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Abstract 

Nowadays, the Internet and digital image widespread are used in the industry, 

commerce, military, traffic and all walks of life. However, this kind of general use 

resulted in required for less transmission time and storage space. Image compression 

can address the problem of reducing the amount of data to represent a digital image. 

The image will satisfy the transmission and the preserved request after the 

compression. With the increasing use some technologies in the image processing, 

image compression also requires new technology to get the high compression ratio 

and more better image quality. Therefore, a new standard has been developed by Joint 

Photographic Experts Group (JPEG). Apart from JPEG, there are other algorithms 

developed for image compression, Normally, EZW, SHIPT and VQ algorithms. 

However, they all deal with the calculation of coefficients with too much complexity; 

as a consequence, compressing still image takes too much time. In the light of these 

problems, this thesis introduces a new method for dealing with the requirements of the 

coefficients while retaining the important detail in the image, by employing a Fuzzy 

Logic technique reduce the number of the coefficients, and then utilizes the Huffman 

or LZW algorithm to complete the image compression. The algorithm developed in 

this research , called IWF algorithm, is based on four key techniques: I) a wavelet 

transform for decomposition. This technique allows the combination of lossless and 

lossy compression with extremely high compression rate and image quality. 2) 

Quantization, this technique generally works by compressing a range of value to a 

single quantum value. By reducing the number of discrete symbols in a given stream, 

the stream becomes more compressible. This step in the IWF process is a lossy 

transformation. 3) Adaptation of Fuzzy logic techniques. This step uses the Fuzzy 

Logic techniques to handle the wavelet coefficients, enable the wavelet coefficients to 

have the same value in the high subbands. 4) Adaptation of Lossless data compression 

techniques. 

Keywords: Image Compression, Fuzzy Logic, Wavelet transforms, Decomposition, 

Haar Wavelet transform, 



Acknowledgments 

I thank Reyes,Napoleon for his invaluable support and guidance as my 

supervisor. His readiness to give help and suggestions throughout the year 

has been highly appreciated. 

I would also like to thank my famjly for their support throughout this year. 

Massey University 

March 2006 

ii 

Li Huang 



ABSTRACT ................................................................................................ 1 

CHAPTER 1 ............................................................................................. 1 

INTRODUCTION ...................................... ..................... .... ....................... 1 

1.1 Overview of the Current State of Technology ............................... 1 
1.2 Research Objectives ............................. .... ...................................... 2 
1.3 Scope and Limitations of Research ................................................ 3 
1.4 Assumptions .. .. ......... ........ .............. ................................................ 3 
1.5 Significance of the Research ................. ...... .................................. .4 
1.6 Research Methodology ................................................................... 5 
1. 7 Organization of the Thesis ............................................................. 6 

CHAPTER 2 ............................................................................................... 7 

THEORETICAL FRAMEWORK ..... ... .... ........ .... ..................................... 7 

2.1 Basic Image Compression Concepts ... .... .......... ................................ 7 
2.1.1 linage Types .. .... ... .................................... .................. ..... ............ 7 
2.1.2 Colour Space ....... ... ..................................................................... 8 
2. I .3 Data Redundancy ...................................................................... 11 
2.1.4 Two Categories of Image Compress ion Technique ... .... ..... .. .. .. I 3 
2. I .5 Compression Ratio and Error Metrics ........... ........ .. ...... ........... 14 

2.2 Image Coding ...... .... ....................... .. ..... ... .. ....................... .. ... .. .. .. ... 15 
2.2. I Introduction ............................................................................... 15 
2.2.2 Run Length Encoding ... ........ .... .. ........ ...................................... 16 
2.2.3 Huffman Coding ............ ......... .... ........ ... ................... ...... .......... . 17 
2.2.4 LZW Coding .................................... ......... ................. ........ ....... . 22 
2.2.5 Huffman Algorithm Vs LZW Algorithm (Results) ................... 29 

2.3 Transform coding ............................................................................ 30 
2.3.1 Introduction ............................................................................... 30 
2.3.2 Discrete Cosine Transform ................................ .. .............. ........ 31 
2.3.3 Wavelet Transform .......... ........... ... .. ..... .. ................ .... ... .... ........ 33 

2.3.3.1 Haar Wavelet ................................. .... ... .. .... ... ...... ..... ........... 37 
2.3.3.2 Morlet Wavelet .................................................................... 38 
2.3.3.3 Marr Wavelet ............ .... ....... .. .............................................. 38 

2.3.4 Typical Image Compression Algorithms based on Wavelet 
Transform .................................................................... ....................... 39 

2.3.4.1 EZW Algorithm ........................... ........................................ 39 
2.3.4.2 SPIHT Algorithm ............................................................... .46 

2.4 Fuzzy Logic and Fuzzy Image Processing ..................................... .48 
2.4.1 What is Fuzzy Logic? ............................................................... .48 
2.4.2 What is Fuzzy Set Theory? ...................................................... .49 
2.4.3 Fuzzy Membership Functions ................................................... 50 
2.4.4 Applications of Fuzzy Techniques in Image Processing ........... 53 

2.4.4.1 Fuzzy Image Enhancement. ................................................ 53 

iii 



2.4.4.2 Fuzzy Image Segmentation ................................................. 54 
2.4.4.3 Fuzzy Edge Detection ......................................................... 55 

CHAPTER 3 ............................................................................................. 56 

REVIEW OF RELATED LITERATURE ................................................ 56 

3 .1 YCC Colour Space and Image Compression ..................... ........ ..... 56 
3.2 JPEG Compression Techniques ...................................................... 57 
3.3 JPEG 2000: The Next Compression Standard Using Wavelet 
Technology ........ ........................ .......... ........ .......... ....... ..... .................... 58 
3.4 Image Compression Techniques ...................................................... 59 
3.5 Image Compression Method of Vector Coding Based on Wavelet 
Transform .............................................................................................. 59 
3.6 Embedded Image Coding Using Zerotrees of Wavelet Coefficients 
............. ..... ................. ..................................................................... ...... . 60 
3.7 A Comparative Study on Digital Mamography Enhancement 
Algorithm Based on Fuzzy Theory .. .................... ........ .. ....................... 60 
3.8 An algorithm for Image Clustering and Compression .................... 61 
3.9 Image Coding Using Wavelet Transform ........................................ 61 
3.10 On Embedded Zerotree Wavelets Coding and other Improved 
Algorithms ................................. ... ................... .... ........... ....... .. ..... .. .. .. .. . 62 
3.11 Wavelet-based Image Compression ...... ................. ..... ....... ........... 62 
3 .12 EZW Encoding .............................................................................. 62 
3 .13 Colour Image Compression/Reconstruction by YUV Fuzzy 
Wavelets .................. ... ......... .. ..................... ... ................. ........ ... ... ... .... .. 62 

CHAPTER 4 ............................................................................................. 64 

THE IMAGE COMPRESSION ALGORITHM BASED ON WAVELET 
AND FUZZY LOGIC (IWF) ...................................................... ............. 64 

4.1 Central Thesis .................................................................................. 64 
4.2 General System Architecture ........ ... ..... ... ... .. ... ..... .... .. ... .. .. .............. 65 
4.3 Wavelet Transform (Haar Wavelet) ................................................. 65 
4.4 Fuzzification Function ..................................................................... 67 

4.4.1 Possibility Distribution algorithm .............. ............................... 68 
4.4.2 Contrast Improvement with Intensification Operator ............... 68 
4.4.3 Contrast Improvement with Fuzzy Histogram Hyperbolization 
............................................................................................................ 69 
4.4.4 Contrast Improvement based on Fuzzy If-Then Rules ............. 70 
4.4.5 Experiment Results ................................................................... 70 

4.5 IWF Algorithm ................................................................................ 71 
4.6 Sample Application of the IWF Algorithm ..................................... 74 
4.7 Grayscale Image Compression ........................................................ 76 

4.7.1 Introduction ........ ....................................................................... 76 
4.7.2 IWF Algorithm (grayscale image) ............................................ 76 

iv 



4.7.3 Experimental Result .................................................................. 77 
4. 7 .3 .1 Time and Compression Ratio Analysis ............................... 77 
4. 7 .3 .2 Image Compression Results ................................................ 81 

4.8 Colour Image Compression ............................................................. 85 
4.8.1 Introduction ............................................................................... 85 
4.8.2 IWF Algorithm (Colour Image) ................................................ 86 
4.8.3 Experimental Result .............. .......................... .. ........................ 88 
4.8.4 Comparison between the IWF Algorithm and Other Algorithms 
(based on Colour I mag es) .................................................................. 91 

CHAPTER 5 ...... ....................................................................................... 93 

CONCLUSIONS AND FUTURE WORKS ............................................ 93 

5 .1 Wavelet Image Compression ................................ ............ ............... 93 
5.2 Fuzzy Image Compression ....................................................... ....... 94 
5.3 Synopsis ... .................... .......................... .. .......................... .............. 95 
5.4 Research Papers Published ............................................... 96 
5.4 Suggestions for Future Work ........................................................... 96 

APPENDIX: ............................................................................................. 97 

REFERENCES: ...................................................................................... 108 

V 



List Figures 

Fig. l The Comparison of RGB, YUV, YIQ and YCrCb Colour Space ... 11 

Fig.2 Source Encoder and Decoder Model .............................................. 13 

Fig.3 Binary Tree Creations ..................................................................... 19 

Fig.4 Delphi Implementation of the Huffman Algorithm ....... ............ ..... 21 

Fig.5 Comparison the between Original Image and Reconstructed Image 

(Huffman algorithm) ....................... ... ............... .... ............. .... .. .... .... ... ..... 21 

Fig.6 Delphi Implementation the LZW Algorithm ........ .......................... 28 

Fig.7 Comparison the between Original Image and Reconstructed Image 

(LZW algorithm) .......................................... .... .... .... ... .. ...... .. .......... ... 29 

Fig.8 The Transform Coding System ... .......... .......................................... 30 

Fig.9 I-D DCT Basis Functions for N=8 ........................... ...................... 33 

Fig. IO Basis Function of an 8x8 OCT ...... ................ ............................... 33 

Fig. I I Wavelet Decomposition ................................................................ 35 

Fig. I2 Vertical and Horizontal Decomposition Image ............................. 35 

Fig.13 l to 3 Levels Wavelet Decomposition Image .. .. ..... .. ............ ....... . 36 

Fig.14 Haar Wavelet .. ..... .... .... .. .... ...... .... .................................................. 37 

Fig.15 Morlet Wavelet.. ..... ... ...... .... ............ .............................................. 38 

Fig.16 Marr Wavelet. ...................... ..................................... ... .................. 39 

Fig.17 Three Level Wavelet Decomposition ........................................... .40 

Fig.18 Flow Chart for Encoding a Coefficient.. ...................................... .42 

Fig.19 Two l(jnd of Scan Ordering ...................................... ... ................ .43 

Fig.20 Coefficients ....................... ....... ..................... ...... ...... ... ................. 44 

Fig.21 Representation of "dark gray-levels" with a Crisp and a Fuzzy Set 

............................................................................................................ 50 

Fig.22 The Triangular Membership Function .......................................... 51 

Fig.23 The Trapezoidal Membership Function .................. ...................... 51 

Fig.24 The Gaussian Membership Function ............................ ..... ........... 52 

Fig.25 The Generalized bell Membership Function ................................ 53 

vi 



Fig.26 The Main Principle of Fuzzy Image Enhancement ...................... 54 

Fig.27 Basic Idea of Compression Scheme .............................................. 56 

Fig.28 Block Diagram of JPEG Compression ......................................... 57 

Fig.29 Block Diagram of JPEG2000 Compression ................................. 59 

Fig.30 The Image Compression Process ...................... .. .......................... 59 

Fig.31 General Architecture of a Fuzzy and Wavelet-Based Image 

Compression ..................... ... ... .. ........ .. ...................... ... ......... .............. 65 

Fig.32 Results using different fuzzification functions .. . .................. . 71 

Fig.33 The Fuzzification Function ........................................................... 73 

Fig.34 8x8 Image Data ............................................................................. 74 

Fig.35 2-level Wavelet Decomposition ............... ................... .... .. .. .. ...... .. 74 

Fig.36 Coefficients after Mapping ........................................................... 75 

Fig.37 Coefficients after Fuzzification .......... .. ....... .................. ............... 75 

Fig.38 Original Image (lena.bmp 512 x 512) ...... .... ........... ... .. ..... ... ... .... . 77 

Fig.39 Relationship between the Time and the Level of Wavelet 

Decon1position ............................................ .. ........ ... ... ... ... ...... ........... 78 

Fig.40 Relationship between the Time and the Compress ion .................. 78 

Fig.41 Relationship between the Time and the Decompression .............. 79 

Fig.42 Relationship between the Time and the Reconstruction ............... 79 

Fig.43 Relationship between the Total Time and the Level of 

Decomposition ................................................................................... 80 

Fig.44 Relationship between the Compression Ratio and the Level of 

Decomposition ................................................................................... 80 

Fig.45 Test Images .................................................................................... 81 

Fig.46 Compressed Images (3-Level of Wavelet Decomposition) .......... 81 

Fig.4 7 Relationship between the Compression Ratio and the Level of 

Decomposition ............................................................... 82 

Fig.48 Original Test Image (lena.bmp 512 x 512) ................................... 82 

Fig.49 Compressed Image (I-Level Wavelet Decomposition, 

vii 



Compression Ration 3: 1) .................................................................... 83 

Fig.50 Compressed Image 

(2-Level Wavelet Decomposition, Compression Ration 6: 1) .................. 83 

Fig.51 Compressed Image 

(3-Level Wavelet Decomposition, Compression Ration 13:1) ................ 84 

Fig.52 Compressed Image 

(5-Level Wavelet Decomposition, Compression Ration 62: 1) .... .......... .. 84 

Fig.53 The Diagram of IWF Colour Image Compression ....................... 87 

Fig.54 The Transform the Colour Scpace ......... ............ ........................... 87 

Fig.55 Original colour images ....... ...................................... ....... ...... ..... ... 88 

Fig.56 Compressed colour images (]-level wavelet decomposition) ...... 88 

Fig.57 Compressed colour images (2-level wavelet decomposition) ...... 88 

Fig.58 Original Test Image (lena.bmp 256x256) ............. .... ...... ....... ...... . 89 

Fig.59 Compressed Image ( I-Level Wavelet Decomposition, 

Compression Ratio 2: I ) .... .. ...... .... ........ ............. ........ ... ............. ... ... ... 89 

Fig.60 Compressed Image 

(2-Level wavelet Decomposition, Compression Ratio 3.2: I ) .... ..... ..... .. .. 90 

Fig.6 1 Compressed Image 

(3-Level Wavelet Decomposition, Compression Ratio 7.2: 1) ................. 90 

Fig.62 Compression of an Image ... .. ............. .. ......................................... 94 

Fig.63 Decompression of an Image ... ......................... ............. ....... ......... 94 

viii 



List Tables 

Table. I Sample 8 x 8 screen of red, green, blue, cyan, magenta, yellow, 

and black pixels .................................................................................. 18 

Table.2 Frequency Table for Table 3.1 ..................................................... 19 

Table.3 Huffman Codes for Fig 2.3 .......................................................... 20 

Table.4 A String Table for LZW Algorithm ............................................. 25 

Table.5 A LZW Compression Table ......................................................... 26 

Table.6 A LZW Decompression Table ..................................................... 27 

Table.7 Comparison the between Huffman and LZW Algorithms .......... 29 

Table.8 Comparing the Probability and Fuzzy Theory ............................ 49 

Table.9 Comparing the RMSE of two Algorithms ................................... 92 

IX 



List of Abbreviation 

1-D - 1 Dimension 

2-D - 2 Dimension 

ANN Artificial neural Network 

DCT Discrete Cosine Transformation 

DFT Discrete Fourier Transformation 

DHT Discrete Hada Masurium transformation 

DM - Delta Modulation 

DPCM - Differential Pulse Code Modulation 

EZW Embedded Zerotree Wavelet 

GIF 

ISDN 

IWF 

IZ 

LIP 

LIS 

LSP -

LZW 

MSE 

N 

p 

PCM 

graphic interchange format 

- Integrated Services Digital Network 

Image Compression Based on Wavelet and Fuzzy Logic 

Isolated Zero 

List of Insignificant Pixels 

List of Insignificant Set 

List of Significant Pixels 

Lempe) Ziv Welch 

- Mean Square Error 

Negative 

Positive 

Pulse Code Modulation 

PDF portable document format 

PSNR - Peak Signal to Noise Ratio 

RMSE - root mean square error 

SPHIT - Set Partitioning in Hierarchical Trees 

TIFF tagged image file format 

VQ Vector Quantification 

ZTR - Zero Tree Root 

X 



Chapter 1 

Introduction 

1.1 Overview of the Current State of Technology 

The main goal of image compression is to minimjse the data volume of an image with 

no significant loss of information. The reduction in file size allows more images to be 

stored in a given amount of disk or memory space, and it also reduces the 

transmission cost of images sent over the Internet or downloaded from Web pages. 

Several different methods exist for the compression of images. All basic image 

compression groups have advantages and disadvantages. Methods for image 

compression fall into several major categories: 

• 

• 

• 

• 

• 

Transform-based methods 

Vector quantisation methods 

Pyramid-based techniques 

Hybrid compression methods 

Huffman encoding 

Transform-based techniques are renowned to better preserve subjective image quality 

and are less susceptible to statistical image property changes both inside a single 

image, and between images. One attractive quality of transform-based techniques is 

their insensitivity to transmission channel noise. If one transform coefficient is altered 

during transmission, the resulting image distortion is distributed homogeneously 

through the image or image section and therefore undesirable disruptive effects are 

rrunimised. Predictive compression techniques is transmjtted, the error causes image 

distortion not only in a particular pixel, but withln a neighbourhood of pixels because 



the predictor involved has a considerable visual effect in a reconstructed image.are 

plagued with the problem of propagating difference value transmission errors. When 

an erroneous difference value 

Vector quantisation methods have the advantage of only employing a single decoding 

scheme; comprising of a look-up table on ly. Vector quantisation methods, however, 

require complex code, and parameters are very sensitive to image data, often blurring 

the edges of images. 

Pyramid-based techniques have a natural compression ability, and are suitable for 

dynamic image compression and smart transmission approaches. Pyramid-based 

methods have shown the potential for further improvement of compression ratios. 

Hybrid compression methods general ly combine the different dimensionalities of 

transform compressions with predictive compressions. Hybrid compression methods 

can also combine predictive approaches with vector quantisation. 

Huffman encoding fal ls into a separate category of image compression, and is 

distinguished by its provision of optimal compression and error-free decompression. 

1.2 Research Objectives 

The focus of this study is on developing a new image compression method based on 

Wavelet transforms and Fuzzy Logic techniques. Many researches have been 

conducted using Wavelet transforms, however, only very few researches have been 

done using the fuzzy approach, and the full potential of Fuzzy Logic in the field of 

image compression has not yet been fully explored. 

The general objectives of this study are: 

1. To understand the basic concepts of wavelet transform operation. 

2. To learn about image compression techniques developed using the Wavelet 
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transform and Fuzzy Logic. 

3. To combine Wavelet transforms and Fuzzy techniques to reduce the 

computational cost of image compression. 

The specific objectives of this study are: 

1. To develop a Hybrid Wavelet approach to image compression that would be faster 

and more efficient than other Fuzzy Logic approaches. 

2. To develop a fast and simple Fuzzy coding technique for generating the Wavelet 

coefficients. 

1.3 Scope and Limitations of Research 

The scope of this study will include only static images. Both grey-scale and colour 

images will be used. The scope of the study will not, however, be extended to testing 

the algorithm on video sequences. 

1.4 Assumptions 

rt is assumed that the performance of the algorithm developed in this research can be 

compared against other algorithms by compressing and decompressing the same set 

of images used by other algorithms and inspecting speed, compression ratios, and root 

mean square errors. 
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1.5 Significance of Research 

Image compression addresses the problem of reducing the amount of data required to 

represent a digital image. From the information theory viewpoint, image compression 

is the removal of redundant information, namely keeping the non-definite information, 

and removing the determined information. From a mathematical viewpoint, image 

compression means to transform a 2-D pixel array into a statistically uncorrelated 

data set, where such transformation is applied to storage or transmission of the image. 

At some rate, the compressed image is decompressed to reconstruct the original 

image or an approximation of it. 

Wavelet compression [Antonini, M., Barlaud, M., Mathieu, P., & Daubechies, I. 

( 1992)] is one of the most effective methods of image compression. The algorithm is 

based on multi-resolutional analysis. Like conventional JPEG compression, the JPEG 

compression algorithm is based on the OCT transform, and separated the whole 

image to small sub-images. This method however, returns grainy compressed images, 

or those reflecting the "block effect". On the other hand, Wavelet compression 

algorithm presents an image as sets of real coefficients. After the wavelet 

decomposition step, the most important image information is located at the low 

frequency subband. In addition, the other Wavelet coefficients of a typical image 

are nearly zero, and the image is thus well-approximated with a small number of 

high-valued Wavelet coefficients. The advantage of Wavelet compression is that, in 

contrast to JPEG, the Wavelet algorithm does not divide the image into small blocks, 

but takes and analyzes the whole image. The distinguishing characteristic of Wavelet 

compression is that it allows arriving at the best compression ratio. 

Fuzzy Logic techniques are mainly employed in digital imaging for Contrast 

Adjustment, Image Enhancement, Image Segmentation, and Image Edge Detection 

[Tizhoosh, H. R. (1997)]. 
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By and large, Wavelet image compression is gaining acceptance m the internet 

community for its robustness in the presence of noise during the transmission of 

images. Unlike predictive methods, Wavelet-based techniques do not generate square 

image compression artifacts. On the other hand, one advantage of predictive 

methods over Wavelet-based techniques is that they achieve larger compression ratios 

in a much less expensive way. In light of this problem, this research amends the 

weaknesses of pure Wavelet image compression techniques by injecting Fuzzy 

techniques to speed up the calculation of Wavelet coefficients. As a result, image 

compression is achieved by utilizing Fuzzy logic in the quantization of Wavelet 

coefficients, allowing for the preservation of important image details while discarding 

less significant ones. 

1.6 Research Methodology 

In devising a new Fuzzy and Wavelet-based image compression algorithm, the 

following steps have been taken: 

l. Study of the basic concepts of image compression. 

2. Study of the different colour spaces and implementation of colour space 

transformation equations. 

3. Study of the Run Length Coding. 

4. Study and implementation of the Huffman algorithm. 

5. Study and implementation the LZW algorithm. 

6. Study of Wavelet transforms. 

7. Study and implementation of the EZW algorithm. 

8. Study of the SPHIT algorithm. 

9. Comparison of EZW and SPHIT. 

10. Study of JPEG and JPEG 2000. 

11. Comparison of JPEG and JPEG 2000. 

12. Study of Fuzzy Logic and Fuzzy image processing. 

5 



13. Study and analysis of other image compression algorithms based on Wavelet 

transforms. 

14. Study and analysis of other existing image compression algorithms based on 

Fuzzy logic. 

1. 7 Organisation of the Thesis 

This work is divided into five chapters and is described briefly as follows: 

Chapter 2 provides a theoretical framework for the issues relating to different kinds of 

image compression and Fuzzy Logic technique (Basic image concepts, image coding, 

transform coding, Fuzzy Logic and Fuzzy image processing). 

Chapter 3 presents a review of related literature, and discusses relevant algorithms in 

detail with analysis. 

Chapter 4 presents a brief overview of the algorithm developed. The chapter starts by 

introducing the principles of the algorithm, and then fo llows with the intricacies of 

the algorithm applied to both grey-scale and colour images, including analysis and 

experimental results. 

Lastly, in Chapter 5, conclusions and future works are presented. 
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Chapter 2 

Theoretical Framework 

2.1 Basic Image Compression Concepts 

2.1.1 Image Types 

From the point of view of compression, images can be classified into the following 

categories: 

• Binary images 

• Grey-scale images 

• Colour images 

• Video images 

Binary images are those images where pixels have only two possible intensity values. 

They are normally displayed as black and white. Numerically, the two values are 

often O for black and I for white. 

Grey-scale images are coded using one number per pixel representing one of 256 

different gray tones ranging from black to white. 

Colour images use three numbers for each pixel, allowing possible use of millions of 

colours within the image. These images are often refereed to as true color RGB 

images. 

Video Images captured from video cameras are in color. Adjustments in contrast, 

color, sharpness, etc., are commonly made on these to raw video images. 
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Grey-scale, colour, and video images are differ from binary images in that 

compression methods designed for grayscale images also apply to colour image and 

video image, but do not usually apply to the binary images. 

2.1.2 Colour Space 

A colour space [Gonzalez & Woods, 2002] is a model for representing colour in 

terms of intensity values. There are a lot of colour spaces in common usage 

depending on the different application or different facility. A colour space specifies 

how colour information is represented. It defines a one, two, three, or 

four-dimensional space whose dimensions, or components, represent intensity values. 

A colour component is also referred to as a colour channel. For example, RGB space 

is a three-dimensional colour space whose components are the red , green, and blue 

intensities that make up a given colour ["Advanced Color Imaging on the Mac OS ," 

1996]. 

Colour images are encoded as triplets of values. RGB is an additive colour model that 

is used for light-emitting devices (e.g. CRT di splays). Two common colour models in 

imaging processing are RGB and CMY, two common colour models in video are 

YUV and YIQ. The YUV colour usually uses in the colour image compression. YUV 

uses properties of the human eye to prioritize information. Y represents the black and 

white (luminance) image; U and V are the colour difference (chrominance) images. 

YIQ uses a similar idea [Li & Drew, 2004]. 

Besides the hardware-oriented colour models (i.e., RGB, CMY, YUV, YIQ), HSB 

(Hue, Saturation, and Brightness) and HLS (Hue, Lightness, and Saturation) are also 

commonly used [Li & Drew, 2004]. 

In image compression, colour is usually dealt with in two forms (RGB and YUV): 

• Red, Green and Blue (RGB) colour images. RGB is perhaps the simplest and most 

commonly used colour space. It use 8 bits to hold each primary colour and then these 
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colours are combined to produce true colours that can be displayed on a monitor or 

television. 

• Luminance, chrominance and saturation (YUV). This is an abstract form of the 

ROB system that is more useful for image compression. To convert from ROB to 

YUV space, the following equations can be used: 

Y = 0.299R + 0.5870 + 0.I14B 

U = 0.492 (B - Y) 

V = 0.877 (R - Y ) 

• YIQ is used in U.S. television standard, and NTSC (National Television Syste m 

Committee). YIQ is simil ar to YUY, except that it is colour space is rotated 33 

degrees clockwise. The Y component represents the luminance information, while I 

and Q represent the chrominance in format ion. The equat ions to conve rt from ROB to 

YIQ are : 

Y = 0.299R + 0.5870 + 0.II 4B 

I = 0.74 (R - Y) - 0.27 (B - Y) = 0.596R - 0.2750 - 0.321 B 

Q = 0.48(R - Y) - 0.41 (B - Y ) = 0.2 I 2R - 0.5230 - 0.311 B 

• YCbCr is a family of colour spaces used in video systems. Y is the luminance 

component, while, Cb and Cr are the chrominance components . YCbCr is a subset of 

YUV that scales and shift the chrominance value into the range of O to I. The 

equations to convert from ROB to YCbCr are: 

Y = 0.299R + 0.5870 + O. l 14B 

Cr= ((B - Y ) I 2 ) + 0.5 

Cb= ((R - Y) / 1.6) +0.5 
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Fig.1 is the comparison of RGB, YUV, YIQ and YCrCb space (The test image is the 

standard of image compression). 

Original image (image of Lena widespread used in image processing) 
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Fig. I The Comparison of RGB, YUV, YIQ and YCrCb Colour Space 

The YUV mode is the popular color space for the colour image compression, because 

the luminance (Y) image carries the most of important spatial information of the 

orig inal image and is indeed just a weighted average of the original red, green, and 

blue digital count values for each pixel. The o ther two ind ividual chrominance (U and 

V) images show very little spatial information. This is advantageous for the goal of 

colour image compression. 

2.1.3 Data Redundancy 

In digital image compression, three kinds of basic data redundancies exist [Gonzalez 

& Woods, 2002]: coding redundancy, interpixel redundancy and psychovisual 

redundancy. If we can reduce or e liminate one or many of these redundancies, we can 

obtain the data compression effect and also we can compress image. 
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Usually in a digital image, the number of bits used for the representation of each pixel 

is constant for all the pixels, regardless of the value of the pixel and the frequency of 

occurrence of that value in the image [Zehtab-Fard]. In general, coding redundancy is 

present in an image if the possible values are coded in such way that they use more 

code symbols than absolutely necessary. Coding redundancy is almost always present 

in images that are coded without taking into consideration the occurrence frequency 

of each value [Zehtab-Fard]. 

Interpixel redundancy is another form of data redundancy, which is related to 

interpixel correlation within an image. Usually the value of certain pixel in the image 

can be reasonably predicted from the values of a group of other pixels in the image 

[Bogomjakov, 1998]. Thus , the value of the individual pixel carries relatively small 

amount of information and much more information about pixel value can be inferred 

on the basis of its neighbors' values. These dependencies between pixels' values in the 

image are called interpixel redundancy [Bogomjakov, 1998]. 

Human eye does not respond equally to all visual information , information of less 

relative importance is psychovisual redundancy. Removing this kind of redundant 

information does not obviously reduce image quality for an observing human , but in 

actuality may result in the loss of a large amount of image data. 

According to the three categories of basic data redundancies, the encoder includes 

below the three sequences independent operations, but corresponds the decoding 

contains the two counter-foreword independent operations, like the chart shows (Fig.2) 

[Gonzalez & Woods, 2002]: 
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Fig.2 Source Encoder and Decoder Model [Gonzalez & Woods, 2002] 
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As can be seen in Fig.2 , the Quantizer is no longer needed in the decompression stage. 

This is because the quantization operation is not reversible. 

2.1.4 Two Categories of Image Compression Techniques 

There are two basic types of image compression [Gonzalez & Woods, 2002] 

• Lossless compression . 

• Lossy compression. 

Lossless coding techniques guarantee that the decompressed image is absolutely 

identical to the image before compression. This is an important requirement for some 

application domains (e.g. medical imaging, where not only high quality is in demand, 

but unaltered archiving is a legal requirement). Lossless techniques can also be used 

for the compression of other data types where loss of information is not acceptable 

(e.g. text documents and program executables). 

In most applications, images (and music too) need not be reproduced exactly. An 

approximation of the original image is enough for most purposes, as long as the error 

13 



between the original and the compressed image is tolerable. As a result , lossy 

compression techniques schemes allow redundant and unnecessary information to be 

lost. It will affect the image quality, but this kind of lost the human eye can 

acceptance. Typically with lossy schemes, there is a tradeoff between compression 

ratio and image quality, normall y the high compression ratio always resulted in the 

bad image quality. In addition , lossy compress ion techniques are typicall y more 

complex and require more computations [Mai] . 

2.1.5 Compression Ratio and Error Metrics 

The compress ion rati o is a key feature of any di scuss ions of data compress ion. A 

compress ion rati o is simply, the size o f the original data di vided by the size of the 

compressed data. (For a given image, the greater the compression ratio, the smaller 

the fin al image will be.) [ Gonzalez, R. C. , & Woods, R. E. (2002)] 

Compress ion rati o = ori ginal data / compressed data 

Two o f the error metri cs used to compare the various compress ion techniques are the 

Mean Square Error (MS E) and the Peak Signal to Noise Rati o (PSNR). The MS E is 

the cumul ati ve squared error between the compressed and the ori ginal image, whereas 

PSNR is a measure of the peak e rror. Mathemati cal formulae fo r two are [Gonzalez, 

R. C. , & Woods, R. E. (2002)][ Kumar, 200 I] 

MSE=_!__ L (J(i,j)- f(i,J))2 
[I] 

N .. 
l ,j 

PSNR 
[ 

MSE J -10 log 10 2 
Max IJ(i, j~ 

[ 2 ] 
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Where N is the number of pixels in the image 

f (i,j ) if the original image pixel intens ity at i,j 

and f ( i,j ) is the compressed image pixel intensity at i,j. 

A lower value for MSE means lesser error, and as seen fro m the inverse relation 

between the MSE and PSNR, thi s translates to a high value of PSNR [Kumar, 2001]. 

2.2 Image Coding 

2.2.1 An Introduction to Image Coding 

Most image coding methods fa ll into one of four major categories: 

• Image e le ment coding 

• Predicti ve coding 

• Transformation coding 

• Other coding. 

Image element coding ind ividually codes each image ele ment, and does not consider 

relationships between image eleme nts. The most commonl y utilised methods fa ll into 

four sub-categories: The Pulse Code Modulation (PCM), the Entropy Coding, the 

Run Length Coding, and the Bit Plane Coding. 

Predictive coding onl y carries on the code to the new information, thus re moves the 

relevance and redundancy between image ele ments. The most commonly utilised 

methods fall into two sub-categories: The Delta Modulation (DM), and the 

Differential Pulse Code Modulation (DPCM). 
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Transformation coding transforms the image to another data field (for example 

frequency area), to enable a mass of information to have less data to represent. The 

most commonly utilized methods fall into three sub-categories: the Discrete Fourier 

Transformation (DFf), the Discrete Cosine Transformation (OCT), and the Discrete 

Hada Masurium Transformation (DHT). 

Other coding methods commonly include: The Hybrid Coding, Vector Quantification 

(VQ), LZW a lgorithm, and coding methods which appeared in recent years, such as 

the Artificial Neural Network (ANN) algorithm, the Fractal algorithm, the Wavelet, 

the Object-Based algorithm, the Model-Based algorithm and so on. 

Huffman coding and Arithmetic Coding belong to statistical coding (the coding 

method does not cons ider the relationship between elements; it just considers the 

appearance probability of pixel grey value and the characterist ic of distribution. This 

kind of coding method is called statistical coding). 

2.2.2 Run Length Encoding 

Run le ngth encoding [Bourke, 1995] is one o f the simplest and a straightforward way 

o f data compression methods, so that it takes up less space. This technique is taking 

advantage of re petiti ve data. These repeating data are called runs. In the image 

compression some images have large areas of constant colour. Runs are represented 

w ith a count and the orig inal data byte [Mai]. For example, a source string of 

AAAAAABBBBBCCCCCCCCDDDEEEE 

Could be represented with 

6A5B8C3D4E 

(Six A are represented as 6A. Five Bare represented as SB ... ) 
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This example represents 26 bytes of data with l O bytes, achieving a compression ratio 

of: 

Compression ratio = 26 bytes/ l O bytes = 2.6 

Run length encoding is most useful on data that contains many runs; it works very 

well for simple images such as icon, line drawings and cartoons. However for natural 

images it doesn't work just as well, because run length encoding capitalises on 

characters repeating more than three times [Mai], it also doesn't work well with 

English text. A method can make run length encoding get better results is one that 

uses fewer bits to represent the most frequently occurring data. Data that occurs less 

frequently would require more bits [Mai]. 

2.2.3 Huffman Coding 

This algorithm developed by D.A. Huffman [Gonzalez, R. C. , & Woods, R. E. 

(2002)], and is based on the fact that in an input stream certain tokens occur more 

often than others. Based on this knowledge, the algorithm builds up a binary tree 

according to their frequency of occurrence [image Compression techniques]. Each 

node of this tree is assigned a new code word, where the length of the code word is 

determined by its position in the tree. Therefore, the token wh ich is most frequent and 

becomes the root of the tree is assigned the shortest code. Each less common element 

becomes the leaf of the tree and is assigned a longer code word. The least frequent 

e lement is assigned a code word which may have become twice as long as the input 

token [Image Compression techniques]. 

The Huffman algorithm builds the binary tree will accordi ng many steps. The first 

step in creating Huffman codes is to create an array of character frequencies, in this 

step just to count the frequency of each character, this step is very important for build 

the binary tree, because it will decide the root and leaf of the binary tree. This step is 

as simple as scanning your data and incrementing each corresponding array element 
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for each character encountered. After first step the binary tree can easily be 

constructed by recursively grouping the lowest frequency characters and nodes. The 

algorithm is as follows [Mai]: 

Stepl. All characters are initially considered free nodes [Mai]. 

Step2. The two free nodes with the lowest frequency are assigned to a parent node 

with a weight equal to the sum of the two free child nodes [Mai]. 

Step3. The two child nodes are removed from the free nodes li st. The newly created 

parent node is added to the li st [Mai] . 

Step4. Steps 2 through 3 are repeated until there is only one free node left. This free 

node is the root of the tree [Mai]. 

Let us create a binary tree to explain the Huffman algorithm. The 8 x 8 pixel image is 

small to keep the example simple. The letters represent the colours Red, Green , Cyan, 

Magenta, Yellow, and Black [Mai]. 

R K K K K K K K 

K K K R R K K K 

K K R R R R G G 

K K B C C C R R 

G G G M C B R R 

B B B M y B B R 

G G G G G G G R 

G R R R R G R R 

Table. I Sample 8 x 8 screen of red, green, blue, cyan, magenta, yellow, and black 

pixels 

Before building the binary tree, the frequency table for Table.01 must be generated 
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Colour Frequency 

red 19 

black 17 

green 16 

blue 5 

cyan 4 

magenta 2 

yellow 1 

Table.2 Frequency Table for Table.O 1 

Create the Binary tree creation (Fig.3 ) 

Fig.3 Binary Tree Creations 
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The resulting Huffman coding are shown in Table.03 

red 00 

black 01 

green 10 

blue 110 

cyan 111 l 

magenta 11100 

yellow 1110 I 

Table.3 Huffman Codes for Table.a I 

The main disadvantage of Huffman coding is that encoding requires two scans over 

the whole data. The first scan is that accumulates the character frequency data, then 

compression on the second scan. It will waste the compression time. But the 

drawback can be solved by many ways. One way to remove the first scan is to always 

use one fixed table, but this method will not be optimized for every data set that will 

be compressed [Mai]. 

The second disadvantage is that the decoder must use the same binary tree as the 

encoder. This will result in take more store space to keep the binary tree. This 

drawback also can solve by providing the standard binary tree to the decoder to use, 

but this way may not be optimum for the code being compressed [Mai]. Another 

option is to store the binary tree with the data. Rather than storing the tree, the 

character frequency cou ld be stored and the decoder could regenerate the tree. 

However, this would increase decoding time; because the decoder must recreate the 

binary tree when it decodes the compressed data [Mai]. 
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Here are some sample results returned by the Image compression system developed 

(us ing Delphi) to implement the Huffman algorithm: 

Open 

lnt,:,rm,3hon ,:it C.:,m~•t':" -1,:,r 
R . .:,1 . .J,:h.:,r.:Kter 
W:.J4 
Cor11~••i:- '=',j ,:h:;ir::,,_t,:1 
·•1 ::04 
F'o:-1C':"t1t:19":' ., .;1-nr1,J 
c; ~: OOtJ•;c---i ·n c:;•~1 • 

Compress I Decompiess I Exit 

Fig.4 Delphi Implementation the Huffman Algorithm 

Original image compressed image 

Fig.5 Comparison the between Original Image and Reconstructed Image 

(Huffman algorithm) 
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2.2.4 LZW Coding 

In 1977, a paper was published by Abraham Lempe! and Jacob Ziv laying the 

foundation for the next big step in data compression [Gonzalez, R. C., & Woods, R. E. 

(2002)]. While Huffman coding achieved good results, however the Huffman coding 

was typically limited to coding one character at a time. This algorithm requires a lot 

of time on the compression and decompression step. On the other hand, Lempe! and 

Ziv proposed a scheme for encoding strings of data [Mai]. The main different 

between the two compression algorithm is that the Huffman coding one character at 

once, but the LZW coding strings of data at once. The main di fferent resulted in the 

LZW algorithm more effect than the Huffman algorithm. This technique also resulted 

in greatl y reducing the time of compress ion and decompression. 

The LZW algorithm is publi shed by Terry Welch in 1984. This algorithm improved 

upon the original by proposing a code table that could be created the same way in the 

compressor and the decompresser [Mai] . This algorithm was implemented in myriad 

applications [Mai ]. It has been integrated into a variety of mainstream imaging fi le 

formats, includ ing the GIF, TIFF and PDF. 

LZW coding is conceptually very simple . At the onset of the coding process, a st ring 

table or "dictionary" containing the source symbol to be coded is constructed [Mai]. It 

seeks to replace strings of characters with single codewords that are stored in a string 

table. Most implementations of LZW used 12-bit codewords to represent 8-bit input 

characters. The dictionary is 4096 locations, since that is how many unique locations 

you can address with a 12-bit index. The first 256 locations are initialized to the 

single characters (location O stores 0, location I stores 1, and so on), for the 

monochrome images, the fi rst 256 locations are assigned to the grey values 0, I , 2 ... 

255. As new combinations of characters are parsed in the input stream, these strings 

are added to the string table, and will be stored in locations 256 to 4095 in the table 

[Mai] . 
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The compression algorithm is as follows [Mai][ Dipperstein, 2005] 

Stepl. Initiali ze table with single character strings and the encoded string with the 

first char if the input stream. 

Step2. Read the nex t char from the input stream. 

Step3. If char is end of the input stream goto step 6. 

Step4. If concatenating the char to the encoded string produces a new string that is in 

the string table. 

• Concatenate the char to the encoded string 

• goto step 2. 

StepS. If concatenating the char to the encoded string produces a new string that is 

not in the string table. 

• Output the code for String. 

• Add the new string to string table. 

• Set the encoded string equal to the new char 

Step6. Output code for String 
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The decompression algorithm is also simple [Mai][Dipperstein, 2005): 

Step 1. Initialize table with s ingle character strings 

Step2. Read the first input char to the Old_code and output translation of Old_code. 

Step3. Read the next input char to the New_code 

Step4. lf the New_code is end of input stream exit. 

StepS. If the New_code is not in the string table 

• Set string equal to the trans lation of Old_code and concatenate char to the 

string 

Step6. If the New_code is in the string table. 

• Set string equal to the trans lation of New_code. 

Step7. Output string 

Set the char equal to the first c haracter of the string 

Concatenating the char to the Old_code produces a new string. 

Add new string to the string table. 

Set the Old_code equal to the New_code. 

Step8 goto step 3 
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Let us take a small image to explain the algorithm how it works. Consider the 

following 4 x 4 , 8-bit image [Gonzalez, R. C., & Woods, R. E. (2002)]: 

39 39 

39 39 

39 39 

39 39 

126 

126 

126 

126 

126 

126 

126 

126 

The image is encoded by processing its pixels in a left-to-right , top-to-bottom manner. 

The first step is assumed a string table . 

Codeword String 

0 0 

I I 

.. . ... 

255 255 

256 ---

... ... 

4096 ---

Table.4 A St ring Table for LZW Algori thm 

Following the above algorithm, we set String equal to 39 and Character equal to 39. 

We then output 39 and add 39-39 to the string table. S ince 0 to 255 have been 

initialized to single characters in the string table, the first available e ntry is 256. The 

new String is set to 39 and we start at the top of the While loop. This process is 

repeated until the input stream is exhausted. As we encode the data we output codes 

and c reate a string table as shown: 
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Encoded output String table 

Pixels of Output code Codeword String 

image 

39 

39 39 256 39-39 

126 39 257 39-126 

126 126 258 126- 126 

39 126 259 126-39 

39 

126 256 260 39-39- 126 

126 

39 258 26 1 126- 126-39 

39 

126 

126 260 262 39-39- 126- 126 

39 

39 259 263 126-39-39 

126 

126 257 264 39- 126- 126 

126 

Table.5 A LZW Compression Table 

So the output stream is 

<39><39><126>< 126><256><258><260><259><257><126> 

The LZW decompressor creates the same string table during decompression. It starts 

with the first 256 table entries initialized to single characters. The string table is 

updated for each character in the input stream, except the first one. After the character 

has been expanded to its corresponding string via the string table, the final character 
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of the string is appended to the previous string. This new string is added to the table 

in the same location as in the compressor's string table [Mai]. 

Let us decompress the compressed datas 

<39><39><126><126><256><258><260><259><257><126>. 

First we input the first character 39 into Old - Code and output the translation 39. We 

read next character 39 into New-Code. Since New-Code is in the string table we set 

String= 39. Then output 39. Character is set to 39 and 39-39 is the first entry in the 

string table. Old-Code gets set to 39 and jump to the beginning of the While loop. The 

process continues until we have processed all the compressed data. The 

decompression process yields output and creates a string table like that shown below. 

Decoder output String table 

input Output Codeword String 

39 39 

39 39 256 39-39 

126 126 257 39-126 

126 126 258 126-126 

256 39-39 259 126-39 

258 126-126 260 39-39-126 

260 39-39-126 261 126-126-39 

259 126-39 262 39-39-126-126 

257 39-126 263 126-39-39 

126 126 264 39-126-126 

Table.6 A LZW Decompression Table 

The decoder produces the string like this: 

39-39-126-126-39-39-126-126-39-39-l 26-126-39-39-126-126. 
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Because the image normally is a 2-D array, so we can arrange the result like this: 

39 39 126 126 

39 39 126 126 

39 39 126 126 

39 39 126 126 

The main advantage of LZW algorithm over Huffman coding is that it can compress 

the input stream in one single pass. This will result in greatl y reducing the time of 

compression and decompression; because the Huffman algorithm scans the input 

stream two times, but the LZW algorithm just scans the input stream only once. It 

maybe cuts the compression and decompression time by half. Another advantage is 

its simplicity, allowing fast execution [Mai]. A unique feature of the LZW coding is 

that the coding dictionary or string table is created while the data are being encoded. 

Remarkably an LZW decoder builds an identical decompression dictionary as it 

decodes simultaneously the encoded data stream. 

Here is the example using the Delphi to implement the LZW algorithm: 

\l(n.C.O,c1a11, 1r ·~·1,11 

.---...-..,- -1 rit:,rr1:1t1c,n,:,t C1:mp1'!'··,:1 
F: :11 , ,:h..:11 ::1 ,: t,:-r · f.(,►~ 14 

nrnp--: r--d d1.--,1 jo" 1,..., 4 ·l"11J':, 
p~h.o::r1t.:19i::- ,., :1 ·1119 34 (l':'(14314~ 

I> 

Open Coml)less I Decompress j 

Fig.6 Delphi Implementation the LZW Algorithm 
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Original Image Compressed Image 

Fig.7 Compari son the between Original Image and Reconstructed Image (LZW 

algorithm) 

2.2.5 Huffman Algorithm Vs LZW Algorithm (Results) 

Image fi le Original File s ize Compressed file size Compression ratio 

(Byte) (Byte) 
(256 X 256) 

Huffman LZw Huffman LZW 

lena.bmp 66614 31304 45597 2.13 1.46 

zelda.bmp 666 14 29470 40957 2.26 1.63 

sail boat.bmp 666 14 32313 47267 2.06 1.41 

peppe rs.bmp 66614 32326 43905 2.06 1.52 

goldhill.bmp 666 14 31584 44337 2.11 I. SO 

frogS 12.bmp 666 14 28502 51721 2.34 1.29 

elain.bmp 666 14 3 1536 44046 2.1 1 1.5 1 

couple.bmp 666 14 29438 44045 2.26 1.51 

boat.bmp 66614 29744 41847 2.24 1.59 

baboon.bmp 66614 30507 56897 2 .1 8 1.17 

aeriaJ.bmp 66614 28291 54645 2.35 1.22 

barb.bmp 66614 3 1127 50469 2. 14 1.32 

Table.7 Comparison the between Huffman and LZW Algorithms 
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Based on the results of the experiment, it is evident that the Huffman algorithm 

performs better than LZW for all test images used. The compressed file s ize returned 

by the Huffman algorithm is always smaller than the values returned LZW, and the 

compression ratio is bigger than the LZW. 

2.3 Transform coding 

2.3.1 Introduction 

In thi s section, we consider other image compress ion techniques that are based on 

modifying the trans form of an image. In transform coding, a reversible, linear 

transform is used to map the image into a set of transform coefficients, which are then 

quanti sed and coded. A variety of transformations, inc luding OFT, OCT, and WT, 

can be used to transform the image data. Fig.8 shows a typical transform coding 

system. 

Input 
. Construct nxn Forward 

Quantizer 
Symbol ,--. f-------+ f-------+ ___. 

subimages transform encoder 

Com1 Dressed Deco mpressed 

mag Image 
~ Symbol In verse Merge . . . . 

decoder transform subimages 

Fig.8 The Transform Coding System 
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Transform coding can be generalised into four stages: 

• Image subdivi s ion (some transform coding doesn' t need this stage) 

• Image transformation 

• Coefficient quantizati on 

• Symbol encoding 

For a transform coding scheme, logical modelling is done in two steps: segmentation, 

in which the image is subdivided in bi-dimensional vectors (poss ibl y o f different sizes) 

and a transformati on step, in which the chosen transform (e.g. OFT, OCT, and WT) is 

applied [Image Co mpress ion techniques]. 

Quanti sation can be perfo rmed in a number of ways. M ost class ical approaches use 

"zonal coding", consisting in scalar quanti sati on of the coeffi cients belo nging to a 

predefin ed area (with a fix ed bit allocati on), and "threshold coding", the coeffici ents 

of each block characteri zed by an abso lute value exceeding a predefined threshold. 

Another poss ibility, that leads to higher compress ion fac tors, is to appl y a vector 

quanti zation scheme to the transformed coeffi cients [Image Compress ion techniques]. 

In the symbol encoding step the same type of encoding algorithm is used fo r each 

trans fo rm coding method. In most cases a class ical Huffman code and LZW code can 

be used successfully. 

2.3.2 Discrete Cosine Transform 

The Discrete Cosine Transform was introduced by Ahmed, Natarjan, and Rao in 1974 

[Rao & Yip, 1990]. The OCT is an orthogonal transform having some features of a 

transformation to the frequency domain. 
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The 1-D discrete cosine transform (OCT) is defined as [Franti, 2002] 

N-I I (2x+l)u.1r] 
C(u)=a(u)~f(x)-col lN [ 3 l 

Similarly, the inverse OCT is defined as [Franti , 2002] 

f( x) =~a( u)C( u). co/ (2x + l)ull] [ 4 l 

u=O L 2N 

where 

a (u) 
-J¼ for 

-J¾ for 

u 0 [ 5 ] 

u 1,2, ... ,N -1 

The corresponding 2-0 OCT, and the inverse OCT are defined as [Franti , 2002] 

N-
1 
N-

1 
. [(2x + l)un] [(2 r + l)vn] 

C(u,v)=a(u)a(v)~~f(x,y)·cos 
2

N -cos · 
2

N [6] 

and 

f(x,y) = IIa(u)a(v)C(u,v)-cos --- -cos --- [7] 
N- 1 N-

1 [(2x + l)uJr] [(2y + l)v1r] 
u=O v=O 2N 2N 

The advantage of DCT is that it can be expressed without complex numbers . 2-0 

OCT is also separable (like 2-D Fourier transform), i.e. it can be obtained by two 

subsequent 1-D OCT in the same way than Fourier transform [Franti, 2002]. See 

Fig.9 for an example of basis functions of the 1-D OCT, Fig.10 for an example of the 

basis functions of the 2-D OCT [Franti, 2002]. 
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u=O u=l u=l u=3 
LO 

-l..O 

u=5 u=7 

Fig.9 1-0 OCT Bas is Functions for N=8 [Franti, 2002) . 

. . . . .. 

Fig. IO Basis Function of an 8x8 OCT [Fran ti, 2002) 

2.3.3 Wavelet Transform 

Wavelet transform [Polikar, 1995) analysis has emerged as a maJor new 

time-frequency decomposition tool for data analysis . The wavelet transform has been 

found to be particularly useful for analysing signals which are transitory, 
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discontinuous, noisy, and so on. Its ability to examine the signal in both time and 

frequency resolution is distinctive and makes a myriad of applications possible that 

traditional signal analysis tools such as Fourier transforms cannot handle. It has now 

been applied to diverse realm of data analysis or process: climate analyses, financial 

indices analysis, signal denoising, characterisation, feature extraction, data 

compression, and so on. 

Wavelet transform is an unsmooth signal analysis method. The basic idea of the 

wavelet transform is using a set of function 1//a .h (t) to represent or to approach 

arbitrary function f(t) the set of function is called wavelet function. In practice, for 

convenience, numbers are usually entered into wavelet transformations using 

base-two notation. For any arbitrary function j(t) in the L2 (R) space, the wavelet 

transform is [Qing, H., & Shu-ling, Z. (2004)]: 

cm,n r: J(t )/f m,n (t )dt [ 8 ] 

The 1-D wavelet transform is expanded to a 2-D wavelet transform for use in image 

processing. Through the horizontal and vertical filter, the 2-D wavelet transform 

decomposes the original image to horizontal, vertical, diagonal and low frequency 

four subbands. The low frequency subbands can continually be decomposed. See 

Fig. l l-Fig.13 for an example of wavelet transform. 
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LLl HLl 

LHl HHl 

Fig. I I Wavelet Decomposition 

Original Image Vertical Decomposition Image 

Horizontal Decomposition Image 

Fig.12 Vertical and Horizontal Decomposition Image 
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Original Image I-Level Decomposition Image 

2-Level Decomposition Image 3-Level Decomposition Image 

Fig.13 1 to 3 Levels Wavelet Decomposition Image 

In the next sections we discuss some of the most popular wavelets. 
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2.3.3.1 Haar Wavelet 

Haar wavelet [Polikar, 1995] is derived from the Haar function, The Haar function is 

a set of orthogonal functions. 

j
+I, 

rp(t) = 
-1, 

1 
0~ t <-

2 

The Fig.14 shows the wave shape of Haar wavelet [TheMathWorks]: 

0 

-1 

0 0.5 

Fig.14 Haar Wavelet [TheMathWorks] 

[ 9 ] 

The haar wavelet is discontinuous in the time domain, so the property is not suitable 

for use as a core function. The main advantage of the wavelet is that computation is 

simple. The key properties of the wavelet are: 

• Orthogonal 

• Compact support 

• The scaling function is symmetric 

• The wavelet function is anti-symmetric 

• It has only one vanishing moment (a minimum) 
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2.3.3.2 Morlet Wavelet 

Morlet wavelet [Polikar, 1995] is a modulated Gaussian: rp(t) = e-r' * e-2
am . it satisfies 

the admissibi lity condition on ly approximately. The error can be neglected 

numerically if a > 5.5. The Fig.15 shows the wave shape of Morlet wavelet 

[TheMath Works]: 

05 
I n 

0 \) \f' 

-0 .5 

-8 -6 -4 -2 0 2 4 6 8 

Fig.15 Morlet Wavelet [TheMathWorks] 

2.3.3.3 Marr Wavelet 

Marr wave let [Polikar, 1995] is the second derivative of the Gaussian. It sati sfies the 

admissibility condition and has two vanishing moments. 

ljl(t) [ 10] 

The Fig.16 shows the wave shape of Marr wavelet [TheMathWorks]: 
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Fig. 16 Marr Wavelet [TheMathWorks] 

2.3.4 Typical Image Compression Algorithms based on Wavelet Transform 

2.3.4.1 EZW Algorithm [Valens, 1999-2004] 

1. Algorithm principle: 

Coding is embedded in the encoder to allow the image in fo rmation in the bit stream 

to be treated di ffe rentl y according its level of importance; it can terminate the 

encoding at any point thereby allowing a target rate or target di stortion metric to be 

met exactl y. Thi s means that when more bits are added to the stream, the decoded 

image w ill conta in more detail in fo rmati on. (For example, like n , every di git we add 

would mean an increase in the acc uracy o f the number; however, we can limit the 

accuracy at any decimal place we desire.) [Shapi ro, J. M. ( 1993)]. The order of 

transmiss ion , consistent with the embedded coding, is from the most important 

(highest) position, to the least important (lowest) position. Progressive encoding is 

also known as embedded encoding 

One image passed through three levels of wavelets decomposes to produce ten 

subbands, like what Fig.17 shows. The wavelet coefficient distribution characteristic 

is that coefficients are bigger in low frequency, and al so includes more image 

information. As shown in the subband in Fig.17 coefficients are smaller in the high 
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frequency subband and include less image information. The low frequency subband 

re flects important information from the image, and it is therefore important to human 

perception of the image. The high frequency subbands reflect less important image 

in formation, and are therefore not of great importance to human perception. Because 

the wavelet coeffi c ient has these characteri stics, it complements the embedded image 

coding a lgorithm 

Ll.3 HL3 
HL2 

LH3 HH3 
-- - HL1 

U-b Hl-b 

LH1 HH1 

Fig. 17 Three Level Wavelet Decomposition 

2. EZW algorithm 

The EZW algorithm is a simple, yet remarkably effective image compression 

algorithm. It has the property that the bits in the bit stream are generated in order of 

importance yie lding a fully e mbedded code [Shapiro, 1993]. (A zerotree is a 

quad-tree o f which all nodes are equal to or smalle r than the root. A quad-tree is a tree 

where each leaf correspo nds to a uni form part of the image and each interior node has 

exactl y four children.)There are four key concepts in EZW algorithm [Shapiro, 1993]: 

• A wavele t transform or hierarchical subband decomposition. 

• Prediction of the absence of s ignificant information across scales by exploiting the 

self-similarity inherent in images. 

• Entropy-coded successive-approximation quantization . 
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• Uni versal lossless data compression whic h 1s achieved via adaptive arithmetic 
coding 

The first step in the EZW coding algorithm is to calculate the initial threshold th 

[Valens, C. ( 1999-2004)]. 

th 2 L1og 2 (Max (I J ( x, y )I ))J [ 11 ] 

He re Max ( ... ) is the max imum coefficient value in the image and f (x,y) denotes the 

coeffic ient. The EZW algorithm is as follows [Shapiro, 1993]. 

Stepl. The entire input image 1s input into the d iscrete wavelet transform, then 

produces the wavelet coeffic ients. 

Step2. Calc ulating the initial threshold th (Equation [ 11 ]). 

Step3. If the th is larger then zero. 

• Al l the wavelet coefficients pass the dominant_pass() funct ion; 

• Set the th = th /2; 

• A part of wavelet coeffi cients pass the subordinate_pass() funct ion; 

Step4. goto step 3 

Two passes are used to code the image in EZW algorithm. In the first pass, o r the 

dominant pass, the coeffic ients are scanned in raster order or morton order (see Fig .19) 

within the subbands. The scan starts with the subbands of the highest transform level. 

In each transform level, the subbands are scaned in the order LL, HL, LH, and HH. 

The coefficients are coded by symbol P, N, ZTR, and IZ [Shapiro, 1993]. 

• P, if the coefficient is greater than the given threshold and it is positive [Valens, C. 

( 1999-2004)] . 
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• N, if the absolute value of coefficient is g reater tha n the given threshold and it is 

negative [YaJe ns, C. ( 1999-2004)]. 

• ZTR, if the absolute value of coeffi cient is small the g iven thresho ld and the 

absolute value of all coefficients in the corresponding quad tree are smalle r than the 

thresho ld too [Valens, C . ( 1999-2004)]. 

• lZ, if the absolute value of coefficient is smaller than the given thresho ld and there 

ex ists a t least one coeffi c ient in the corresponding quad tree that is g reater than the 

given thresho ld with respect to the absolute value [Yalens, C. ( 1999-2004)]. 

In the subordinate pass, each coeffic ient that has been code as P or N in the previous 

domina nt pass, is now refined. If the coeffic ient is belong to [T, T + T/2) the n output 

the 0, if the coeffi c ient is belong to (T + T/2, 2T] then o utput the I. (T=th/2). Fig. IS 

shows the flow c hat fo r encoding a coefficient [S hapiro, 1993]. 

Symbol 

Yes 

Symbol 
IZ 
Symbol 

No 

Yes 

Don't 
Coding 

ZR 
Symbol 

Fig. l S Flow C hart for Encoding a Coeffi cient [Shapiro, 1993] 
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3. Algorithm analysis 

The core idea of EZW is to unceas ingly scan the image to produce man y zerotrees to 

code image. At the each scan , all the coefficients that are in absolute value larger 

than the current threshold are extracted and placed without their sign on the 

subordinate li st and their positions in the image are filled with zeroes. This will 

prevent them from being coded again. 

The existing problems of the EZW algorithm are: 

The EZW algorithm forms many zerotrees, and consequently must scan the 

coefficients many times, reducing the efficiency of the algorithm. Moreover, each 

zerotree must form after the preced ing tree has fo rmed. It is therefore very difficult to 

opt imize the algorithm by forming zerotrees concurrentl y. 

The EZW algorithm executes the same importan t coding on all frequency subbands; it 

cannot fully use the characteri stic of wavelet transformation. One of the 

improvements is that EZW separates the lowest frequency subband from other 

subbands, and carries on loss less coding fo r the lowest frequ enc y subband . 

The relati onship between zerotrees has not been taken into account by the EZW 

algori thm, and is a major di sadvantage of the algorithm. 

Through analysis of wavelet coefficients, we find a relationship between pixels within 

the same subband. It is possible to achieve compression by organizing low-value 

coefficients together, especially those in the high-frequency subband. The EZW does 

not effectively make use of this relationship. 

Ras ter Scan Morton Scan 

Fig.19 Two Kinds of Scan Ordering [Shapiro, 1993] 
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For example [Shapiro, 1993]. Encode the wavelet transform image given in Fig.20 

using the EZW algorithm, at the first step we need obtain the initial threshold. 

According to the Equation [ 11 ]: 

The initial thresho ld th= 32. 

63 -3-t 49 10 7 13 -1 2 i 
-3 1 23 1..J -1 3 3 ➔ 6 -1 
15 14 3 -12 5 -7 3 9 

-9 -7 - 1 ➔ 8 4 -2 3 2 
-5 9 -1 ..J7 -t 6 -2 2 
3 0 -3 2 3 -2 0 -t 
2 -3 6 -4 3 6 3 6 
5 11 5 6 0 3 -➔ 4 

Fig.20 Coeffic ients 

Thus, in the first do minant pass, the encoding starts as follows: 

Scanning LL3: read 63 => output p 

Scanning HL3: read -34 => output N 

Scanning LH3: read -3 I => output rz 

Scanning HH3: read 23 => output ZTR 

Sacnning HL2: read 49 => output p 

read 10 => output ZTR 

read 14 => output ZTR 

read - 13 => output ZTR 

Scanning LH2: read 15 => output ZTR 
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read 14 => output IZ 

read -9 => output ZTR 

read -7 => output ZTR 

Scanning HL 1: read 7 => output ZTR 

read 13 => output ZTR 

read 3 => output ZTR 

read 4 => output ZTR 

Scanning LH I: read - I => output ZTR 

read 4 7 => output p 

read -3 => output ZTR 

read 2 => output ZTR 

In the subordinate pass we have to refin e fo ur coeffic ients, which were encoded with 

the symbols P and N in the prev ious dominant pass . After the subordinate pass 

producing the output: 

IO 1 0 

The process continues on the second dominant pass at the new threshold of 16. 

During this pass, it produces the symbol string: 

IZ->ZTR-> N->P->ZTR->ZTR->ZTR->ZTR->ZTR->ZTR->ZTR->ZTR 

The second subordinates pass produces the output: 

100110 
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The processing continues alternating between dominant and subordinate passes and it 

can stop at any time or until the threshold is equal to the zero [Shapiro, 1993]. 

2.3.4.2 SPIHT Algorithm 

I. Algorithm principle: 

EZW is a kind of embedded image coding algorithm based on zerotrees. The zerotree 

is a more efficient structure for representing the insignificant coefficient. Considering 

the structures of zerotrees, only the tree root is of significance to EZW, other nodes 

are insignificant. Therefore EZW does not take full advantage of the structure of the 

zerotree. A.Said and W.A.Pearlman according to the basic idea of EZW to develop a 

new and more efficient algorithm: SPHIT (Set Partitioning in Hierarchical Trees). It 

uses the SOT( Spatial Orientation Tree) , set D(i,j) and L(i,j) to present thi s kind of 

tree structure(mention in before),thereby improve the efficient of coding. 

The following concepts are used in the SPHIT algorithm: 

• H: set of coordinates of all spatial orientation tree roots . 

• Z(i,j): set of coordinates of all offspring of node (i,j) and node (i,j). 

• O(i,j): set of coordinates of all offspring(immediate children) of node (i,j). 

• 0(1,j): set of coordinates of all descendants of node (i,j). 

• L(i,j) = D(i,j) - O(i,j). 

Improves the basic zerotree coding algorithm of EZW by using slightly different tree 

structures, the new structure is called spatial orientation tree, the set partitioning rules 

are simply: 

• Z(i,j) = c(i,j) + D(i,j) 
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• D(i,j)=O(i,j)+L(i,j) 

• L(i,j)=I,D(k,l) (k,l)EO(i,j) 

2. Sorting procedure 

SPIHT uses three lists, called list of insignificant sets (LIS), list of insignificant pixels 

(LIP), and list of significant pixels (LSP). In all lists each entry is identified by a 

coordinate (i,j), which in the LIP and LSP represents individual pixels, and in the LIS 

represents either the set D(i,j) or L(i,j). The sorting pass checks the significance of the 

LIP and LIS, and moves significant coefficients to the LSP. When a significant 

coefficient is a member of a set, the set partitioning rule is used to split the set. 

SPHIT algorithm [Miguel, 1999] 

Stepl. Compute the threshold. Initialize the three lists: LIP to all root nodes 

coefficients, LIS to all tress, and LSP to an empty set. 

Step2. Check the significance of all coefficients in LIP: 

If significant, output I followed by a sign bit and move it to the LSP. 

If not significant, output 0. 

Step3. Check the significance of all trees in the LIS according to the type of set: 

·for a set of type D: 

· If it is significant, output 1, and code its children: 

·if a child is significant, output 1, then a sign bit and add it to the LSP 

·if a child is insignificant, output 0and add it to the end of LIP. 
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·if the children have descendants, move the tree to the end of LIS as type L, 

otherwise remove it from LIS 

·if it is insignificant, output 0. 

·for a set of type L: 

·if it is s ignificant, o utput 1, add each of the children to the end of LIS as an 

entry o f type D and remove the parent tree from the LIS. 

·if it is insignificant , output 0. 

Step4. Decrease the threshold and go back to step 2. 

The initi a lisation process and the split process o f SPIHT algorithm are similar to 

those o f the EZW algorithm, but have improved the expressio n method for EZW's 

zerotree. A lso of importance is the c hange to how coefficients order info rmation in 

tables, w hic h causes the expression to become more simplified , thus enhancing the 

coding efficiency. 

2.4 Fuzzy Logic and Fuzzy Image Processing 

2.4.l What is Fuzzy Logic? 

Fuzzy logic is an extension of Boolean logic dealing with the concept of partial truth. 

Whereas classical logic holds that everything can be expressed in binary terms (0 or I , 

black or white, yes or no). Fuzzy logic replaces Boolean truth values with degree of 

truth [Tizhoosh, H. R. (1997)]. 

Degrees of truth are often confused with probabilities, although they are conceptually 

distinct, because fuzzy truth represents membership in vaguely de fined sets, not 
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likelihood of some event or condition. Fuzzy logic is mainly responsible for 

representation and processing of vague data (ill-defined, fuzzy). Probability theory is 

mainly representation and processing of uncertainty (randomness). Following table 

clarifies the different between the two theories [Tizhoosh, H. R. (1997)]. 

Probability Measure Membership Function 

Calculates the probability that an Calculates the membership of a 

ill-known variable X ranging on U hits well-known variable X ranging on U hits 

the well-known set A the ill-known set A 

Before an event happens After it happened 

Measure Theory Set Theory 

Domain is 2U(Boolean Algebra) Domain is [0, I ]U(cannot be a Boolean 

Algebra) 

Table.8 Comparing the Probab ility and Fuzzy Theory [Tizhoosh, H. R. ( 1997)] 

2.4.2 What is Fuzzy Set Theory? 

Fuzzy set theory is the ex tension of conventional (crisp) set theory. It handles the 

concept of partial truth (truth values between I (completely true) and 0 (completel y 

false)). It was introduced by Prof. LotfiA.Zadeh of UC/Berkeley in 1965 as a mean to 

model the vagueness and ambiguity in complex system [Tizhoosh, H. R. ( 1997)]. 

The idea of fuzzy sets is simple and natural. For example [Tizhoosh, H. R. ( 1997)], 

we want to define a set of gray levels that share the property dark. In classical set 

theory, we define a threshold is 100. All gray levels between 0 and 100 are element of 

the set; the others do not belong to the set (left image in Fig.21 ). But the darkness is 

the matter of degree. So, a fuzzy can model this property much better. To define this 

set, we also need two thresholds 50 and 150. All gray levels that are less than 50 are 

the full member of the set, all gray levels that are greater than 150 are not the member 

of the set. The gray levels between 50 and 150, however, have a partial membership 

in the set (right image in Fig.2 1) [Tizhoosh, H. R. (1997)]. 
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1 crisp set 1 fiJ77:'1 set 
I "dark gray-level:;" ~ 

\, "dmk gr.,y-level.s" 

~'-. 
~ -'\_ 

0 0 \~. 

0 50 100 150 255 0 50 100 150 255 

Fig.21 Representation of "dark gray-levels" with a Crisp and a Fuzzy Set [Tizhoosh, 

H. R. ( 1997)] 

2.4.3 Fuzzy Membership Functions 

The fuzzy membership function is selected by trial and error. There are four basic 

membership functions namely: Triangul ar, Trapezoidal , Gauss ian and Generalized 

bell [Short Term Load Forecasting Using Neural etworks and Fuzzy logic]. 

The Triangular membership function defined as: 

( (
x-a c-x) J trimf (x;a,b,c) = Max Min --,-- ,0 
b-a c-b 

[ 12 ] 

It has three parameters a (minimum), b (middle) and c (maximum) that determine the 

shape of the triangle. 

Fig.22 shows the triangular function of triangle (x, 10,50,90): 
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Fig.22 The Triangular Membership Function 

The Trapezoidal membership function defined as: 

trapmf(x;a,b,c,d)=Max Min --,1,-- ,0 ( (
x-a d-xJ J 
b-a d-c 

Fig.23 Trapezoidal function of trapezoid (x, 10, 20, 60, 95): 
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Fig.23 The Trapezoidal Membership Function 
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The Gaussian membership function defined as: 

gaussmf(x;a,b,c) =e-t:c)' [ 14 ] 

Fig.24 Gaussian function of Gaussian (x, 50,20): 
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Fig.24 The Gauss ian Membership Functi on 

The Generalized bell membership functi on defined as: 

1 
gbellmf (x; a, b, c, d) = ----

2
-b 

x-c 
l+ --, 

b 

Fig.25 Generalized bell function of Generalized_bell(x, 20, 4, 50): 
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Fig.25 The Generalized bell Membership Function 

2.4.4 Applications of Fuzzy Techniques in Image Processing 

In general, there are three image process ing based on fuzzy techniques: Fuzzy Image 

Enhancement , Fuzzy Image Segmentation and Fuzzy Edge Detection. [Tizhoosh, H. 

R. ( 1997)] 

2.4.4.1 Fuzzy Image Enhancement. 

Fuzzy image enhancement is based on the gray-level mappmg into a fuzzy plane, 

using a membership transformation [Tizhoosh, H. R. (1997)] . The aim is to generate 

an image of higher contrast than the original image_ An image f(x,y) of size M x N 

and L gray levels can be considered as an array of fuzzy singleton, each having a 

value of membership denoting its degree of brightness relative to some brightness 

levels [Hassanien & B adr, 2003]. The principle of fuzzy enhancement scheme is 

illustrated in Fig.26. 
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Fig.26 The Main Principle of Fuzzy Image Enhancement [Hassanien & Badr, 2003] 

In recent years, many researchers have applied the fuzzy set theory to develop new 

techniques fo r contrast improvement [Hassanien & Badr, 2003]. In this thesis only 

mention the name of fi ve algorithms is: 

I ).Contrast Improvement with INT-operator. 

2).Contrast improvement using Fuzzy Expected Value. 

3).Contrast Improvement with Fuzzy Histogram Hyperbolization. 

4).Contrast Improvement based on Fuzzy if-Then Rules. 

5). Locall y Adaptive Contrast Enhancement. 

2.4.4.2 Fuzzy Image Segmentation. 

The different theoretical components of fuzzy image process ing provide us with 

diverse possibilities for development of new segmentation techniques. Jn this thesis 

only mention some of fuzzy approaches to image segmentation [Tizhoosh, H. R. 

( 1997)]: 

1). Fuzzy Clustering Algorithms. 

2). Fuzzy Rule-Based Approach. 

3). Fuzzy Integrals. 

54 



4). Measures of Fuzziness and image information. 

5). Fuzzy Geometory. 

2.4.4.3 Fuzzy Edge Detection. 

In this section, only me ntion the approaches to image edge detection [Tizhoosh, H. R. 

(1 997)]. 

I ). Definition of appropriate me mbership function. 

2) . Rule-Based fuzzy Edge detection. 

55 



Chapter 3 

Review of Related Literature 

3.1 Y CC Colour Space and Image Compression 

Jn [Bourke, 2000], the YCC colour space and a n Image compression algorithm based 

on YCC colour space are introduced. This algorithm 's core idea is that it reduces the 

stored s pace of two chrominance channels to get the goal of image compression. 

Cons ide r an RGB image with Nx hori zontal pixels and y vertical pixels. If each 

pixel is represented as one byte, the image size in bytes is NxxNyx3. Consider 

sto ring the image in YCC space where the luminance channel Y is sto red as one byte 

for each pixel but the two chrominance c hanne ls are only stored for each block of say 

4x4 pixels. The resulting image would be Nx Ny + 2 (Nx/4 + Ny/4) [Bourke, 2000]. 
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Fig.27 Basic Idea of Compression Scheme [Bourke, 2000], 
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3.2 JPEG Compression Techniques 

JPEG [Gonzalez, R. C., & Woods, R. E. (2002)] is the image compression standard 

developed by Joint Photographic Expert Group. It works best on the natural images. 

Baseline JPEG compression consists of five bas ic steps: 

• Transform image to YUV colour space. 

• Reduce the colour componments (optional). 

• Divi s io n image into 8 x 8 pixel blocks and pe rform the OCT on each block. 

• Quanti ze resulting OCT coefficients. 

• Entropy codes the reduced coefficients (normally usmg Huffman and LZW 

algorithm). 

JPEG compression takes advantage of a limitat ion of the human visual system. The 

human eye can perceive small changes in brightness better than small changes in 

colour [M ai] . This allows JPEG to remove some colour informati on. 

The Fig.28 shows the JPEG process. 

Change Colour Spac< ~ OTC f----+ Quantize 
___. Encoder ~ 

r--- ~ 

and Divide Image Transform 

Fig.28 Block Diagram of JPEG Compression 
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3.3 JPEG 2000: The Next Compression Standard Using Wavelet 

Technology 

JPEG2000 [Gonzalez, R. C. , & Woods, R . E. (2002)] is an ISO specification 

([SO/ IEC 15444) for a wavelet based lossy compressed fo rmat for storing images. It 

is intended to s uperceed traditional JPEG fo rmat for many applications, providing 

better compress ion and a more flex ible imaging model. 

JPEG can be called the father of JPEG2000, but JPEG soon proved to have 

limitatio ns. The compression system is lossy, meaning that whenever an image is 

compressed and decompressed. It loses data. This eventuall y affects the image qua lity, 

and can distort the image. Anothe r limitation of JPEG is it is inability to handle sharp 

edges w ithin the image. Sharp edges created by text and geometric shapes would 

appear fu zzy and murky. The stronger the compression rate, the worse it got [Elzinga 

& Feenstra, 200 I]. 

JPEG2000 was created to address these specific problems, JPEG200 uses wavelet 

transform, complex mathematical form ulas representi ng image data, to compress 

image at a high rate w it h a small of data. Th is al lows higher qual ity images that can 

handle s harp edges better and red uce the amount of lost data form compression. 

JPEG2000 has a long list of feat ures, a subset of wh ich is [Marcell in, Gorrn ish, Bilg in, 

& Bo liek, 2000]: 

• State-of-the art low bit-rate compression performance 

• Progressive transmission by quality, resolutio n, component, or spatial locality 

• Lossy and loss less compresson 

• Region o f interest coding by progression 

• Limited memory implementation. 

T he Fig.29 shows the JPEG2000 process. 
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,Navelet 
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Quantization 

Fig.29 Block Diagram of JPEG2000 Compression 

3.4 Image Compression Techniques 

Entropy 
coding 

This paper introduces the basic techniques of image compression; it also introduces 

some lossless coding techniques and lossy coding techniques. (See Sec.2 for more 

details). 

3.5 Image Compression Method of Vector Coding Based on Wavelet 

Transform 

In [Hassanien & Badr, 2003], a new vector classified searching method is developed, 

it can accelerate searching speed to the code book. The number of code book vector 

will vary with the differential image and the classified result is modified 

self-adaptively under the distorted value 1s given. After code book is found, the 

vectors are organized according to subband sequences, and use the Run Length 

Coding and Entropy Coding. 

The Fig.30 shows the image compression process [Hassanien & Badr, 2003] 

Onginal 
Image 

Wavelet Classifield 

Transform Quantization 

Vector 

Coding 

Run length 

Encoding 

Entropy 

Coding 

Fig.30 The Image Compression Process [Hassanien & Badr, 2003] 
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3.6 Embedded Image Coding Using Zero trees of Wavelet Coefficients 

In [Shapiro, 1993], an EZW algorithm based on the wavelet transform is introduced 

in detail. The EZW is the typical image compression algorithm based on the wavelet 

transform. The paper also introduces a series of image compression algorithms based 

on the wavelet transform according to the EZW algorithm (S PHIT). See Sec. 2.3.4 

for more details. 

3.7 A Comparative Study on Digital Mamography Enhancement 

Algorithm Based on Fuzzy Theory 

In [Hassanien & Badr, 2003], some algorithms of fuzzy image enhancement has been 

introduced. The fuzzy image enhancement is based on gray level mapping into a 

fuzzy plane, using a membership transformation function. The aim is to generate an 

image of higher contrast than the original image. In this paper, five algorithms for the 

image enhancement were presented [Hassanien & Badr, 2003]. 

• Possibility Distribution Algorithm [Hassanien & Badr, 2003] (See Sec.4.4.1) 

• Contrast Improvement with Intensification Operator [Hassanien & Badr, 2003] 

(See Sec.4.4.2) 

• Contrast Improvement with Fuzzy Histogram Hyperbolozation [Hassanien & Badr, 

2003] (See Sec.4.4.3) 

• Contrast Improvement based on fuzzy If-Then Rules [Hassanien & Badr, 2003] 

(See Sec.4.4.4) 

• Local Adaptive Contrast Enhancement [Hassanien & Badr, 2003] 
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The principle of fuzzy enhanceme nt scheme used in this paper is illustrated in Fig.26. 

These researches served as the basis in determining the most suitable fu zzification 

functio n (Eq. 25) for IWF. 

3.8 An algorithm for Image Clustering and Compression 

In [KAY A, 200], a new method for image compression based on fuzzy clustering is 

introduced. The new image compression algorithm includes six steps [KAY A, 200]: 

• Pre-filte ring 

• Fuzzy image enhancement 

• Separation of image to 4x4 blocks and transformation of each block by us ing 

discrete cosine transform 

• Selectio n o f peak values of membership functions from transformed 4x4 blocks by 

zig-zag method 

• Finding of membership values, and cluster centro ids by cosine membership 

functions 

• Creatio n of segmented image, and one dimension Run Length Coding 

The new image clustering and compression method based on fuzzy logic and discrete 

cosine transform provides betters compression ratio and performing time. 

3.9 Image Coding Using Wavelet Transform 

In [Antonini, Barlaud, Mathieu, & Daubechies, 1992], a new method for image 

compressio n has been introduced, this new image compression algorithm includes 

three steps [Antonini, Barlaud, Mathieu, & Daubechies, 1992]: 

• It uses a wavelet transform to get a set of biorthogonal subbands of images 
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• According to Shannon' s rate distortion theory , the wavelet coefficients are vector 

quantized using a multiresolution codebook 

• It uses a progressive transmission 

3.10 On Embedded Zerotree Wavelets Coding and other Improved 

Algorithms 

In [Wei-guo & Bao-long, 2000], the EZW algorithm and other improved algorithms 

based on the EZW. Like SPHIT, SPECK and CREW were introduced. This paper 

also di scuss the principles and perfo rmances of these algorithms, it explains the 

research tendency in the area o f embedded image coding. 

3.11 Wavelet-based Image Compression 

In [Walker], it concentrates on wavelet-based lossy compress ion of gray-scale still 

image. It introduces the general idea of image compress ion based on the wavelet 

transform, and also int roduces some typical image compress io n algorithms (EZW, 

SPHIT, WDR , and ASWDR). 

3.12 EZW Encoding 

In [Yalens, 1999-2004) the implementation of an EZW (Embedded Zerotree Wavelet) 

encoder is explained in detail. 

3.13 Colour Image Compression/Reconstruction by YUV Fuzzy 

Wavelets 

In [Nobuhara & Hirota, 2004), a new algorithm based on the Fuzzy Wavelet is 

presented, it also discusses the compression of original image and reconstruction 

compressed image on different colour spaces (RGB and YUV colour space) . The 

62 



paper comes to the conclusion that the image compression and reconstruction on 

YUV colour space is more efficient on the ROB colour space. 
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Chapter 4 

The Image Compression Algorithm based on Wavelet and Fuzzy 

Logic (IWF) 

4.1 Central Thesis 

An image is passed through the wavelet transform and is decomposed to produce 

subbands. The wavelet coefficient distribution characteristic is that coefficients are 

large at low frequency, and also include more image information. The coefficient is 

smaller in the high frequency subband and less image information is included. The 

low frequency subband reflects the low frequency information of the image, it is 

important to human perception, so we can use the loseless algorithm for compression 

this part of the coefficients (Huffman algorithm or LZW algorithm). The high 

frequency subbands reflect the high frequency information of image, and is therefore 

of reduced importance to human vision. The IWF algorithm is then concerned with 

this part of the coefficient. 

The high frequency subband's coefficients uses the formula (Equation [24]) is used 

for mapping the coefficients to the [0 .. 255] range, after that we can use fuzzy logic 

techniques to blur the coefficients within the [0 .. 1] range. After these steps, most 

coefficients in high frequency subbands will represent the same value. Therefore we 

can easily perform the coding of the coefficients in the high frequency subbands . 

Lastly, the Huffman or LZW algorithm is employed to compress again. 
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4.2 General System Architecture 

Low Frequenc~· Huffinan 
Coding 

Coefficients 

Compressed 
Wa·,elet 

Quanti:ation 
Image 

Transform r-----+ f-----t -

Kigh Fuzzification 
Huffman 

~ Coding -Frequancy 
Codlicim ts 

Fig.3 1 General Architecture of a Fuzzy and Wavelet-Based r mage Compression 

The figure depicts the general components of a Fuzzy and wavelet-based image 

compression algorithm. Initially, the whole image is decomposed by performing a 

wavelet transform, returning the wavelet coefficients. Next, the wavelet coefficients 

are quantized using Eqn (23) to derive values representing each pixel within the range 

[O, 255]. Based on the level of decomposition, the different subbands are encoded in 

various ways. The bulk of image details would always spring from the low-subband 

and so the coefficients in this subband is encoded without undergoing fuzzification 

anymore. The rest of the other subbands (high frequency) would contain not so 

important details, and are therefore fuzz ified to reduce the number of coefficients and 

increase image compression. The last components are two Huffman coding 

components, one for encoding the important image details (low frequency), and the 

other for encoding minor image detai ls (high frequency). 

4.3 Wavelet Transform (Haar Wavelet) 

In my research, the wavelet transform is the first step in my algorithm. In order to 

implement the algorithm more easily, also the Haar wavelet transform was chosen. 

Nevertheless, other wavelet transforms can also be used instead. 
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The Haar Wavelet is the earliest known example of wavelet basis, and perhaps one of 

the simplest 01thogonal bases . Hierarchical decomposition via filter banks transforms 

a signal in terms of the new basis. Thereby, the dilation equation [Willam, Rhee, & 

Beylkin] . 

¢(t) == ✓2L h0 (k )¢(2t - k) [ 16 J 

k 

and the wavelet equati on 

1//(t) == ✓2L~ (k )¢(2t -k) [ 18] 

k 

are the mam repositori es where </J(t) is ca ll ed the scaling functi on, and 1/f(t) is 

ca ll ed the wave let func ti on. The dil ati on and wave let equati on must ho ld fo r a ll t 

[Will a m, Rhee, & Bey lkin]. Illustrate the wave let bas is construction from the dil ati on 

equati ons using Haar filte r bank . The low pass Haar filter is defined by 

h0 (0) = h0 ( I)= f ✓2 whil e a ll other coeffic ie nts are zero [Will am, Rhee, & Bey lkin] . 

Substituting the Haar low pass filter into equati on [ 16], we get 

¢(t)=</J(2t)+</J(2t-l) c19i 

The solution to thi s recurrence is the Haar scaling functi on [Willam, Rhee, & 

Beylkin]. 

() { 
1 if t E [O, l); 

q, t = 0 otherwise. 
[ 20] 
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The high pass Haar filter is defined by h1 (0) = f ✓2 and h1 ( I)= -y✓2 . 

Substituting into equation [ 18] y ields [Willam, Rhee, & Beylkin]. 

~t)=¢(2t)-¢(2t-I) [211 

So the Haar wavelet function is [Willam, Rhee, & Beylkin] 

,. ·( I ) = { 

4.4 Fuzzification Function. 

1 
-1 

() 

if 
if 
otherwise. 

t E [( I. ;! ): 
/ E [½. l J: [ 22 ] 

In this research, in order to deal with the wavelet coefficients, the range of the 

brightness level [O .... 255] is normalised into a closed unit interval [O, I] . This section 

describes the fuzzification formulas from different Fuzzy image enhancement 

algorithms. They are scrutini zed to find the most suitable fuzzification step-formula 

for the fWF algorithm. 

The algorithms described in this section are applied by scanning the whole image 

pixel by pixel, calculating the fuzzified value, and recording the results into a 2-D 

array. 

The initial step is described as follows: 

For an image of size M x N, inspect each pixel (i, j), where i runs from [O, M-1], and j 

runs from [O, N- 1], extract its value (or R,G,B values for coloured images), then 

perform the fuzzification operation. 
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4.4.1 Possibility Distr'ibution algorithm [Hassanien & Badr, 2003]: 

Thi s routine depicts an algorithm extracted from the Poss ibility Di stribution 

algorithm that shows how pixel s could be fuzzified to reflect a value between [0, I] , 

instead of [O, 255] , and is therefore scrutinized. 

S JJ 
_ min+mid · f] _ max+mid 

et I - 2 , 2 - 2 

Check all the pixel s (i,j ) 

If min<=data[i][j] and data[i][j] </31 

Compute FuzzyData[i][j] = pow((2*(pow((data[i][j] - min )/ (mid - min ),2))),2) 

If /J, <=data[i][j] and data[i][j] < mid 

Co mpute FuzzyData[i][j] = pow(( l-(2 *(pow((data[i][j] - mid )/(mid - min ),2)))),2) 

If mid<=data[i][j] and data[i][j] < /32 

Co mpute FuzzyData[i][j] = pow(( l -(2*(pow((data[i][j] - mid )/(mid - min ),2)))),2) 

If /32 <=data[i][j] and data[i][j] < max 

Co mpute FuzzyData[i][j] = pow((2*(pow((data[i][j] - mid)/(max - mid),2))),2) 

4.4.2 Contrast Improvement with Intensification Operator [Hassanien & Badr, 

2003]: 

Similarly, thi s routine, extracted from the Intensification Operator is a good candidate 

for fuzz ifying the pixel value to fall within the range [0, I], and is likewise 

scrutinized. 
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Firstly set Fe = 2 and F = gmax - gmid 
d - I 

o.sF,-1 

Then compute the FuzzyData[i][j] : 

g i. j [ 
l + g max - g 

F d 

i . j 

Where 

is the new fu zzified value fo r (i,j ) 

gmax is the maximum pixel value 

g i , j is the pi xe l value fo r (i,j ) 

4.4.3 Contrast Improvement with Fuzzy Histogram Hyperbolization [Hassanien 

& Badr, 2003]: 

In the same way, thi s routine, also fuzz ifi es the pi xe l value to fa ll within the range [O, 

I] , and is likewi se scrutini zed. 

Fuzzificati on technique: 

Ifdata[i][j] < 100 

FuzzyData[i][j] = 0 

Else if 100<=data[i][j]<=200 

FuzzyData[i][j] = ( 0 .01 * data[i][j] ) - I 

Else if 200<data[i][j]<=255 

FuzzyData[i][j] = I 
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4.4.4 Contrast Improvement based on Fuzzy If-Then Rules [Hassanien & Badr, 

2003]: 

This algorithm starts with the initialisation of the image parameters; minimum and 

maximum grey levels. It then sets grey levels by way of a fuzzification technique as 

described below [Hassanien & Badr, 2003]: 

Find the minimum and maximum gray level 

Calculating the mid gray level= (max+ min)/2 

If 0<=data[i][j]<min then 

Fuzzydata[i][j] = 0; 

Else if min<=data[i][j]<mid 

Fuzzydata[i]Li]= (data[i]Li]/(max-mid)) -I; 

Else if max<=data[i][j]<=255 then 

Fuzzydata[i]Li]= I; 

4.4.5 Experiment Results 

Fig.32 shows the experimental results of the reconstruct the image after the 

fuzzification function. Fig.32-1 shows the original image. Fig.32-2 shows the result 

of applying the fuzzification function from the Possibility Distribution algorithm. 

Likewise, Fig.32-3 shows the result of the fuzzification function from Contrast 

Improvement with Intensification Operator. Also, Fig.32-4 shows the result of the 

fuzzification function from Contrast Improvement with Fuzzy Histogram 

Hyperbolization. Lastly, Fig.32-5 depicts the result of the fuzzification function 

from Contrast Improvement based on Fuzzy If-Then Rules. 
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( I) orig ina l image (2) Result#! (3)Result#2 

(4) Result#3 (5) Result#4 

Fig.32 Results using di ffe re nt fuzzifica ti on functi ons 

Comparin g the results, the fu zz ificati on functi on from the Contrast Improveme nt with 

Intensifi cati on Operator algorithm was chosen (because thi s kind o f fuzz ifi cati on 

functi o n was found to be the best functi on fo r my image co mpress io n algorithm, as 

the quality of the reconstructed image is the best one). 

4.5 IWF Algorithm 

The strength of the IWF algorithm is in its simplicity of computation and the refore, 

offers a less expensive way of implementing. The IWF algorithm is as follows. 

Stepl. A wavelet transform decomposition. (for easy to implement, in thi s thesis we 

using the Haar wavelet transform .) 
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Step2. Use the following formula for mapping the wavelet coefficients. 

w '(i, J) = [w (i, J)- M_in * 255] [231 

(Max - Mzn) 

Where 

w'( i,j ) is the new coefficient's value of (i,j), the value range is [0 .. 255]. 

w( i,j) is a coefficient's value of (i,j ). 

min is a minimum of coefficients. 

max is a max imum of coefficients. 

Step3. Use the Huffman or LZW algorithm to compress the low frequency subband 's 

coefficients.( in this thesis, using Huffman to implement it ). 

Step4. Use the following formula to blur the coefficients. 

F,, =2 

and 

g max - g Mid 

0.5 /Fe - l 
[ 24] 

The fuzzification function was derived from [Hassanien & Badr, 2003]. However, 

the parameters now depict new meanings. 
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-F e 

[ 25 ] 

Where 

is the new coeffi c ient (i,j ) 

g max is the max imum of wave le t coeffi c ients 

g i ,) is the wave let coeffic ient (i,j) 

Fi g.32 s hows the fuzz ifica ti on functi on: 

1~- -----~---~---~---~~- - ~ 

0 .95 

0 .9 

0.85 

0.8 

0.75 

0.7 

0.65 

0.6 

o.ss 

O.S ~----~---~---~---~---~--~ 
0 so 100 150 20) 2.50 300 

Fig.33 The Fuzzification Function 

Steps. U sing RLE coding the new coefficients and using Huffman or LZW to 

compress it (in this thesis, using Huffman algorithm) 
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4.6 Sample Application of the IWF Algorithm 

Let us take a small image to explain the main idea of IWF algorithm. Consider the 

following 8 by 8, 8-bit image: 

181 171 175 18-1 19i 200 192 196 

201 198 195 201 206 202 196 189 

202 201 193 192 19-1 190 182 181 

195 192 183 180 185 188 187 189 

189 190 187 188 188 194 196 199 

19-1 193 192 195 19-1 197 197 203 

19i l9i 197 200 201 20-1 208 210 

206 207 210 213 211 212 212 211 

Fi g.34 8x8 Image Data 

After the wavelet decomposition: 

i60 767 8 -20 23 18 5 -1 

788 808 2-4 25 -8 -11 -5 6 

-9 -12 -11 ... 
j -1 6 4 2 

2 8 4 -2 9 13 9 2 

-6 7 0 -1 3 -1 -3 -5 

-2 -2 0 0 -1 -1 3 1 

0 2 4 4 -1 I -1 l 

0 3 2 0 0 0 -1 -1 

Fig.35 2-level Wavelet Decomposition 
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After mapping the coefficients changes to: 

240 242 9 0 13 12 8 6 

2--l9 255 14 1--l --l 3 5 8 

., 
2 

,, 
/ 7 8 7 7 ..) _1 

7 9 7 6 9 10 9 7 

4 8 6 6 7 6 5 5 

6 6 6 6 6 6 7 6 

6 7 7 7 6 6 6 6 

6 7 '"I 6 6 6 6 6 I 

Fig.36 Coefficients after Mapping 

After the fuzzification, the coefficients change to: 

0.91 0.92 0.26 0.25 0.27 0.26 0.26 0.26 

0.96 1.00 or --/ or -- I 0.25 0.25 0.26 0.26 

0.25 0.25 0.25 0.26 0.26 0.26 0.26 0.26 

0.26 0.26 0.26 0.26 0.26 0.26 0.26 0.26 

0.25 0.26 0.26 0.26 0.26 0.26 0.26 0.26 

0.26 0.26 0.26 0.26 0.26 0.26 0.26 0.26 

0.26 0.26 0.26 0.26 0.26 0.26 0.26 0.26 

0.26 0.26 0.26 0.26 0.26 0.26 0.26 0.26 

Fig.37 Coefficients after Fuzzification 

After the fuzzification process, the coefficients in high frequency subbands are 

basically same, so according to the property we can easily compress the high 

sub band's coefficients. 
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4.7 Grayscale Image Compression 

4.7.1 Introduction 

Grayscale images are images without co lour, or achromatic images. The levels of a 

grayscale range from 0 (black) to I (white). Each pixel value in a grayscale image 

corresponds to an amount or quantity of light. In the realm of physics, the terms 

intensity or luminance are used to describe the energy density of light. The term 

brightness is often used to describe perceived intensity in the psychological sense of 

visual perception [Gray Scales]. 

The relationship between pixel value and intensity can be nonlinear. For example, 

there is a non-linear dependence of the luminance produced by a CRT on the voltage 

of the input signal to the CRT controller since energy is proportional to the square of 

voltage [Gray Scales] . 

The human eye is sensitive to the ratios of intensity levels rather than to absolute 

values in intensity [Gonzalez, R. C., & Woods, R. E. (2002)]. Brightness (perceived 

by the eye) and loudness (perceived by the ear) are both logarithmic functions of the 

intensity of the corresponding wave (light or sound) [Gray Scales] . 

Gray-scale images are very common, in part because much of today's display and 

image capture hardware can only support 8-bit images. additionally, gray-scale 

images are entirely sufficient for many tasks and so there is no need to use more 

complicated and harder-to-process colour images. 

4.7.2 IWF Algorithm (grayscale image) 

The IWF gray-scale image compression algorithm follows the system shown in Fig. 

31. 
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4. 7 .3 Experimental Results 

4.7.3.1 Time and Compression Ratio Analysis 

In this section, the standard image (lena.bmp 5 l 2x512) was used in IWF algorithm to 

analyze the total time expenditure and compression ration. 

Fig.38 Original Image (lena.bmp 512 x 512) 

The total time includes the decomposition time, the compression time, the 

decompression time and the reconstruction time. The following graphs will 

demonstrate the relationship between the each kind of time and the level of wavelet 

decomposition. 
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Fig.41 Relationship between the Time and the Decompression 
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Fig.42 Relationship between the Time and the Reconstruction 

Based on the above graph, the decomposition and reconstruction time are smaller 

than the compression and decompression time. Therefore we can ignore the 

decomposition and reconstruction time, and just care about the compression and 
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decomposition time. The below graph demonstrates the relationship between the total 

time (compression and decompression time) and level of decomposition. 

Time of compression & decompression 

1600 ------- _____ ,. __ ... 
1400 

1200 
,,--._ 1000 'F. 
~ 

----- 800 2 

E-- 600 

400 

200 --------------... 0 
1 2 3 -± -

;J 

Level of Decomposition 

Fig.43 Relationship between the Total Time and the Level of Decomposition 

The graph below demonstrates the relationship between the compression ratio and 

level of decomposition. 
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~ 30 
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Fig.44 Relationship between the Compression Ratio and the Level of Decomposition 
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4.7.3.2 Image Compression Results 

In the experiments performed, eight standard images were used. They are a ll kinds of 

different gray-level images including natural scenes, geometric image, portraits , and 

are shown in Fig.45. The decompression images (3-level wavelet decomposition) are 

shown in Fig.46. 

Fig.45 Test Images (Standard test images for image processing) 

Fig.46 Compressed Images (3-Level of Wavelet Decomposition) 

The graph below demonstrates the relationship between the compression ratio and 

different levels of decomposition.(the test image shown in Fig.45) 
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Fig.47 Relat ionship between the Compression Ratio and the Level of Decomposition 

The fol lowing images demonstrated the quality of decompression image and 

compression ration on different level wavelet decomposition. 

Fig.48 Original Test Image (lena.bmp 512 x 512) 
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Fig.49 Compressed Image 

( I-Leve l Wavelet Decomposition, Compression Rat ion 3: I) 

Fig.SO Compressed Image 

(2-Level Wavelet Decomposition, Compress ion Ration 6: I) 
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Fig.5 I Compressed Image 

(3-Level Wavelet Decomposit ion, Compress ion Ration 13: I ) 

Fig.52 Compressed Image 

(5-Level Wavelet Decomposition, Compression Ration 62: I ) 

84 



4.8 Colour Image Compression 

4.8.1 Introduction 

The human eye has on ly three different colour (red, green and blue) receptors, each of 

them sensible to one of the three colours, so it is possible to construct a ll visible 

colours by combining the three colours. Different combinations in the stimulation of 

the receptors enab le the human eye to distinguish approximately 350000 colours. A 

RGB colour image is a multi-spectral image with one band for each colour red, green 

and blue, thus producing a weighted combination of the three primary colours for 

each pixel [Conversion of a Color Image to a Grayscale Image]. 

A full 24-bit colour image contains one 8-bit value for each colour, thus being ab le to 

display 2 
2

-1 = 16777216 different colours [Gonzalez, R. C. , & Woods, R. E. (2002)]. 

There are an infinite number of possible colour spaces instead of the common RGB 

(Red, Green , and Blue) system most commonly used in computer graphics [Bourke, 

2000] . Many of these other co lour spaces are derived by applying linear functions of r, 

g, and b [Bourke, 2000]: 

v 1 = Ar1 R + Ag1 G + Ab1 B 

v2 = Ar2 R + Ag2 G + Ab2 B 

v3 = Ar3 R + Ag:, G + Ab3 B 

Where the Ar, Ag, Ab are constants for a particular colour space. Similarly for any 

such system there are linear functions to go back to RGB space (Dr, Dg and Db are 

constants for a special colour space) [Bourke, 2000]: 

R = Dr1 vl + Dg1 v2 + Db1 v3 

G = Dr2 v 1 + Dg2 v2 + Db2 v3 

B = Dr3 v I + Dg3 v2 + Ob3 v3 
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4.8.2 IWF Algorithm (for Colour Image) 

The IWF algorithm can also be applied to colour image compression. The algorithm 

is as fol lows. 

Stepl. Transform the RGB colour space to the YUV colour space (See Sec.2.1.2 for 

more detail s). 

Step2. A wavelet transforms decomposition the Y , U and V. 

Step3. Using mapping function to deal with the wavelet coefficients 

Step4. Using the Huffman or LZW algorithm to compress the low frequency 

subband's coefficients.( in this thesis, using Huffman to implement it). 

Steps. Using the fuzzification function handle the new coefficients to get the fuzzy 

coefficients. 

Step6. Using RLE coding the new coeffic ients and using Huffman or LZW to 

compress the fuzzy coeffic ients 

The Fig.52 shows the IWF colour image compression algori thm. A s compared to 

the TWF algorithm for gray-scale images, the general system architecture now 

includes a component for transforming the R,G,B values of a pixel into its YUV 

equivalent. As a consequence, this system now employs the Fuzzification function 

independently for each colour component. 
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Fig.53 The General Architecture of the IWF Colour Image Compression 

Let us take a small image to explain the main idea of IWF algorithm how to compress 

the colour image. Consider the following 8 by 8, 24-bit image: 

For the first step, transform the RGB values depicting the image into YUV colour 

components. 

Transform to YUV 

Fig.54 The Transform the Colour Space 

After the colour space transform, the colour image compression steps are the same as 

the gray-scale image compression . However, the mapping and fuzzification steps 

require processing separately the Y, U and V colour components. 
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4.8.3 Experimental Results 

[n the colour image experiments, using the different colour images shown in (Fig.54) 

to test the fWF algorithm to compress the colour image in di fferent levels of wavelet 

decomposition (Fig.55-Fig.57) [USC-SfP[ Image Database - Miscellaneous], it was 

observed that the level of image compression depends on the image content. In 

particu lar, i f there is a distinguishable colour difference (by way of human vision 

judgment) between the background and objects (e.g. bright ly-lit background with 

objects that are easil y identifiable), then the resulting level of image compression is 

high. 

Fig.55 original colour images 

Fig.56 Compressed colour images ( I-level wavelet decomposition) 

Fig.57 Compressed colour images (2-level wavelet decomposition) 
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The following images demonstrated the quality of decompression image and 

compression ration on different level wavelet decomposition 

Fig.58 Original Test Image ( lena.bmp 256x256) 

The process of image compression is demonstrated in the fo llowing image (Fig.54 

- Fig.57) 

Fig.59 Compressed Image 

()-Level Wavelet Decomposition, Compression Rat io 2: I ) 
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Fig.60 Compressed Image 

(2-Level wavelet Decomposition , Compression Ratio 3.2: I) 

Fig.61 Compressed Image 

(3-Level Wavelet Decomposition, Compression Ratio 7.2: 1) 
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4.8.4 Comparison between IWF Algorithm and Other Algorithms (based on 

Colour Images) 

By using the ori ginal colour image 'Lenna' (256 x 256 pixels) shown in Fig 7.14 

extracted from standard image database (STDBA), an experimental compari son of the 

new image compress ion based on W avelet & Fuzzy Logic and colour image 

compression-reconstruction by Fuzzy Wavelet. In the experiment, the main factor 

considered in the analys is is the root mean square error (RMSE). The RMS E defined 

as 

RMSE= I I I((k-R)' +(c - c)'+ (s·- s)') l 26 l 
~3 * M * N 

Where R, G, B and R., G B stands for the original image and reconstructed one. 

Using the same image, the RMSE of the new image compression based on W avelet & 

Fuzzy Logic is lower than that of colour image compress ion-reconstruction by Fuzzy 

Wavelet. The table below shows the compression ratio and the RMSE of two 

algorithms. 

For the IWF algorithm, it is worth-noting that based on the di fferent levels of 

decomposition used, as shown in Figures 59-6 1, the best level of decomposi t ion was 

found to be the 3-level, and so it is used for comparison in the following table. It is 

evident in Table 9 that TWF performs better both in terms of compression ratio, and 

RMSE. This means that IWF returns a more compact form of the original image, 

consuming lesser space, as well as a more accurate representation of the original 

image; that is, lower RMSE value. 
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A lgori thm Compression ratio RMSE 

The new image 

compression based on 

Wavelet & Fuzzy L ogic 
16 20.32 

colour image 

compression-reconstruction 

by Fuzzy W avelet 
IO 25.96 

[Nobuhara, 2004] 

Table.9 Compari ng the RMSE of two A lgori thms 
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Chapter 5 

Conclusions and Future Works 

5.1 Wavelet Image Compression 

Wavelet compression is one of the transform coding methods. Wavelet compression 

algorithm presents an image as set of real coefficients, after the wavelet 

decomposition, the great value coefficients are located at the low subband, the other 

low coefficients are located at the high subbands. The coefficients in the low subband 

represent the most important image information; the other coefficients in high 

subbands are nearly zero. In contrast to the traditional JPEG, wavelet algorithm uses 

the wavelet transform to replace the OCT transform in the JPEG, and wavelet 

algorithm analyze the whole image, this feature of wavelet compression a llows 

getting the high compression ratio and better image quality. On the other hand, the 

JPEG must divide the image into 8x8 small blocks; this will cause the block effect. 

The main different between the wavelet and JPEG resulted in wavelet-based image 

compression fast development. 

All common wavelet-based image compression algorithms include five basic steps 

[Betz, Bhagat, Murphy, & Stengler]: 

I . Digitize the source image into signals, which is a string of numbers. 

2. Decompose the signal into a sequence of wavelet coefficients W. 

3. Use thresholding to modify the wavelet coefficients form W to another 

sequence W · . 

4. Use quantization to covert the wavelet coefficients W to a sequence Q. 

5. Apply entropy coding to compress Q into a sequence E. 
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In the thesis, it also uses the basic technique of Wavelet decomposition to deal with 

the digitized image. After decomposition , it uses different formula (equation [24]) 

and the Fuzzy Logic techniques to treat the Wavelet coefficients. 

The stages of compression and decompress ion are show n in Fig.58 and Fig.59. All of 

the steps shown in the compression diagram are in vertab le, except for the 

quantization step [James S, W]. 

Image 
\1/avelet 

Transfom1 1----.i Quantize 
Compressed 

Encode 1--- Image 

Fig.62 Compression of an Image [James S, W] 

Round off to Inverse 
Compressed I Decode I \\Tavelet Integer values, 

Image I I 
Create Image Transfonn 

Fig.63 Decompression of an Image [James S, W] 

5.2 Fuzzy Image Compression 

In recent years subband image cod ing, espec iall y wavelet-subband image cod ing, 

e merged as an efficien t method for image compression. There is also an increasing 

interest in image compression which provides desired image quality or compression 

rate for the particular application [Planinsie, 2000]. 

To avoid the indicated constraints and the repeat scanning of the Wavelet coefficients, 

a more computationally efficient method which involves the blurring of the Wavelet 

coefficients by fuzzy techniques are developed [Planinsie, 2000]. The fuzzy 

techniques are used for adjusting the quantization steps. Uses of fuzzy techniques 

a llow si mple solving of the computationally expensive and the scanning problem. 
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This can be determined computationally efficient analytically using the so cal led low 

distortion models, although at higher compression rate the better result is achieved by 

fuzzy logic [Planinsie, 2000]. 

5.3 Synopsis 

In this thesis, a new image compression algorithm called IWF based on wavelet and 

Fuzzy logic techniques is presented. The key idea is to use wavelet transform to 

decompose the image, and apply Fuzzy Logic to optimize the calculation of wavelet 

coefficients. The main advantage o f the TWF algorithm is that it is computationally 

inexpensive as compared to other algorithms when dealing with coefficients that do 

not refl ect much image in formation. 

This research contributes in the field of image compression in that it prov ides a new 

image compression algorithm called [WF. Furthermore, this research ex tends the 

repertoire of fu zzy logic techniques in image processing. It simplifies the scanning 

of the wavelet coefficients by reducing it to no more than two times. Therefore, it 

provides a fast and simpler method for the image compression. In addition, as 

compared to other techniques, nearl y almost other image compression algorithms 

scan the coe fficients more than three times. Lastl y, another advantage is that the 

IWF algorithm is much easier to implement as it does not rely on the associations 

between the wavelet coe fficients. 
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5.4 Research Papers Published 

The following is a list of research papers published as conference proceeding, as a 

result of this research untaking. 

I . Li Huang, N.H.Reyes, (2006). A Fuzzy and Wavelet-based Image Compression. 

Proceedings. The I st Korean-NewZealand joint Workshop on Advance of 

Computational Intelligence M ethods and Applications. A UT Technology Park, 
Auckland,New Zealand, 17, Feb. 2006. 

2. Li Huang. (2005). Image Compression based on Fuzzy Technique and Wavelet 

Transform. Proceedings of the second Annual Post graduate Conference of the 

Institute of in formation and mathematical Science, Massey Uni vers ity, 
Auckland, New Zealand, 27, Oct. 2005. 

5.5 Suggestions for Future Work 

There are many areas touched on this thesis that cou ld be expanded for future 

research works. For one, the wavelet transform used in this research employed the 

Haar wavelet, but other wavelets could be used as well. Also the fuzzy logic 

technique used for the calculation of the coefficients could be modi fied to improve its 

accuracy. This algorithm also loses some in formation in the quantization and 

fuzzification step, so in future work, determining a better quantization and 

fuzzification scheme are most important. 
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Appendix (the main code for thesis): 

Wavelet transform function 

procedure TForm I .HaarWaveletTransform(pic: TCoefficient; wl: TCoefficient; 
dx,dy,depth: Integer); 

var 

Row,Col,i ,j : Integer; 

A,B,C,D,Ho,Hx,Hy,Hc: Integer; 

Temp: TCoefficient; 

begin 

SetLength(Temp,Bmp_ Width,Bmp_Height); 
Row:=0; 

Col :=0; 

while Row<= dy - I do 

begin 

while Col <= dx - I do 
begin 

A:=pic[Row ][Col] ; 

B:=pic[Row][Col+ I] ; 

C:=pic[Row+ I ][Col] ; 

D:=pic[Row+ I ][Col+ I]; 

Ho:=(A+B+C+D) di v 2; 
Hx:=(D+C-B-A) div 2; 

Hy:=(D-C+B-A) di v 2; 

Hc:=(D-C-B+A) di v 2; 

temp[Row div 2][Col div 2]:=Ho; 

temp[Row div 2][Col div 2 + dx div 2]:=Hx; 
temp[Row div 2 + dy div 2][Col div 2] :=Hy; 

temp[Row div 2 + dy div 2][Col div 2 + dx div 2]:=Hc; 

Col:=Col+2; 
end; 

Col:=0; 

Row:=Row+2; 
end; 

for i:=0 to dy - I do 

begin 

for j:=0 to dx - I do 

begin 

wl [i] Li] :=temp[i][j] ; 
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temp[i][j]:=0; 

e nd; 

end; 

if depth> 0 then 

begin 

HaarWaveletTransform(wl,wl,dx div 2,dy div 2,depth - I); 

end; 

end; 

procedure TForm I .InHaarWaveletTransform(wl: TCoefficient; pie: TCoefficient; 
dx,dy,depth: Integer); 

var 

Row,Col,i,j : Integer; 

A,B,C,D,Ho,Hx,Hy,Hc: Integer; 

Temp: TCoeffic ient; 

begin 

if depth>O then 

InHaarWaveletTransform(wl,wl,dx div 2,dy div 2,depth- 1 ); 

SetLength(Temp,Bmp_ Width,Bmp_ Height); 

Row:=0; 

Col:=0; 

i:=0; 

j:=0; 

whi le Row<= dy di v 2 - I do 

begin 

while Col<= dx div 2 - I do 

begin 

A:=wl[Row][Col]; 

B:=wl[Row][Col+dx div 2]; 

C:=wl[Row+dy di v 2][Col]; 

D:=wl[Row+dy div 2][Col+ dx d iv 2]; 

Ho:=(A+D-8 -C) div 2; 

Hx:=(A+C-B-D) div 2; 

Hy:=(A+B-C-D) div 2; 

Hc:=(A+B+C+D) div 2; 

temp[i][j]:=Ho; 

temp[i] Li+ I ]:=Hx; 

temp[i + I J[j]:=Hy; 

temp[i + I J[j + 1 ]:=He; 

j:=j+2; 
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Col:=Col+ I; 

end; 

Col :=0; 

i:=i+2 ; 

j:=0; 

Ro w:=Row+ I ; 
end ; 

for i:=0 to dy - I do 

begin 

for j:=0 to dx - I do 

beg in 

pic[i] [j] :=temp[i] [j] ; 
temp[i][j] :=0; 

end ; 

end ; 

end ; 

Fuzzification, compression and decompress ion function: 

fun cti o n TForm I .set_ fu zzydata(scale,count : Integer): integer; 

var 

x,y,width ,he ight: Integer; 

begin 

width:=Bmp_ Width shr scale; 

Heig ht:=Bmp_Height shr scale; 

fo r y: =0 to Height - I do 

beg in 

fo r x:=width to 2*width - I do 

begin 

de_fuzzy[x ,y] :=de_data[ count] ; 

count:=count+ I ; 

end; 

end ; 

for y:=height to 2*Height - 1 do 

begin 

for x:=0 to width - 1 do 

begin 

de_fuzzy[x ,y] :=de_data[ count] ; 

count:=count+ 1; 

end; 

end ; 
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for y:=height to 2* Height - I do 

begin 

for x:=width to 2* width - I do 

begin 

de_fuzzy[x,y] :=de_data[ count]; 

count:=count+ I; 
end; 

end; 

set_ fuzzydata:=count; 
end; 

procedure TForm I .Compress_BtnCl ick(Sender: TObject); 
var 

x,y,initial_ value,i,num: Integer; 

Temp: Double; 

T,result_str: String; 

temp I : TCoefficient; 

StartTime, StopTime: Tsystemtime; 
difference: String; 

f: fil e of Byte; 

begin 

num:=0; 

resul t_str:="; 

memo I .Lines.Clear; 

for y:=0 to Bmp_Height - I do 

begin 

for x:=0 to Bmp_ Width - I do 
begin 

Temp:=Power(( I + (255 - New_Coefficient[x,y]) / F _d),-F _e); 
Temp:=Power(Temp,2); 
Str(Temp:2:2,T ); 

Temp:=StrToFloat(T); 

Fuzzy_ Yalue[x,y] :=Temp; 

end; 

end; 

for i :=level+ I downto I do 

begin 

result_str:=result_str + form I .Compression(i); 
end; 

end; 
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function TForm I .Compression(scale: Integer):string; 
var 

x,y,count, width,height: Integer; 

new _str: String; 

temp: double; 

stream: TfileStream; 

begin 

count:=0; 

new _str:="; 

width:=Bmp_ Width shr scale; 

Height:=Bmp_Height shr scale; 

temp:=Fuzzy_ Yalue[width,O] ; 

for y:=0 to Height - I do 

begin 

for x:=width to Ywidth - I do 

begin 

if temp= Fuzzy_ value[x,y] then 

begin 

count:=count + I ; 
end 

else 

begin 

new_str:=new_str + lntToStr(count) + fuzzydata21etter(temp); 
temp:=Fuzzy_ Yalue[x,y]; 

count:= I ; 
end; 

end; 

end; 

if count >= I then 

begin 

new _str:=new _str + IntToStr( count) + fuzzydata2letter(temp ); 
count:=0; 

end; 

temp:=Fuzzy_ Yalue[O,height] ; 

for y:=height to 2*Height - I do 
begin 

for x:=0 to width - I do 

begin 

if temp= Fuzzy_ value[x,y] then 

begin 

count:=count + I ; 
end 
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else 

begin 

new_str:=new_str + IntToStr(count) + fuzzydata21etter(temp); 

temp:=Fuzzy_ Value[x ,y]; 

count:=!; 

end; 

end; 

end ; 

if count>= I then 

begin 

new_str:=new_str + IntToStr(count) + fuzzydata21etter(temp); 

count:=0; 

end; 

temp :=Fuzzy_ Value [ width,height]; 

for y: =height to 2*Height - I do 

begin 

for x: =width to 2*width - I do 

begin 

if temp= Fuzzy_ va lue[x,y] then 

begin 

count :=count + I ; 

e nd 

e lse 

begin 

new_str:=new_str + lntToStr(count) + fuzzydata21etter(temp); 

temp:=Fuzzy_ Value[x,y]; 

count := I ; 

e nd ; 

end; 

end ; 

if count>= I then 

begin 

new_str:=new_str + IntToStr(count) + fuzzydata21etter(temp) ; 

count:=0; 

end; 

Compression:=new _str; 

end; 

procedure TForm I .DeCompression(File_name: String); 

var 

len,i ,count,start,finish,j: Integer; 

str,tempstr,tempstr 1: String; 

value : Double; 
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begin 

start:=0; 

Count:=0; 

tempstr:="; 

temps tr I:="; 

memo2. Li nes.LoadFromFi le(Fi le_name ); 

Str: =Memo2. Lines. Text; 

len:=Length(str); 

for i:=I to !en do 

begin 

case str[i] of 

'A': 

begin 

temps tr I :=tempstr I + 'A'; 

end; 

'B': 

begin 

tempstrl :=Tempstrl + 'B '; 

end; 

'C': 

begin 

temps tr I :=Tempstr I + 'C'; 

end; 

'D': 

begin 

temps tr I :=Tempstr I + 'D'; 

end; 

'E': 

begin 

tempstrl :=Tempstr l + 'E'; 

end; 

'F': 

begin 

temps tr I :=Tempstr I + 'F'; 

end; 

'G': 

begin 

tempstrl :=Tempstrl + 'G'; 
end; 

'H': 

begin 

tempstrl :=Tempstrl + 'H'; 

end; 

'I': 
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begin 

tempstrl :=Tempstr l + 'I'; 
end; 

'J': 

begin 

tempstr I :=Tempstr I + 'J'; 
end; 

e lse 

if tempstrl <>" then 

begin 

Value:=letter2fuzzydata(tempstr I); 

finish:=start + StrTolnt(tempstr) - I; 

for j:=start to finish do 

begin 

de_data[j] :=Value; 

end; 

start:=start + StrTolnt(tempstr); 

tempstr:="; 

temps tr I:=" ; 

tempstr:=tempstr + str[i]; 

end 

else 

begin 

tempstr:=tempstr + str[i]; 

end; 

end 

end; 

end; 

Other functions: 

function TForrnl .GetMaxYalue(rn: TCoefficie nt ;dx,dy: Integer): Integer; 

var 

Max,i ,j: Integer; 

begin 

Max:=0; 

for i:=0 to dy - I do 

begin 

for j:=0 to dx - I do 

begin 

if rn[i]Li] > Max then 

Max:=rn[i]Li]; 

end; 

end; 
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GetMax Yalue:=Max; 

end; 

function TForm I .GetMin Yalue(m: TCoefficient ;dx,dy: Integer): Integer; 

var 

Min ,i,j : Integer; 

begin 

Min:=0; 

for i :=0 to dy - I do 

begin 

for j :=0 to dx - I do 

begin 

if m[i]Li) < Min then 

Min :=mfi][j] ; 

end; 

end ; 

GetMinYalue:=Min; 

end; 

procedure TForm I .set_fuzzygray(tcmp: TFu zzy_gray; ini_ va lue: Integer); 

var 

x,y,num : Integer; 

total,average : double; 

begin 

total :=0.0; 

num:=0; 

for y:=0 to ini_va lue - I do 

beg in 

fo r x:=ini_ va lue to 2* ini va lue - I do 

begin 

total:=total + temp[x,y] ; 

num:=num + I ; 

end; 

end ; 

average:=total / num; 

for y:=0 to ini_ va lue - I do 

begin 

for x:=ini_value - I to 2* ini value - I do 

begin 

temp[x,y] :=average; 

end; 

end; 

end; 
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function TForm I .fuzzydata21etter(value: Doubte):string; 

var 

temp,temp t : String; 

ten,i : Integer; 

begin 

tempi:="; 

temp:=FloatToSLr(value): 

len :=tength(Lemp ); 

for i:=3 Lo ten do 

begin 

case Lem pf i I of 

'O': 

Lemp I :=Lemp I + 'A '; 

'I': 

temp I :=temp I + 'B ': 

'2': 

temp I :=temp I + 'C'; 

'3': 

temp I :=temp I + 'D': 

'4': 

temp I :=temp I + 'E'; 

'S': 

temp I :=temp I + 'F': 

'6': 

temp I :=temp I + 'G ': 

'7': 

temp I :=temp I + 'H': 

'8': 

temp I :=Lemp I + 'I'; 

'9': 

temp I :=temp I + 'J': 

end; 

end; 

fuzzydata21eLter:=Lemp I ; 

end; 

function TForm I .letler2fuzzydata(value: slring):double; 

var 

Lemp: String; 

len,i : Integer; 

begin 

temp:="; 

ten:= tength(vatue); 

for i := t to ten do 
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begin 

case value[i] of 

'A': 

temp:=temp + 'O'; 

'B ': 

te mp:=temp + ' I '; 

'C ': 

temp:=temp + '2'; 

'D' : 

temp:=temp + '3'; 

'E': 

te mp:=temp + '4' ; 

'F': 

temp:=temp + '5'; 

'G': 

te mp :=temp + '6'; 

'H ': 

te mp:=temp + '7' ; 

'I': 

te mp:=temp + '8'; 

'J' : 

temp:=tcmp + '9' ; 

e nd ; 

end ; 

tcmp:='0. '+temp; 

letter2fuzzydata:=StrT0Fl oa1(1emp); 

end; 
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