel image is decomposed into a series 

of binary images and each binary image is compressed using any of the binary compression 

methods. Run-length coding involves representing the pixels in a row by a sequence of 

lengths that describe successive runs of zeros and ones in a binary image. In gray level 

images, the image is divided into bit planes and run-length coding is performed on each bit 

plane. Run-length coding is usually combined with Huf&nan or any other variable coding 

technique to achieve higher compression. 



Table 2.1 Comparison of lossy and lossless compression schemes 

Lossy Lossless 
Involves quantization No quantization 

Distortion in image quality No distortion 

High compression ratio Lower compression ratio 

Examples: 
predictive coding 
transform coding 
block truncation coding 
subband coding 
scalar or vector quantization 

Examples: 
arithmetic coding 
run-length coding 
Huffman coding 
Ziv-Lempel coding 
bit-plane encoding 



Lossy compression is based on the concept of compromising the accuracy of the 

reconstructed image to obtain high compression ratios. In lossy compression schemes, 

degradations are allowed in the reconstructed image to achieve a reduction in bit rate as 

compared to lossless schemes. These degradations in image quality may or may not be 

apparent to the human eye based on the nature of degradation introduced into the 

reconstructed image. The primary difference between lossy and lossless compression 

techniques is the inclusion or the omission of the quantization process. Quantization is 

done to reduce the number of possible output symbols. The type and extent of 

quantization determine the bit rate and quality of the lossy scheme. Besides, another 

important requirement is that the quantization process should be performed in such a way 

that the resulting output sequence can be subsequently encoded in an efficient manner. 

The choice of a lossy compression technique for a particular application depends on many 

factors. Some of the factors that have to be considered while choosing a lossy 

compression algorithm^ are given below. 

a. Sensitivity to input images, 

b. Operational bit rate, 

c. Constant bit rate vs. constant quality, 

d. Encoder/decoder asymmetry, 

e. Channel implementation issues, 

f. Error tolerance, 

g. Artifacts, 

h. Effect of multiple coding, 

i. Progressive transmission capability, 

j . System compatibility. 

A number of different approaches exist for performing lossy coding. Some of the 

more popular techniques include predictive coding, transform coding, block truncation 

coding, subband coding, and scalar or vector quantization. Each implementation provides 

relatively high performance within its scope. The reconstructed image quality can be 

evaluated using the mean-squared error (MSE), the normalized mean-squared error 
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(NMSE) and peak signal-to-noise ratio (PSNR) as error metrics. These error metrics do 

not always correlate well with perceived image quality, although they provide statistical 

measures of relative quality. Denoting the original NxN image gray level matrix b y / and 

the corresponding reconstructed image matrix by f, MSE and NMSE are given by 

^^SE=^Y,^[f(i,j)-f{ij)]\ and (2.1) 
i=0 7=0 

— / \ i 2 

NMSE= TT^ZE J • (2.2) 
/V ,=0 j=0 / „ max 

The related measure of PSNR (in dB) is computed using 

( 1 ^ PSNR = 10 log,. 
^'\NMSE) 

(2.3) 

for an 8-bit gray level image It is also common to use the root-mean-squared error 

(RMSE) which is defined to be the square root of MSE. The bit per pixel (bpp) value and 

compression ratio (CR) are calculated as follows. 

Number of bits required to represent the image 
bpp = r;^—r r . 1 • ,1 • ' and (2.4) 

Number of pixels in the image 

Number of bits for original image 

Number of bits for compressed image 

Quantization is done based on codebook generation, where codebooks are 

typically generated by using a training set of images that are representative of the images 

to be encoded. This approach has the advantage of not requiring any information about 

the underlying image statistics. To encode any image, the optimal codebook would be 

10 



generated using the original image itself as the training set. Such a codebook is called a 

local codebook and usually results in lesser degradation of the reconstructed image. 

However, this scheme is more computationally intensive and involves the transmission of 

the local codebook to the receiver as overhead information. In contrast, the global 

codebook is generated using a set of images as training set and is available both at the 

transmitter and receiver ends. If the images to be coded differ significantly from those 

used in generating the global codebook, the performance may be substantially degraded 

compared to a local codebook, especially if a small training set has been used. In this 

chapter we shall concentrate on two quantization techniques, namely scalar and vector 

quantization. Both these techniques can be used in conjunction with a suitable lossless 

coding scheme. Usually, the quantized image is then encoded using run-length, arithmetic 

or Huffman coding. 

2.1 Subband Coding 

Subband coding (SBC) involves filtering of an image to create a set of images 

called subbands, each of which contain a limited range of spatial frequencies. Since each 

subband has a reduced bandwidth, it can be downsampled. This process of filtering and 

subsampling is called the analysis stage. The subbands can then be encoded using different 

coding techniques. Reconstruction is achieved by means of synthesis involving the 

upsampling of the decoded subbands, applying the appropriate filters, and adding the 

reconstructed subbands together. It is to be noted that the generation of subbands does 

not create any compression, however it enables the subbands to be encoded more 

efficiently as compared to the original image. A block diagram for a 1-D, two-band 

subband coding system is shown in Figure 2.1. 

Aliasing effects in subband filters can be reduced by using quadrature mirror 

filters^ (QMF). A large class of QMF subband coders can be considered to be a class of 

wavelet transform coders. Subband coding^ has been used for some time in speech coding 

and wideband audio compression for the MPEG standard. It can be readily 

11 
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Figure 2.1 One-dimensional two-band subband coding system 
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generalized to multidimensional signals for use in image and video coding. Very often, 

separable subband filters are used where the 2-D transfer function has the form, 

Gmn(fl,f2) = Hm(fl)Hn(f2). (2.3) 

The simplest case of practical interest is the four-band decomposition where the 

component 1-D filters consist of a low-pass and a high-pass filter each covering half the 

frequency range. 

2.2 Scalar quantization 

Quantization is the basis of analog-to-digital conversion. In its simplest form, 

scalar quantization can be defined as the mapping of any point from the real line R to an 

output set or codebook C. 

C= {yhy2, --..yN} <=/? 

A quantizer observes a single number and selects the nearest approximating value from a 

predetermined finite set of allowed numerical values called the codebook. The output 

values yi, are sometimes referred to as output levels, or codevectors or reproduction 

values. Here, the number of codevectors N is finite, therefore a finite number of binary 

bits m is sufficient to specify any output value, where 2'" = N. Associated with every A'̂  

point quantizer is a partition of the real line R into Â  cells or bins /?,, for i = 1,2, ..., Â . 

Any point in the image domain is usually represented by the bin number which correspond 

to the mid-value of the bin. At the receiver, the codebook index values are decoded and 

substituted by the actual mid-value of the bin. 

The basic design algorithm was first described by Lloyd and is called the Lloyd I 

algorithm^ to distinguish it from a second algorithm also introduced by him. This 

algorithm has been widely used for the design of quantizers. Essentially the same 

algorithm is a commonly used procedure in the design of pattern recognition systems. 

This approach assumes that the input pdf is known in order to compute the centroids. In 
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cases where the analytical description of the input pdf is not available, a sample 

distribution based on empirical observations is used instead to generate the codebook. 

2.3 Vector quantization 

Vector quantization is a generalization of scalar quantization to the quantization of 

a vector. Quantization when performed in multiple dimensions provides scope for a 

number of new concepts, techniques and applications. Vector quantization is used with 

digital signal processing where the input signal has some form of digital representation and 

the desired output is a compressed version of the original signal.*'̂  According to 

Shannon's rate-distortion theory, a better performance is always achievable in theory by 

coding vectors instead of scalars, even though the data source is memoryless. The switch 

from one to two dimensions allows a variety of new ideas and concepts, and techniques 

that do not have a counterpart in the simple case of scalar quantization. Scalar 

quantization can be considered to be a special case of VQ. Vector quantization can be 

assumed to be a kind of pattern recognition where an input pattern is represented by 

approximating it with one of a predetermined set of standard patterns. It can also be 

viewed as a front end to a variety of complex signal processing tasks as a complexity 

reducing technique. The reduction in bits can simplify subsequent computations. 

Vector quantization is the process of dividing the original image into blocks of size 

/ X m, where the / x m block of pixels can be ordered to form an n ( = / x m ) dimensional 

vector. A local codebook C ={ x i, X2, •••, ^N} of a fixed size, having Â  codevectors of the 

same dimension n, is generated using all the vectors present in the image. Each vector X 

in the image is represented by its best match from the codebook Xk such that minimum 

distortion occurs, i.e., 

D{X, XY) < D(X, Xi), for / = 1, 2, Â, 

where D is chosen distortion measure. Usually, the mean-squared error (MSE) is chosen 

as the measure for distortion due to its computational simplicity, though it does not 
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correlate much with the visual quality of the image. Figure 2.2 shows a simple block 

diagram of the VQ system. 

The design of optimal vector quantizers were proposed and extensively studied by 

Linde, Buzo, and Gray using a clustering approach, and is referred to as the LBG 

algorithm. This algorithm is a generalization of the Lloyd-Max algorithm for scalar 

quantization. The LBG algorithm and other variations of this algorithm are based upon 

minimizing a distortion measure which represents the penalty or cost associated with the 

mapping. The LBG algorithm only guarantees a locally optimum codebook, and generally 

numerous local optima will exist. Many of these might yield poor performance and hence, 

choosing an initial codebook is a very important part of this algorithm. 

Another problem with VQ is that a large effort is required by the encoder to 

search the whole codebook in order to identify the nearest matching vector template to an 

input vector. A tree-searched (TSVQ) encoder was proposed which searches a sequence 

of small codebooks instead of one large codebook. The disadvantage of the TSVQ 

system is that the codebook storage requirement is greater than that of full-search VQ, 

and the codewords selected are not optimum in the sense of minimizing the distortion. In 

classified vector quantization (CVQ), a number of different codebooks are generated, each 

designed to encode a particular kind of feature, e.g., a horizontal edge, a vertical edge, or 

uniform area. A classifier is used to differentiate between different type of features and 

the corresponding codebook is determined. This algorithm is based on the rationale that 

numerous smaller codebooks each specific to a certain kind of vectors can provide better 

quality with lower search complexity as compared to a single larger codebook. In this 

work, an adaptive neuro-fuzzy classifier is used to classify the image vectors and generate 

an optimal codebook 

Spatial vector quantizers have been found to be advantageous over transform VQ 

systems due to the simplicity of the decoder which is just a lookup table. An adaptive 

transform coding system was proposed by Nasrabadi^ where several codebooks of 

different vector lengths were employed . The adaptivity was achieved by varying the 
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Figure 2.2 Block diagram of VQ 
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vector mapping window in accordance with the statistical variation described by the 

Euclidean distance. 
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CHAPTER m 

MULTIRESOLUTION DECOMPOSITION OF SIGNALS 

Multiresolution representations are very effective for analyzing the information 

content as well as for progressive transmission of images. A multiresolution 

decomposition enables us to have a scale-invariant interpretation of the image. It provides 

a hierarchical framework for interpreting the image information. At different resolutions, 

the details of an image characterize different physical structures of the scene. The human 

visual system (HVS) responds differently to different frequencies. It has been reported 

that the HVS inherently performs multiresolution signal decomposition. This study 

stimulated interest in multiresolution signal or image decomposition. Besides, the uneven 

distribution of signal energy in the frequency domain has made signal decomposition an 

important research area. 

Multiresolution decomposition techniques have several applications like visual 

signal processing and lossy coding applications. Using pyramidal implementations for 

computing the signal details at different resolutions is a popular technique, especially for 

pattern recognition algorithms. Multiresolution decomposition aids in progressive 

improvement of the signal quality in visual applications. Subband decomposition, 

Laplacian of Gaussian (LoG), multiscale morphology and wavelet transform operators are 

various techniques used for multiresolution image or signal decomposition and 

representation. 

Subband decomposition divides the signal frequency into uncorrelated frequency 

subbands and encodes each subband based on its signal energy. Laplacian pyramidal 

decomposition decomposes the signal into different resolutions using linear low-pass 

filters, using an analysis-synthesis structure. Morphological pyramid decomposition -

decomposes the signal based on minimization of entropy of the error pyramid, using 

nonlinear morphological filters. The wavelet transform uses a set of linear quadrature 

mirror filters (QMF) to decompose the signal or image. The morphological filters are 

nonlinear operators whereas LoG and wavelet operators are linear. 
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The basic concepts of pyramidal image decomposition, in general, can be 

expressed mathematically as a sequence of image [(k)] transformations such that 

/(/:+!)= \^ {u,k){I(k)}, for k = 0,l,...,N-l, (3.1) 

and the image pyramid (P) is given by the sequence 

P(r) = {m,k = 0,l,...,N}. (3.2) 

The transformation \|/ may assume any form For image compression, the error pyramid 

is defined by another sequence of transformation such that 

I (k) = \\f (d,k) { I{k+l) } = \\f (d,k) { \\f i u,k) { I(k) }}Jor k = 0,l,..., N-l. (3.3) 

Therefore the error image 

E{I,k) = I(k)-i (k), fork = 0,l,...,N-\. (3.4) 

Lossless reconstruction can be achieved by allowing 

I(k) = E(I,k)+ \\f(d,k){Iik+l)}JoTk= N-l,N-2,...,0. (3.5) 

3.1 Laplacian of Gaussian 

The Laplacian of Gaussian (LoG) pyramid coding technique combines features of 

both predictive and transform coding methods. This pyramid coding technique uses the 

hierarchical discrete correlation (HDC) method which is computationally efficient as 

compared to direct correlation or correlation computed in the frequency domain using the 

fast Fourier transform (FFT). Laplacian-like operators are said to be band-limited since 

they respond to details of the image which contain a limited range of specific frequencies. 

The band limited Laplaciein may be formally defined as the Laplacian of a Gaussian, V^G, 
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but the result can be approximated as the difference between two Gaussian functions 

which have different standard deviations. 

The Laplacian of Gaussian pyramid is a data structure in which the input is 

represented at successively reduced resolutions. This method has many attractive features 

for image processing. The pyramid represents an image as a series of quasi-bandpassed 

images, each sampled at successively sparser densities. The resulting code, which form a 

self-similar structure, is localized in both space and spatial frequency. It should also be 

noted that the Laplacian of Gaussian pyramid code is very well suited for progressive 

transmission. 

3.2 Mathematical Morphology 

Mathematical morphology is based upon a set theoretic approach for analysis of a 

binary or gray scale image in terms of some predetermined geometric shape known as a 

structuring element. Morphological operations can be used for several purposes, including 

edge detection, segmentation, and enhancement of images. ̂ "̂  From the underlying 

morphological operations, an entire class of nonlinear filters can be constructed that can be 

used in place of standard linear filters. Unlike linear filters morphological filters tend to 

preserve the geometric form of an image without distorting it. 

Several multiscale image analysis techniques based on morphological filters have 

been used in the past to obtain multiresolution pyramid decomposition. The lossy 

compression schemes based on morphological decomposition techniques effectively 

simplify the sub-images in accordance with the nonlinear morphological filtering as against 

linear filtering implicitly used in LoG decomposition. Morphology based pyramid 

decomposition was first proposed by Heijmans and Toet in the HT algorithm. The images 

simplified with the HT algorithm have been proven to have better visual quality but lower 

entropy than those simplified with LoG technique. Unlike the rest of the pyramid 

decomposition schemes, the error images obtained with HT decomposition algorithm do 

not contain negative intensities. 
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The nonlinear morphological filtering operations sin^lify images by modifying fine 

geometrical details with specific elementary forms known as structuring elements. 

Traditional linear low pass filtering, spatial averaging, and nonlinear median filtering used 

to remove noise result in blurring the image. Specially designed connectivity preserving 

morphological filters have been recently used to remove speckle noise from images very 

effectively. Multiresolution morphological pyramid decomposition can be designed to 

yield an optimal image predictor with inherent con^utational simplicity. The visual 

fidelity of the reconstructed image can be drastically improved by developing a predictor 

for the first error image which is usually discarded in most algorithms. Vector 

quantization of the first error image, however, allows one to achieve much higher 

compression ratio than the predictor scheme and the resulting reconstruction exhibits high 

fidelity from the criteria of MSE, PSNR, and entropy. ̂ ^ In general, morphological 

pyramid decomposition forms a useful tool in image compression due to its low 

computational complexity, and simple implementation. 

3.3 Wavelet Transform 

Image representation using multiresolution techniques provides a global 

perspective of the image by examining the image at different resolutions. The lower 

resolutions provide information regarding the global features of the image and the higher 

resolutions give the local features or finer details. The wavelet transform is used to obtain 

a set of biorthogonal sub-classes of images. Decomposing an image using the wavelet 

transform results in a smooth image and three detail or error images having different 

orientations. The smooth image is half the size of the original image since every other 

pixel has been removed in the transformation. The three detail images contain the vertical, 

horizontal and diagonal high frequency components. The smooth image and the detail 

images together have the same size as the original image and can be used to exactly 

reconstruct the original image. This process can be repeated several times until the image 

cannot be ftirther decomposed, i.e., size of the image is 4 x 4, Figure 3.1, where Di are the 

first level detail or error sub-images, D2 are the second level error sub-images and L2 is the 
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Figure 3.1 Two-dimensional wavelet decomposition of an image 
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second level smooth or low-pass image. Figure 3.2 shows the multiresolution wavelet 

decomposition^^ of the standard 'Lena' image for two resolutions. 

Multiresolution wavelet decomposition does not change the size of the image, but 

it makes the image more suitable for compression as it now has one smooth or low-pass 

image of a much smaller size and several error sub-images which can be represented by 

lesser bits. Quantizing these error images using either scalar or vector quantization results 

in the ability to represent each pixel with a reduced bits per pixel rate. Hence, wavelet 

decomposition can be considered to be a signal processing stage which comes prior to 

quantization that puts the image in a form that is better suited for quantization. In certain 

cases, the first level error sub-images can be ignored without much loss in information. 

Efficient quantization and coding of the error sub-images helps in attaining high 

compression ratios after reconstruction. 
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Figure 3.2 Wavelet decomposition of 'Lena' image 
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CHAPTER IV 

WAVELET THEORY 

Signal decomposition and spectral analysis are areas with widespread applications 

in the field of signal processing. Wavelets^^ are relatively new in the field of signal 

decoiiq)osition and offer a flexible tool to perform multiresolution signal decomposition. 

The wavelet transform is a technique capable of splitting a function into different 

frequency components such that each component can be studied at a resolution that 

matches its scale. Thus it can be said that the wavelet transform provides a tool for time-

frequency localization, ̂ '̂̂  which inplies that an event stays connected to the time when it 

occurs. This chapter aims at providing an introduction to the wavelet theory background 

required for the proper understanding of subsequent chapters. We start with the 

continuous-time Fourier transform and series and extend it to the continuous-time wavelet 

transform and series. The discretization of the wavelet transform was described by 

Daubechies. Daubechies designed a family of wavelet filters and showed that the practical 

implementation of the discrete wavelet transform is similar to the subband coding scheme. 

The difference between the two coding schemes lies in the design of the filters and their 

characteristics. The popularity of wavelets increased after Mallat̂ ^ introduced the concept 

of multiresolution analysis, which he applied to image coding. 

4.1 The Continuos-Time Wavelet Transform 

The Fourier analysis decomposes a signal into its frequency conponents and 

determines their relative strengths. We define the Fourier transform as: 
oo 

F(co)= jf(t)e-J"'dt. (4.1) 

It can be observed from the above equation that the Fourier transform is not capable of 

representing the time-local properties of the signal/(r). This drawback can be eliminated 

by using the short-time Fourier transform (STFT) which is nothing but a windowed 

Fourier transform defined as: 
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oo 

F(co,T)= jf(t)g*(t-T)e-^-dt. (4.2) 

The window g(t) is usually a Gaussian function and the transform is then called a Gabor 

transform The basis functions of this transform are generated by modulation and 

translation of the window function g(t), where co and x are modulation and translation 

parameters respectively. The fixed time window g(t) is the limitation of STFT since it 

causes a fixed time-frequency resolution. The continuos-time wavelet transform solves 

this problem by using the scaling property which demonstrates that the contraction in one 

domain causes a dilation in the other. This provides the foundation for a nonuniform 

"tiling" of the time-frequency plane utilized in the wavelet transform theory. Just as the 

Fourier transform uses sinusoidal wave fiinctions as basis functions, the wavelet transform 

makes use of short wavelets that start and stop as basis functions. Some examples of 

wavelet basis functions are the Haar function, the Mexican hat function and the 

Daubechies function. 

The wavelet family is defined by scale and shift parameters, b as: 

Vab(t) = - ^ ¥ [ ^ ^ ^ — I (4.3) 

va V a y 

where the transform kernel \\f(t) known as the mother wavelet, is a zero-mean band-pass 

function. Wavelets are based on translation and dilation of the mother wavelet. The 
wavelet transform of a given function/(r) can be now defined as: 

oo 

W(a,b)=Jv^(t)f(t)dt. (4.4) 
OO 

The wavelet transform is called continuous if the scaling and translation parameters a and 

b are continuous. 
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4.2 The Discrete-Time Wavelet Transform 

In most of our applications the signal that we wish to transform is not continuos 

but is discrete in nature. Therefore, we are interested in the discrete version of the 

wavelet transform In practical applications, the discrete-time wavelet transform has to be 

applied to discrete signals which have finite length. The discrete wavelet transform 

transforms a signal to another signal of the same length. 

The basic idea in signal decomposition is to separate the spectrum of a signal into 

its constituent subspectral components and process them individually. An analysis system 

decomposes the signal into its spectral components and a synthesis system performs the 

inverse function by composing the original signal again. If the analysis and synthesis 

function sets are the same, the transform is called orthonormal, in contrast to the bi

orthogonal transform which has different analysis and synthesis bases. Both these 

transforms are capable of perfectly reconstructing the original signal from the decomposed 

signal.̂ ^ 

In this section, we briefly describe the multiresolution representation of a function 

using orthonormal wavelets. The wavelet transform (WT) represents any arbitrary 

function /(;c), in terms of two sets of basis functions \|/;,n(;c) and (^j,nix), where 

fix) = Y, C;,„Vj/ ;,„ (x) + ^ ajj j„ (x), (4.5) 

¥ j„(x) = (V2^y\f ,jix - 2-U)) (4.6) 

^ ; . ( ^ ) = ( V 2 - ^ (t) ,j(x - 2-^n)) , (4.7) 

and \\fj,n(x) and <\>j,nix) span orthogonally complementary spaces, (^(x) is called the scaling 

function, and \\f{x) has the special name of the mother wavelet. The shifting and dilation 

of \\f{x) which produce the orthonormal basis \\fj,n{x) are called wavelets. These shifts and 

dilations allow the wavelets to have variable window sizes in both the frequency and 
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spatial domains. Thus, wavelets are able to adapt to the space and frequency 

characteristics of functions. It can also be shown that the detail or information lost in 

going to the lower approximation of the original function,/(jc), by taking the inner product 

of f{x) with (j)y,„ is given by the projection (or inner product) of the original function in the 

\\fj,n{x) subspace. For computational implementation, these coefficients are expressed as 

k k 

where h and g are defined as 

\_ 

K=2'^\^{x-nys?{2x)dt g, = (-l) ' / i_,,i 

(4.9) 

(i.e., low pass filter h and high pass filter g). Thus, the discrete version of Equation 4.5 

becomes 

a j-i,i(f) = Z (S2n-iCj,n(f) + h^^_iaj^^{f)) . (4.10) 

For more details on multiresolution wavelet transforms, see the references by Mallat and 

Daubechies. 

It follows that one can represent an arbitrary signal by its lower resolution and the 

detail lost going to the lower resolution with proper choices of the basis functions. 

Furthermore, one can extend this concept to a multiresolution approach where the original 

signal is represented by consecutively decomposing it to lower resolutions, while at the 

same time storing all the detail information between each consecutive resolution. This 

approach can be extended to a 2-D image and is quite suitable for progressive 

transmission of images. 
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4.3 Multiresolution Analysis 

Multiresolution analysis provides a natural framework for the understanding of 

wavelet bases. Mallat and Meyer formulated the multiresolution analysis technique in 

1986. The idea of performing image analysis by studying images simultaneously at 

different scales is a well-known and popular technique. Mallat^° was the first one to view 

orthonormal wavelet bases as a tool to describe mathematically the "increment in 

information" needed to go from a coarse approximation to a higher resolution 

approximation. 

A multiresolution analysis consists of a sequence of successive approximation 

spaces Vj. In other words, the closed subspaces Vj satisfy 

^2 e Vi e Vo c V.i c Y.2 c ... (4.11) 

with 

UVj=L^(R), (4.12) 
jeZ 

nV j= {0 } . (4.13) 
jeZ 

ff Pj denotes the orthogonal projection operator onto Vj, then Equation 4.12 ensures that 

l i m ^ y / = / foraUfEL^/?). 

The multiresolution aspect is a consequence of the additional condition 

/ 6 Vj <^/(2J)E Vo. (4.14) 

All the spaces are scaled versions of the central space VQ. An example of the Haar space 

satisfying Equations 4.11 - 4.14 is Vj = { / E I}{K) for aU /: e Z:f\{2^ k, 2^ (k+1)] = 

constant }. Figure 4.1 shows the projection of an arbitrary ftinction f{x) on the Haar 

spaces Vband V.i. 
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Figure 4.1 A function /and its projection onto V.i and Vb 
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Another feature of multiresolution analysis is the invariance of Vb under integer 

translations, 

/ G Vb <=> /(. -n) e Vo for aWne Z. (4.15) 

The above equation implies that if / G VJ, then /(. -2^n) G Vj for all n G Z. Another 

requirement is that there exists (]) G VO SO that 

{ (|)o,n; « G Z } is an orthonormal basis in VQ. (4.16) 

The basic rule of multiresolution analysis is that when a collection of closed subspaces 

satisfy the above mentioned conditions (4.11 - 4.16), then there exists an orthonormal 

wavelet basis \J/JJ,(JC) = 2"J^\|/(2'^A: - k) such that for all f in L\R), 

keZ 
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CHAPTER V 

NEURO-FUZZY CLUSTERING ALGORITHMS 

Most real data structures encountered in speech, image recognition and in medical 

and other decision making tasks are quite complex in nature. Adaptive learning models in 

pattern recognition are powerful tools for reducing the computational burden encountered 

by statistical decision making procedures. However, estimating the optimum number of 

clusters in any real data set remains a difficult problem. The self-organizing neural 

networks such as Kohonen Clustering Network, and Adaptive Resonance theory (ART-1) 

solve this problem to a certain extent and are suitable for partitioning complex data sets. 

Often with data analysis it is desirable to allow membership of a data sample in more than 

one class and also to have a degree of belief that the sanple belongs to each class. The 

application of fuzzy set theory to classical clustering algorithms has resulted in a number 

of algorithms with improved performance. 

In recent years, many researchers have addressed the issue of extension of neural 

net based crisp clustering algorithms to fuzzy clustering. Several hybrid neuro-fuzzy 

clustering algorithms have been developed which are free from some of the restrictions 

inherently present ui crisp/conventional algorithms. Integration of the concepts of fuzzy 

sets with adaptive learning inherent to neural nets yields not only better clustering of 

similar data groups, but also provides a method for generating nonlinear boundaries 

among clusters in close proximity. Some of the properties that an adaptive clustering 

algorithm should possess are: 

a. on-line adaptation, 

b. nonlinear separability, 

c. ability to classify overlapping clusters, 

d. short training time, 

e. ability to make soft and hard decisions, 

f. means for verification and validation, 

g. few tuning parameters, 
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h. nonparametric classification. 

Self-organizing neural networks are suitable for partitioning crisp clusters in 

unlabeled data sets. Kohonen^' and ART^^ type self-organizing networks are very popular 

in this aspect. Both these networks have been used to develop neuro-fuzzy clustering 

algorithms. The problems present in Kohonen clustering network such as forced 

termination, dependence on data sequence and lack of an optimization model have been 

addressed in the modifies fuzzy Kohonen clustering network "̂̂  (FKCN). Models for fuzzy 

ART type clustering networks have also been developed, among which fiizzy-ART, fiizzy 

min-max^^ clustering algorithm and the adaptive fuzzy leader clusterings^ (AFLC) 

algorithm are important. 

However, all of the neuro-fuzzy clustering algorithms studied so far suffer from 

restrictions in identifying the exact decision boundaries of overlapping clusters. This 

problem arises from the choice of the similarity measure and the representation of the 

clusters. The integrated adaptive fuzzy clusterings^ (lAFC) algorithm has been developed 

recently to obtain better decision boundaries among neighboring clusters by introducing a 

new similarity measure. This new algorithm also eliminates some of the inherent structural 

problems present in other fuzzy ART-type algorithms by developing a new learning rule. 

This learning rule is based on fuzzifying the weight updating rule in KCN by incorporating 

the fuzzy membership function derived in the FCM model in the updating rule. Therefore, 

the new learning rule integrates the advantages of FCM and KCN into an ART-type neural 

network architecture. 

5.1 Integrated Adaptive Fuzzy Clustering (lAFC) 

The extension of neural network based crisp clustering algorithms to fuzzy 

clustering algorithms is being addressed by many researchers. However, such neuro-fiizzy 

clustering algorithms developed so far suffer from restrictions in identifying the actual 

decision boundaries among overlapping clusters. These restrictions can be reduced by a 

suitable choice of similarity measure and representation scheme. An integrated adaptive 

fuzzy clustering (lAFC) algorithm was developed by Y.S. Kim to generate improved 
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decision boundaries by introducing a new similarity measure and by integrating the 

concepts of FCM, ART-1 and KCN. 

lAFC is a fuzzy neural network that finds cluster structure embedded in data sets, 

in an unsupervised, sequential manner. It learns on-line in a manner that is similar to 

ART-1. It does not assume the number of clusters but updates it as in ART-1. It is 

capable of making decisions while classifying closely located clusters by incorporating a 

new similarity measure for the vigilance criterion and a new learning rule into the neural 

network architecture. The new similarity measure considers not only the distance between 

the input pattern and the centroid of the winning cluster but also the proximity of the input 

pattern to the currently existing centroids as the degree of similarity by utilizing both 

Euclidean distance and a fuzzy membership value. The new learning rule incorporates a 

fuzzy membership value, an intra-cluster membership value, and a function of the number 

of clusters into a Kohonen-type learning rule. 

lAFC consists of three major procedures: deciding a winning cluster, performing 

the vigilance test, and updating the centroid of a winning cluster. The input pattern X is 

normalized prior to presentation to the fuzzy neural network and this normalized input 

pattern / is fed to the fuzzy neural network in parallel to the input pattern. A dot-product 

operation used to find the winner is shown below 

X.v, 
I.k = .. .. ' , (5.1) 

where bi are the bottom-up weights from the input neurons to the ith output cluster, which 

is the normalized version of the ith cluster centroid v,. The output neuron that receives the 

largest activation Yi wins the competition : 

Yi = l.hK ' (5.2) 

ifc=i 

where h is the kth component of the p-dimensional normalized input pattern, btd is the 

bottom-up weight from the kth input neuron to the ith output neuron. After selecting a 

winner cluster, LAFC performs the vigilance test according to the criterion: 
e-^' X-V: ^^ , (5.3) 
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where x is the vigilance parameter and the value of y is normally chosen to be one. The 

fuzzy membership valuefX, is calculated as follows: 

f Nl/(/n-l) 

1 

V-i^ 
X-\ ) 

f 

1 
\ 

Z-v 

l/(/n-l) ' 
(5.4) 

where m e [1,«») is a weight exponent which is experimentally set to two. In I AFC the 

number of currently existing clusters,^, is updated during the process of clustering. 

If a winning cluster satisfies the vigilance criterion, the centroid of a winning 

cluster is updated as follows: 

v.^'^^=vr^-HAy„^(x-v;'"^>), (5.5) 

where Xfuzzy is [f(l). %(X; v!"^^, i). ji,̂  ]./(/j is a function of number of iterations, 1 being 

the number of iterations, and % decides the intra-cluster membership value of the input 

pattern X in the ith cluster as 
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/ ( / ) = 
1 

kil-l) + \ 

where k is a constant. 

(5.6) 

(5.7) 
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5.2 Adaptive Fuzzy Leader Clustering (AFLC) 

Cluster analysis has been a significant research area in pattern recognition for a 

number of years. Clustering algorithms generally operate by optimizing some measures of 

similarity. Classical or crisp clustering algorithms partition the data such that each sample 

is assigned to one and only one cluster. The application of fuzzy set theory to classical 

algorithms has resulted in improved performance. The adaptive fuzzy leader clustering 

(AFLC) architecture is a neural-fiizzy system which learns on-line in a stable and efficient 

manner. The system uses a control structure similar to that found in the adaptive 

resonance theory (ART-1) network to identify cluster centers initially. 

AFLC is a hybrid neuro-fuzzy system which can be used to learn cluster structure 

embedded in conplex data sets, in a self-organizing, stable manner. It uses a dynamic self-

organizing structure to learn the characteristics of the input data. As a result, it is not 

necessary to know the number of clusters a priori. This characteristic is necessary for 

autonomous behavior in practical situations in which nonlinearities and nonstationarity are 

found. In general, the AFLC architecture allows learning of even rare events. Use of 

fuzzy learning rule maintains this characteristic. Besides the AFLC system has a self-

scaling property which enables dense clusters to remain dense while allowing loosely 

packed clusters to exist. This dynamic cluster sizing property makes the performance of 

the algorithm more flexible. 

AFLC is a two-stage procedure consisting of recognition and comparison 

processes. The AFLC algorithm initially starts with the number of clusters c set to zero. 

The system is initialized with the first input sample. This first input becomes the prototype 

for the first cluster. During the recognition process, the input pattern is matched with the 

most similar cluster prototype based on a normalized dot-product operation. The 

comparison process verifies the matching process by performing a vigilance test. This is 

done by comparing the ratio of the distance between the input pattern and the cluster 

centroid to the average distance of all the samples belonging to that cluster from the 

centroid, with a threshold value x called the vigilance parameter. If the vigilance condition 
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in Equation 5.8 is satisfied, the input pattern is assumed to belong to the winner cluster, 

and the cluster centroid and membership values are updated using the fuzzy c-means 

Equations 5.9 and 5.10. If on the other hand, the vigilance condition is not met, a search 

process to repeated to find the next best cluster prototype that satisfies the vigilance 

criterion. The cluster satisfying the vigilance criterion is then updated. 

R = 
-rLp'(x„y,) 

(5.8) 

where Jj^(x^.,v,.) is the Euclidean distance between the input pattern and the cluster 

centroid. 

/ Nl/(m-l) 

^ i J = 

^ j - ^ i 

r 

k=\ 

1 
A 

uF̂ -̂ ^ ; 

l/(m-l) 
(5.9) 

V; = N, 

K^ .̂)̂  
%:f^. (5.10) 

j=i 

AFLC utilizes a dynamic, self-organizing structure to learn the characteristics of 

the input data. As a result, it is not necessary to know the number of clusters a priori; new 

clusters are added to the system as needed. This characteristic is necessary for 

autonomous behavior in practical situations in which nonlinearities and nonstationarity are 

found. Clusters are formed and trained, on-line according to the search and learning 

algorithms. Although it is not necessary to know the number of clusters which actually 
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exist in the data, the number of clusters formed will depend on the value of T. A low 

threshold value will result in the formation of more clusters because it will be more 

difficult for an input to meet the classification criteria. A high value of x will result in 

fewer, less dense clusters. For data structures having overlapping clusters, the choice of T 

is critical for correct classification whereas for nonoverlapping cluster data, the sensitivity 

of T is not a significant issue. In the latter case, the value of 1 may vary over a certain 

range, but still yield correct classification. Therefore, the sensitivity of x is highly 

dependent on specific data structure. A x versus number of clusters formed graph will 

help in determining the optimum value of x. As with most other clustering algorithms, the 

size and shape of the resultant clusters depend on the metric used. The use of any metric 

will tend to influence the data toward a solution which meets the criteria for that metric, 

not necessarily to the best solution for the data. This implies that some metrics are more 

suitable to certain problems than are others. 

It is possible to apply many of the concepts of AFLC operation to other 

applications. Apart from clustering and pattern recognition, the AFLC algorithm has 

demonstrated the ability to perform other decision making tasks. This algorithm has been 

applied to the Tethered Satellite System (TSS) simulation data for predicting the output 

parameter by classification of the input parameters, thereby allowing the system to take an 

appropriate control decision. Using the AFLC and other neuro-fuzzy clustering 

algorithms for vector quantization in image compression has several significant advantages 

as compared to the traditional VQ approaches. The latter chapters talk in detail about this 

proposed methodology. 

5.3 Comparison of lAFC with AFLC 

Two different neuro-fuzzy clustering algorithms have been described in the above 

sections: the adaptive fuzzy leader clustering (AFLC) and the integrated adaptive fuzzy 

clustering (lAFC) algorithms. Both these algorithms have a neural-network architecture 

that facilitate an easy search, and fuzzy updating rules. However, the vigilance criterion 

38 

\ 



varies since the AFLC system uses a Euclidean distance metric while the lAFC system 

makes use of a modified exponential distance measure including fuzzy membership value 

of the sample considered. The centroid is updated in different fashions too, while the 

AFLC algorithm uses the fuzzy C means (FCM) equation, lAFC follows a Kohonen-type 

updating rule with a nonlinear functional dependence on a number of parameters including 

fuzzy membership values. The advantage of lAFC over AFLC is that it has lesser storage 

and memory requirements and uses a distance measure that is shape-independent. On the 

other hand, AFLC is con^utationally simpler and faster due to its one-shot non-iterative 

nature. 
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CHAPTER VI 

ADAPTFVE CLUSTERING FOR VECTOR QUANTIZATION 

Statistical clustering has been used for a variety of signal processing applications 

including vector quantization for signal or image compression. Classification of a group 

of pixels can be considered to be a form of compression since it provides a segmentation 

of an image into disjoint regions. Conversely, compression can be viewed as a form of 

classification since it assigns a codeword to a group of similar pixels. All inputs belonging 

to a common class can be represented by a class prototype. In the classification context, 

this prototype is called the centroid of the class and in the compression context, it is 

known as the codevector. The primary difference between classification and compression 

is the choice of cost function to be optimized. This cost measure is the average distortion 

or mean-squared error in the case of compression. In classification, it is the classification 

error. 

Research in the area of adaptive clustering has shown that it can be used for 

several applications apart from pattern recognition. Using clustering for control has 

become a popular technique in recent times. Fuzzy clustering and deterministic aimealing 

have been used for codebook design purposes. In our work, we aim to use a clustering 

approach for compressing images. An adaptive clustering scheme is employed to generate 

an optimized codebook, based on a neuro-fuzzy classifying approach. 

Encoding of images should aim at obtaining maximum possible efficiency without 

the introduction of noticeable degradation and artifacts. Using a variable block size 

coding scheme appears to be an appropriate choice. However, block-based techniques 

tend to introduce blocking artifacts which might be unacceptable in the case of images 

with high visual quality. A variable block size coding approach combined with the 

multiresolton wavelet decomposition solves this problem The multiresolution wavelet 

decomposition results in a pyramidal structure consisting of a low level smooth image and 

several error images belonging to different resolutions. The error images are coded using 

the variable block size coding method. The lower resolution error images are coded using 
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a smaller block size as compared to the higher level error images. This is due to the need 

for preserving the low-frequency information. The higher level error sub-images contain 

high frequency information that we can afford to quantize more coarsely. 

The aim of this research is to improve vector quantization by developing an 

algorithm for generating a better codebook which can minimize distortion efficiently. 

Some of the problems involved in codebook generation are suitable initialization of the 

codebook, analyzing the information content of the codebook to determine its size, and 

getting trapped in local minima. Taking into account all these factors, an adaptive 

clustering algorithm seems to be a suitable approach for developing an optimized 

codebook. The clustering technique divides the entire set of image vectors into classes or 

clusters based on a vigilance condition and the cluster to which a particular vector 

belongs, is updated using fuzzy membership and centroid functions. Since this process 

involves finding a weighted centroid based on fuzzy membership functions, each cluster is 

better represented by the centroid. All the centroids of the clusters formed form the set of 

codevectors that can represent the entire image. 

Deciding upon the number of codevectors in a codebook could be a trial-and-error 

problem or could even depend on the information content in the image. The adaptive 

clustering approach reduces this problem by automatic generation of clusters based on a 

vigilance parameter which modulates the elasticity of the cluster sizes. Besides, there is no 

initialization necessary as the image vectors are suitably tested to check if they belong to 

an existing cluster or if a new cluster needs to be created. 

In this work, both these algorithms will be used in conjunction with multiresolution 

wavelet decomposition for compressing images using vector quantization. A 

multiresolution codebook approach will be adopted, where different codebooks will be 

generated for sub-images of different resolutions and different preferential orientations. 

This technique has been applied for some medical images and has provided encouraging 

results. 
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As background for this work, the adaptive neuro-fuzzy algorithms have been used 

for segmentation^* of radiographic images into regions of interest. Here, wavelet 

decomposition and reconstruction are used to make the image more suitable for 

segmentation. The image is decomposed into a multiresolution pyramid using the wavelet 

transform The lowest level smooth image is either ignored or quantized to get rid of the 

contrast information within an image that is not required for segmentation. Some of the 

higher level error sub-images can also be neglected as they constitute only the very high 

frequency components. The image is then reconstructed to get a filtered version of the 

original image, thus making it better suited for segmentation. Next, the AFLC algorithm 

is used to cluster each pixel in the reconstructed image kito different classes or regions. 

Since segmentation can be assumed to be a coarse method of quantization, it was 

proposed that the same approach could be used for lossy compression of images, where a 

finer level of quantization or clustering is required. The pre-processing stage of wavelet 

filtering and reconstruction is however not necessary for this application as we want to 

retain maximum information and make the compression less lossy. 

The next step was to use wavelet decomposition^^ as a pre-processing stage for 

quantization as this scheme puts the image in the form of a smooth image which is much 

smaller in size than the original image, and several error sub-images that can be 

represented by lesser number of bits. For the wavelet decomposition, Daubechies 4 

coefficients were used. The error sub-images were then quantized using both the 

conventional scalar quantization technique as well as the adaptive clustering algorithm. In 

both cases, the reconstructed image was compared with the original image to compute the 

MSE, NMSE, PSNR, and bpp. Test results when applied to the standard lena' image, 

and other medical images showed that the neuro-fuzzy clustering scheme of quantization 

worked better than the traditional scalar and vector quantization approaches. The basic 

structure of this algorithm can be shown in Figure 6.1. 
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Figure 6.1 Schematic of the proposed image compression algorithm 
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Since compression of images is based on exploiting the pixel redundancy within an 

image, vector quantization seems to be a more appropriate method of doing so. As the 

wavelet decon^osition produces sub-images at different resolutions and at different 

orientations, each sub-image at a particular orientation and in a particular direction has a 

higher probability of constituting vectors that are similar to each other. Therefore a 

multiresolution codebook generation using the neuro-fuzzy clustering algorithms for the 

wavelet decomposed image followed by wavelet reconstruction of the vector quantized 

sub-images appears to be a good direction to proceed. The quantization stage is next 

followed by the coding process. Besides, it has been observed that the images quantized 

by the lAFC-VQ or AFLC-VQ algorithms can be compressed to a greater extent during 

the lossless coding process as compared to those quantized with the standard LBG 

algorithm. Figure 6.2 shows a flowchart describing the overall algorithnL At the 

receiving end, the inverse process is performed to obtain the reconstructed image. The 

encoded image is first decoded for run-length and Huffman coding. Then, the pixels in the 

quantized error sub-images are replaced by the corresponding codevectors generated by 

the lAFC-VQ or AFLC-VQ algorithms. This process is followed by an inverse wavelet 

transform to reconstruct the original image. 
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Original Image 

Perform multiresolution wavelet 
decomposition to obtain one low resolution 
smooth image and several error images of 

different resolutions. 

Divide the low resolution error images into 
blocks of smaller size and the higher 

resolution error images into bigger blocks. 
Each block forms a vector. 

Generate a codebook for each error sub-
image using the lAFC-VQ or AFLC-VQ 

algorithm 

Replace each block or vector in an error 
subimage with the index of the codevector 
from the corresponding codebook that it 

matches most. 

Perform lossless coding from the 
previous step using Huffman and 

run-length coding. 

Figure 6.2 Flowchart for the proposed algorithm 
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CHAPTER Vn 

TESTS AND RESULTS 

Digital image processing is an area with several applications in diverse fields. It is 

a well-known fact that medical image processings^ is an active research area and is 

currently gaining a lot of attention. Due to the large sizes of medical images and the need 

to store and transmit them, cortpression of medical imageŝ ^ is an area with a lot of 

applications. Conpression of medical images is essential for archiviQg medical images. 

Among the radiological imaging modalities, conventional X-ray imaging is still the pre

dominant modality (70%) for diagnostic examination of cervical spines, skull, chest, 

breast, etc. The X-ray films are digitized by different types of scanners for digital image 

analysis. However, the current trend is to emphasize digital archiving and transmission of 

all radiological images for better storage, representation and manipulation of medical 

images. The work proposed above has been tested on the standard 'Lena' image, a retinal 

image, some radiographic cervical images, a magnetic resonance image, and one color 

plane of a Visible Human color photographic image. The superior performance of the 

algorithm can thus be generalized to different classes of images. 

Segmentation of cervical images into regions of interest helps in detecting any 

abnormalities present. Segmentation of the cervical image is shown ki Figure 7.1. Figure 

7.1(a) is the original image and 7.1(b) is a contrast enhanced version of the original image, 

where a cubic histogram equalization technique has been used. This contrast enhancement 

improves the visual quality of the image and therefore is often used as a pre-processing 

stage for segmentation. Such a pre-processing stage, often, yields better quality picture 

for compression and transmission. Figure 7.1(c) is the reconstructed image obtained by 

wavelet decomposing 7.1(b) and reconstructing it after ignoring the low-pass image and 

the first error sub-images. The MSE in this case is 9.7848. Figure 7.1(d) is the result of 

segmenting Figure 7.1(c) with a neuro-fuzzy clustering algorithm, AFLC. Figure 7.1(e) 

shows the segmentation of the contrast enhanced image in Figure 7.1(b) using the same 

clustering algorithm prior to wavelet reconstruction and Figure 7.1(f) shows the 
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Figure 7.1. Segmentation of radiographic cervical images using the 
AFLC clustering algorithm and wavelet transform 
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difference between 7.1(d) and 7.1(e). Enhancement of images yields better compression 

ratios. 

The integration of multiresolution wavelet decomposition with an adaptive vector 

quantization provides an efficient image con^ression system capable of yielding better 

performance for a variety of image classes including standard test images, radiographic 

images and magnetic resonance images. Preliminary results of this new approach show 

significant iiiq)rovement in performance in terms of mean squared error (MSE), peak 

signal-to-noise ratios (PSNR) and con^ression ratios as compared to scalar quantization 

and traditional LBG vector quantization. The performance of the algorithm has been 

validated by applying it to several classes of medical images and comparing the results 

with those obtained using scalar and conventional vector quantization. The results have 

consistently demonstrated the superior performance of this integrated VQ algorithm. 

Figure 7.2(a) shows the original cervical image and (b) shows the reconstructed image 

using the scalar quantization algorithm. Figures 7.2(c) and (d) correspond to the results of 

LBG VQ and the lAFC VQ algorithms at bit rates of 0.44 and 0.17 respectively. Table 

7.1 shows the results in terms of MSE, NMSE, PSNR and bpp for the cervical image. 

Figure 7.3(a) shows a retinal image and (b) corresponds to the reconstructed 

image using scalar quantization in conjunction with multiresolution wavelet 

decomposition. Figure 7.3(c) is the result of compression obtained from using classical 

VQ and (d) is the result of using the adaptive clustering for vector quantization. Table 7.2 

gives the results for the retinal image in terms of MSE, NMSE, PSNR and bpp. 

Figure 7.4(a) shows the original Lena image and (b) shows the compressed and 

reconstructed image using the scalar quantization algorithm. Figures 7.4(c) and (d) 

represent the results of conventional VQ and the new proposed VQ algorithms. Table 7.3 

gives the results of comparison for the standard 'Lena' image. 
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(a) Origi!iid~cervical i (b) Scalar quantization 

(c) LBG-VQ (d) lAFC-VQ 

Figure 7.2. Effect of similar bit rate reduction introduced in the cervical image 
using different compression schemes 
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Table 7.1 Results for the cervical image in terms of MSE, NMSE, PSNR and bpp 

Algorithm 
SQ-uniform 
LBG-VQ 
L\FC-VQ 

MSE 
4774.51 
3.97 
11.1 

NMSE 
0.073426 
0.0000061 
0.000171 

PSNR 
11.34 
42.138 
37.68 

bpp 
0.19 
0.44 
0.17 
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(c) LBG-VQ (d) lAFC-VQ 

Figure 7.3. Effect of similar bit rate reduction introduced in the retinal image 
using different compression schemes 
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Table 7.2 Results for the retinal image in terms of MSE, NMSE, PSNR and bpp 

Algorithm 
SQ-uniform 
LBG-VQ 
L\FC-VQ 

MSE 
883.7 
7.30 
9.68 

NMSE 
0.01359 
0.000112 
0.000149 

PSNR 
18.67 
39.50 
38.27 

bpp 
0.27 
0.5 
0.29 
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(a) Original 'Lena' image (b) Scalar quantization 

(c) LBG-VQ (d) lAFC-VQ 

Figure 7.4. Effect of similar bit rate reduction introduced in 'Lena' image 
using different compression schemes 
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Table 7.3 Comparative results of different compression schemes for 'Lena' image 

Algorithm 
SQ-uniform 
LBG-VQ 
L\FC-VQ 

MSE 
3418.27 
91.97 
71.90 

NMSE 
0.05257 
0.00145 
0.0011 

PSNR 
12.79 
28.49 
29.55 

bpp 
0.37 
0.32 
0.11 
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Figure 7.5(a) shows the original Visible Human image and (b) shows the 

reconstructed image using the scalar quantization algorithm. Figures 7.5(c) and (d) 

represent the results of conventional LBG VQ and the new proposed VQ algorithms. 

Table 7.4 gives the results of comparison for the visible human image. 

Figure 7.6(a) shows the original magnetic resonance image and (b) shows the 

compressed and reconstructed image using the scalar quantization algorithm- Figures 

7.6(c) and (d) represent the results of LBG VQ and the lAFC VQ algorithms. Table 7.5 

gives the results of comparison for the MRI image. 

The lAFC-VQ algorithm has been compared to the standard JPEG algorithm. 

Figure 7.7(a) shows the reconstruction of 'Lena' using JPEG and 7.7 (b) is obtained from 

using lAFC-VQ. Table 7.6 gives the result of comparison in terms of MSE, NMSE, 

PSNR and bpp. 

The lAFC-VQ algorithm has been slightly modified to compress 1-D signals. An 

EEG signal taken from a patient suffering from epilepsy was obtained from the 

Department of Neurology at the Texas Tech University Health Sciences Center. This 

signal was sampled at 200 Hz. The discrete signal was then compressed using the lAFC-

VQ algorithm. Results of this compression are shown below in Figure 7.8. 

The lAFC and AFLC algorithms were discussed in chapter VI and were compared 

with each other conceptually. The next step was to compare the two algorithms in terms 

of their performance. The two algorithms were applied to the MRI and retinal images. 

Figure 7.9 shows the lAFC-VQ and AFLC-VQ reconstructed MRI images and Table 7.7 

shows the corresponding results. Figure 7.10 and Table 7.8 show the comparison and 

performance of these two adaptive neuro-fuzzy algorithms when applied to the retinal 

image. 
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Figure 7.5 Effect of similar bit rate reduction introduced in Visible Human image 
using different compression schemes 
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Table 7.4 Results of comparison for the Visible Human image 

Algorithm 
SQ-uniform 
LBG-VQ 
lAFC-VQ 

MSE 
4264.03 
224.9 
36.70 

NMSE 
0.06557 
0.004459 
0.000564 

PSNR 
11.83 
24.61 
32.48 

bpp 
0.189 
0.125 
0.127 
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(a) Original magnetic resonance image (b) Scalar quantization 

(c) LBG-VQ (d) lAFC-VQ 

Figure 7.6 Effect of similar bit rate reduction introduced in MRI image 
for different compression schemes 
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Table 7.5 Comparative results of different compression schemes for MRI image 

Algorithm 
SQ-uniform 
LBG-VQ 
L\FC-VQ 

MSE 
3659.28 
160.12 
28.96 

NMSE 
0.0562 
0.00246 
0.000445 

PSNR 
12.49 
26.09 
33.51 

bpp 
0.293 
0.25 
0.238 
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(a) lAFC-VQ (b) AFLC-VQ 

Figure 7.7 Comparison of lAFC-VQ with JPEG 
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Table 7.6 Results of comparison between lAFC-VQ and JPEG 

Algorithm 
JPEG 

LSJ'C-VQ 

MSE 
58.93 
71.99 

NMSE 
0.000906 

0.0011 

PSNR 
30.43 
29.55 

bpp 
0.244 

0.0275 
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(a) Original EEG signal 

(b) Mapped EEG signal 

Figure 7.8 Compression of 1-D EEG signal of epileptic patient 
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(c) lAFC-VQ reconstructed EEG signal (bpp = 1.25, MSE = 22.1) 

(d) Error between and original and reconstructed signals 

Figure 7.8 (continued). 
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(a) lAFC-VQ (b) AFLC-VQ 

Figure 7.9 lAFC-VQ and AFLC-VQ comparison for MRI image 
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Table 7.7 Results of comparison of lAFC-VQ and AFLC-VQ for MRI image 

Algorithm 
AFLC-VQ 
lAFC-VQ 

MSE 
31.94 
28.96 

NMSE 
0.000491 
0.000445 

PSNR 
33.09 
33.51 

bpp 
0.1289 
0.238 
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(a) lAFC-VQ (b) AFLC-VQ 

Figure 7.10 lAFC-VQ and AFLC-VQ results of retinal image 
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Table 7.8 Results of comparison of lAFC-VQ and AFLC-VQ for retinal image 

Algorithm 
AFLC-VQ 
L\FC-VQ 

MSE 
15.6 
9.68 

NMSE 
0.000241 
0.000149 

PSNR 
36.17 
38.27 

bpp 
0.164 
0.29 

67 



CHAPTER v m 

CONCLUSIONS 

Vector quantization has been shown by Shannon^^ to be a better quantization 

technique as compared to scalar quantization from theoretical considerations using 

information theory. However, the codebook generation process in standard vector 

quantization uses a simple k-means statistical clustering algorithm thus encountering a 

number of problems such as codebook initialization, long search process and getting 

trapped in local minima. These problems result in severe drawbacks in applying VQ 

effectively to large data sets. The integrated approach developed in this study is based on 

an efficient, recently developed neuro-fiizzy clustering algorithm with proven superior 

performance over the previously well known clustering algorithms. 

The present work focuses on generating an optimal codebook for a class of images 

by using a fuzzy distortion measure embedded in an integrated neuro-fuzzy clustering 

algorithm for pattern recognition. Such adaptive clustering techniques facilitate automatic 

generation of appropriate codebooks thus avoiding the convergence problem encountered 

in traditional clustering. In addition, we have chosen to adopt a multiresolution wavelet 

representation of images prior to quantization. Therefore multiresolution codebooks are 

generated for sub-images of different resolutions and orientations to minimize the 

distortion. This adaptive vector quantization has been found to be more efficient in 

reducing the bits per pixel rates in representing a number of image classes than the 

conventional scalar and vector quantization at comparable mean-squared error and peak 

signal to noise ratio. Some of the advantages of using the proposed algorithm are: 

a. better performance in terms of generating a globally optimum codebook, 

b. on-line determination of codebook size and codevectors, 

c. easy and quick search scheme, 

d. free from codebook initialization problem, 

e. no scope of getting trapped in local minima, 

f. no a priori statistical or pdf knowledge required, and 
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g. makes the final data more suitable for Huffman coding. 

Present work develops the methodology to be used for an efficient codebook 

generation. It is anticipated that an optimal image con^ression algorithm for wide classes 

of images can be developed by enploying the wavelet transform for signal compactness 

and decorrelation, the new VQ algorithm for quantization and subsequent entropy coding 

for further compression of the resulting image data files 

One of the issues that has not been covered in this work is the validation of the 

reconstructed images in terms of visual quality. Mean-squared error and peak signal to 

noise ratios are not good criteria for correlating the distortion with respect to the visual 

perception. The lower bound for the bits required to represent an image is estimated by its 

entropy. However, if the fundamental limit of compression can be related to percentual 

entropy,̂ '̂̂ "̂  then a bit rate less than the entropy estimate can be achieved. The rate-

distortion relationship analytically derived for the mean squared error does not give an 

accurate indication of the performance of a compression algorithm. The relationship 

between bit rate and perceptual distortion measure can not always be mathematically 

defined and thus has to be established experimentally. 

Using a multiresolution codebook structure could introduce the disadvantage of 

having additional overhead due to the increased number of codebooks in some 

applications. However, an efficient coding scheme will be able to solve this problem. 

Future work in developing a suitable coding scheme for multiresolution codebook 

transmission would be a good direction to proceed in. The adaptive clustering approach 

has the advantage of on-line determination of codevectors. On the other hand, this could 

lead to problems for efficient encoding. When the number of codevectors is not close to a 

power of 2, wastage of bits occurs. An efficient encoding process to represent each pixel 

of each sub-image is vital in this context. Another way of tackling this problem is to 

slightly change the codebook size and the codevectors by tuning the vigilance parameter. 

Future work in this direction will be a challenging area for further research. 
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