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Abstract 
 

       

       Data compression is one of the important topics in computer science that 

is concerned in reducing the size of data. There are many techniques for data 

compression used for specific type(s) of data and some other used for general 

purpose (i.e. for any type of data). 

       This work concerned with developing a system model for audio 

compression based on fractals. The developed system consists of two major 

units; the first is the Encoding unit and the second one is the Decoding unit.   

       In the Encoding unit, the original audio is partitioned into range blocks 

(non overlapping blocks) and domain blocks (possibly overlapping blocks 

according to a specific jump size) using the fixed block size audio partitioning 

scheme. The best matched domain block (i.e. the more self-similar blocks) 

must be found for each range block by applying an approximate affine 

transformation. The compression process is finished by storing only the 

parameters of these transformations for every range block. The task of finding 

self-similarities (via the matching process) by a full search of the domain pool 

is of high computational complexity and is considered to be the major 

drawback of the fractal audio compression method.  

       The Decoding unit is typically done by iteratively applying the 

transformations to any initial audio, until convergence is achieved. The 

decoding module is less computational demanding than the encoding module.  

       This work is an attempt to develop lossy audio compression software 

based on the fractal coding. The wave data are partitioned into range blocks 

and also the wave data is downsampled by (2) to get domain block. Each 

range block is searched in the domain pool to get best range block. Then the 

quantized affain transform parameters are stored in the compression file.    

       The time required to compress an audio file is affected by the size of each 

block being extracted from the processed audio file, this means larger block 

size implies longer time required to compress the corresponding audio 

file.                                                                                                                       



 

 

II 

                                      The developed software was tested using four wave 

samples of data, and give encouraging result. 

     

                           



Chapter Five                                   Conclusions & Future Work  Suggestions    

                   
     

 46 

Chapter Five 

Conclusions & Future Work 

Suggestions 
 
 

4.1 Conclusions 
       In this work an attempt is made to design a fractal audio compression 

system, which can process a PCM wave file data. 

       This work covers the use of transform coding technique to compress the 

audio signal. From the test results which was done on some selected wave 

samples, a number of conclusion remarks was drawn:  

1. The results of encoding unit are affected by two factors, they are the Block 

size and Jump size factors. The effects of these two factor could be 

described as: 

a. The encoding time is inversely proportional with both Block size 

and        Jump size. 

    b. PSNR is inversely proportional with both Block size and Jump size. 

    c. MSE is proportional with both Block size and Jump size. 

    d. Compression Ratio is proportional with both Block size and Jump      

        size. 

2. In this work, the fractal audio compression method was implemented. This 

method has the disadvantage of a very long encoding time. This can 

considered as the main weak point in fractal compression method. 
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3. In order to keep the quality of the reconstructed audio, it is not 

recommended to increase the block size more than 256 although this 

operation will increase the compression ratio. 

 

 

4. As the Jump size is small, the domain pool is large, so a better quality on 

the reconstructed audio will be obtained. 

5. From the resulted PSNR it can noticed that the block size has an affect on 

the compression results, as the block size n increases. The PSNR 

decreases.  

6. The IFS coefficients (scale and offset) highly affect the compression ratio 

and it was improved when they are quantized. But these coefficients do not 

have any affect on the encoding time. 

7. The exploitation of psychoacoustic models in the design of audio coders 

has led to high compression ratio while keeping audible degradation in the 

compressed signal is minimum. 

8. Fractal method for sound and images compression can provide good 

quality compression performance. 

9. In spite of using different wave files to compress them but one can notice 

that the PSNR tendency is similar in all experiments (i.e., became lesser as 

the block size or the compression ratio increased). 

10. The encoding step in fractal compression involves very high time 

complexity (i.e. long encoding time). This weak aspect makes the fractal 

compression method still not widely used as standard compression,  

although it achieves a high compression performance, since time is one of 

the most considerable factors in any compression method. 

11.  By noticing the encoding unit, it is clear that the long time process implied 

in the encoder is resulted from the matching module, where for each range 

block the searching process is trying to find the domain blocks, which 
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satisfy the best match with the considered range block among the other 

whole domain blocks taking into consideration the symmetry states. So 

this searching with its matching, transformation, off course. will lead to 

long encoding time for fractal method.   

 

4.2 Future Work Suggestions 
       The followings are recommendations for the future work: 

1. Study the effect of the noise, may present in the signal, on compression,  

and trying to decrease its deformation effect on the audio signal. 

2. Apply filtering to the reconstructed data to remove the high frequency 

components resulted after the compression phase. 

3. Develop the software system to open the coded file directly (decode it 

and play it at the same time).  

4. In order to reduce the long encoding time of fractal compression and 

make it reasonable, which will lead to consider the fractal compression 

as one of the best compression methods in terms of its compression 

ratio and encoding time. We Suggested an approach depends on the 

idea of reducing the matching search operation by suggesting a new 

searching mechanism.   

5. Elimination of the unvoiced data samples from the original input data 

to decrease the compression time. 

6. Suggest approaches for the encoding time reduction, by speeding up the 

operations in the encoding process, will lead to reduce the encoding  

time will keeping relatively the quality of the reconstructed audio.  

7. Trying to use another audio partitioning scheme, which may cause a 

better quality for the reconstructed audio? 

8. Choosing some methods for classifying the domain blocks. 
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9. Since the resulted IFS code consists of only the parameter vectors, then 

it is possible to use any data compression method to further compress 

this code and obtain better compression performance.  
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Chapter Four 

Experimental Results and 

System Evaluation 
 
4.1 Introduction  

          This chapter is dedicated to present the result of applying fractal audio 

compression method on several audios in order to evaluate the performance of 

the suggested audio compression. For evaluation the objective quality 

measures (such as the Mean Square Error MSE and the Peak Signal to Noise 

Ratio PSNR) were utilized. 

          Audio compression system using fractal method has been built by using 

the programming language, visual basic version (6), and all tests were 

implemented on Pentium-4 computer under xp windows operating system. 

 

 

4.2 Test Files 
          Four audio files (PCM, mono and 8-bit per sample with different sizes)  

were used as the test material. 

 

4.3 Experimental Results 
          In this section, a number of experiments were conducted to study the 

system behavior using different performance criteria. 
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4.3.1 performance parameter 
          Several parameters were taken into consideration to study the 

performance of the suggested fractal audio compression system. The consider 

control parameters are: the block size, jump size, MaxScale, MaxOffset, 

MinOffset, and Quantization steps for both scale and offset. 

 

4.3.2 performance measures 
          Some performance measures were taken in consideration to evaluate  

the performance efficiency of the suggested fractal audio compression system. 

The adopted parameters are the compression ratio and the fidelity criteria  

PSNR, MSE.  

 

4.4 Test Results 
          In this section, the results of four examples will presented, the results 

are presented in terms of figures and tables to demonstrate the effect of the 

control parameters on the performance of audio compression system.   

 

4.4.1 Audio Test Samples 
          Table (4.1) presents the attributes of the adopted four test files. Figures 

(4.1) to (4.4) show the waveform of test samples, and their corresponding 

down sampled  by waveform.  
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Name Wave1 Wave2 Wave3 Wave4 

Type Wave sound Wave sound Wave sound Wave sound 

Size 34.1KB 80.6KB 146KB 70.3KB 

Bit Rate 176 kbps 88 kbps 88 kbps 88kbps 

Sample Size 8 bits 8 bits 8 bits 8 bits 

Channels 1(mono) 1(mono) 1(mono) 1(mono) 

Sample Rate 22kHz 11kHz 11kHz 11kHz 

Format PCM PCM PCM PCM 

Table (4.1) The properties of the Audio test samples 

b. DownSample by 2 a. Original 

Figure (4.1) The waveform of the sample wave1. 

a. Original 

 

b. DownSample by 2  

 Figure (4.2) The waveform of the sample wave2. 
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a. Original 

 

b. DownSample by 2 

 

Figure (4.4) The waveform of the sample wave4. 
 

a. Original 

 
b. DownSample by 2 

Figure (4.3) The waveform of the sample wave3. 
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       The results of the adopted four test files. Tables (4.2) to (4.7) show the 

MSE and PSNR results of test samples.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Block 

size 

Jump 

size 

Max. 

scale 

Min. 

Scale 

Max. 

offset 

Min. 

offset 

Bit/Scale Bit/offset PSNR MSE 

Wave1 10 3 1 -1 128 -128 8 8 39.15 122.5 

Wave2 10 3 1 -1 128 -128 8 8 39.15 122.5 

Wave3 10 3 1 -1 128 -128 8 8 39.15 122.5 

Wave4 10 3 1 -1 128 -128 8 8 39.15 122.5 

 Block 

size 

Jump 

size 

Max. 

scale 

Min. 

Scale 

Max. 

offset 

Min. 

offset 

Bit/Scale Bit/offset PSNR MSE 

Wave1 14 4 2 -2 255 -255 5 7 27.411 115.6 

Wave2 14 4 2 -2 255 -255 5 7 27.411 115.6 

Wave3 14 4 2 -2 255 -255 5 7 27.411 115.6 

Wave4 14 4 2 -2 255 -255 5 7 27.411 115.6 

 Block 

size 

Jump 

size 

Max. 

scale 

Min. 

Scale 

Max. 

offset 

Min. 

offset 

Bit/Scale Bit/offset PSNR MSE 

Wave1 16 1 1 -1 128 -128 7 7 29 359.4 

Wave2 16 1 1 -1 128 -128 7 7 29 359.4 

Wave3 16 1 1 -1 128 -128 7 7 29 359.4 

Wave4 16 1 1 -1 128 -128 7 7 29 359.4 

Table (4.2) The resulted PSNR and MSE after 

reconstruction                        of the  test wave sample 

Table (4.3) The resulted PSNR and MSE after 

reconstruction                        of the  test wave sample 

Table (4.4) The resulted PSNR and MSE after 

reconstruction                        of the  test wave sample 
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 Block 

size 

Jump 

size 

Max. 

scale 

Min. 

Scale 

Max. 

offset 

Min. 

offset 

Bit/Scale Bit/offset PSNR MSE 

Wave1 6 4 1 -1 128 -128 5 8 21.966 154.7 

Wave2 6 4 1 -1 128 -128 5 8 21.966 154.7 

Wave3 6 4 1 -1 128 -128 5 8 21.966 154.7 

Wave4 6 4 1 -1 128 -128 5 8 21.966 154.7 

 Block 

size 

Jump 

size 

Max. 

scale 

Min. 

Scale 

Max. 

offset 

Min. 

offset 

Bit/Scale Bit/offset PSNR MSE 

Wave1 12 1 1 -1 128 -128 8 7 30.92 122.0 

Wave2 12 1 1 -1 128 -128 8 7 30.92 122.0 

Wave3 12 1 1 -1 128 -128 8 7 30.92 122.0 

Wave4 12 1 1 -1 128 -128 8 7 30.92 122.0 

 Block 

size 

Jump 

size 

Max. 

scale 

Min. 

Scale 

Max. 

offset 

Min. 

offset 

Bit/Scale Bit/offset PSNR MSE 

Wave1 8 3 2 -1 222 -222 6 7 32.39 212.4 

Wave2 8 3 2 -1 222 -222 6 7 32.39 212.4 

Wave3 8 3 2 -1 222 -222 6 7 32.39 212.4 

Wave4 8 3 2 -1 222 -222 6 7 32.39 212.4 

Table (4.5) The resulted PSNR and MSE after 

reconstruction                        of the  test wave sample 

Table (4.6) The resulted PSNR and MSE after 

reconstruction                        of the  test wave sample 

Table (4.7) The resulted PSNR and MSE after 

reconstruction                        of the  test wave sample 
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Chapter One 

Introduction 

 
1.1 General Introduction 
       Real world data usually are quite redundant, compression can often 

reduce the file sizes cons iderably. This in turn reduces the need of storage 

size and transfer channel capacity, especially in system where memory is at 

premium. Compression can make the difference between impossible and 

implementable become narrow.[42] 

       As the amount of information that neede increased, the need for more 

efficient ways of representing this information increases as well. The goal of 

data compression is to provide the most efficient way to represent 

information.[31] 

       Data compression is a type of data encoding, it is used to reduce the size 

of data. Other types of data encoding include encryption (cryptography) and 

data transmission.[28] 

       There are many known methods for data comression. They are based on 

different ideas, that are suitable for different types of data, such as (text, 

images, and sound) and produce different results, but they are all based on the 

same principle, namely, they compress data by removing redundancy from the 

original data in the source file.[31] Compression uses means of encoding to 

eliminate that redundancy, thereby effectively reducing the size of the data 

traveling over a communication links or stored in a repository. This leads to 

several applications that address the needs of today's networking practice. 
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1.2 Digital Data Compression 
       Compression can be defined as a reversible conversion of data to a 

format that requires fewer data storage, it is usually performed in order to the 

data can be stored or transmitted more efficiently. 

       In other words compression is analogous to folding a letter before placing 

it in a small envelope so that it can be transported more easily and cheaply. 

Compressed data, like the folded letter is not easily read and must, first, be 

decompressed, or unfolded, to restore it to its original form. The size of the 

data in compressed form (C) relative to original size (O) is known as the 

compression ratio (R=C/O).[42] By considering the characteristics of the 

reconstructed data after the process of compression and decompression.  

 

  

1.3 Application of Data Compression 
       There  are two important application areas of compression. The first is 

storage of large amounts of data in secondary storage (i.e. reducing the 

amount of space needed to store files on computer). The second is expanding 

the area of data communicationm in computer networks, where substantial 

saving of time and mony can be achieved through compression.[29] 

       Compression is likely continue to be of interest because of the ever 

increasing amount of data stores, and transmitted on computers and because it 

can be used to overcome physical limitation such as relatively low bandwidth 

of telephone communications. 
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1.4 Importance of Data Compression   
       Compression, bit rate reduction and data reduction are all refers to same 

reference, which means basically the same thing in this context. In essence, 

the same information is carried using a smaller quantity or rate of data. It 

should be pointed out that in term of audio, compression traditionally means a 

process in which the dynamic range of the sound is reduced. In digital 

parlance the same word means that the bit rate is reduced, ideally leaving the 

dynamics of the signal unchanged.[19] 

       There are two fundamental reasons why compressiobn techniques are 

used: 

1. To make some perocess become possible which would be      

impracticable without it. 

2. To perfrom some processes more economically. 

 

1.5 Compression Strategies 
       Data compression strategies can be categorized into the following: 

1. Reducing Redundancy  
       In a Pluse Code Modulation (PCM) digital system the bit rate is the 

product of the sampling rate and the number of bits in each sample and this is 

generally constant. The difference between the information rate and the bit 

rate is known as the redundancy. Compression system are designed to 

eliminate that redundancy. 

       Therefore, the success of data compression depends largely on the data 

itself, and some data types are inherently more compressible than others. 

Generally some elements within the data are more common than others, and 

most compression algorithms exploit the redundancy property. The greater the 
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redundancy within the data, the more successful the compression of the data 

is likely to be.[42] 

 

2. Exploiting The Characteristics of Human Vision 
       This strategy is used in video compression techniques, which is based on 

the knowledge of how human eye and the visual centers in the brain recognize 

images in a way that leads to a good compression method.[25] 

 

3. Exploiting The Characteristics of Human Hearing System 

       This strategy is used in audio compression techniques. The basic idea 

behind any compression for sound, video, or  speradsheets is to find a way to 

represent data that takes up less space. Clearly, better you understand your 

data the more compactly you'll be able to store it.  

       Today's best audio compression techniques exploit a veriety of facts 

about the nature of real-world sound and human hearing.[22] 

       By definition, the sound quality of a perceptive coder only be assessed by 

human hearing. Equally, a useful perceptive coder can only be designed with 

a good knowledge of the human hearing mechanism. 

       Human hearing is a quite complex mechanism. Sound can be defined as 

the propagation of alternating air pressure, which in free space spreads like 

rings in all three dimensions our ears turn sound into signals that are to be 

processed and interpreted by our brain. 

       When hearing sound, the sound is first turned into mechanical impulses 

by membrance connected to three small bones in the inner ear. The tympanic 

membrance, as it is called, and the three small bones-the hammer, anvil, and 

stirrup-lead the vibrations to a spiral shaped liquid filld organ called the 

cochlea contains many very fine hairs, which are connected to nerves leading 

to the hearing center in the brain. The actual perception and understanding of 

the audible information takes place in the hearing center.[23,25] 
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       The acuity of the humman ear is astonishing, it can detect tiny amounts of 

distortion, and will accept an enormous dynamic range. The sense called 

hearing result from acoustic, mechanical, nervous and mental processes in the 

ear/brain combination, leading to the term psychoacoustics.[10,20] 

       The results of psychoacoustics investigation by Zwicker form the basis 

for audio data compression based on models of human perception. The coded 

audio signals have a significantly reduced data rate compared with the 

linearly quntized PCM representation. The human auditory system analyzes 

broadband signals in so called critical bands. The aim of psychoacoustic 

coding of audio signals is to decompose the broadband audio sginal into 

subbands, which are matched to the critical bands and then perform 

quantization and coding of these subbands signals. Since the preception of 

sound below the absolute threshold of hearing is not possible, subband signals 

below this threshold need neither be coded nor transmitted. In addition to the 

perception in critical bands and the absolute threshold, the effects of signal 

masking in human perception play an important role in signal compression. 

[20,39]     

       Usually, people's ears are most sensitive by the range of 20 Hz to 20KHz, 

and although some exceptional people can detect up to 20KHz at high level. 

The sensitivity of the ear to distortion probably deserves more than the fidlity 

of the dynamic range or frequency response. All perceptive audio coding 

relies on an understanding of the phenomenon of masking, as this determines 

the audibility of artifacts.[19] 
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1.6 Classification of Compression Techniques 
       Compression methods have been designed for a wide variety of types of 

information such as text, images, and sound. These usually call for quite 

different approaches to the problem, because of the different types of 

redundancy they contain.[17] 

       The classification of the compression methods can be made depending on 

different points of view as follows: 

 

1. Physical and Logical Compression 
       The distinction between physical and logical compression is made on the 

basis of how the data is rearranged into more compact form. Physical 

compression is performed on data exclusive of the information it contains, it 

only translates a series of bits from one pattern to more compact one. Logical 

compression is accomplished through the process of logical substitution that 

is, replacing one numeric or binary symbol with another. Logical compression 

itself is not used in image data compression.[28] 
 

 

 

2. Symmetrical and Asymmetrical Compression 
       Symmetrical method uses the same algorithms with approximately the 

same amount of calculation in performing the compression and the 

decompression. This kind of compression is efficient and useful for data 

transmission applicatioin, where compression and decompression are done on 

the fly.[28] Asymmetrical methods, on the other hand, require more time for 

compression than for decompression or vise versa. Usually, compression 

takes much longer than decompression.[31] 
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3. Lossless and Lossy Compression 
       Lossless techniques Figure (1.1) are capable to recover the original 

representation perfectly.[12] However, as an alternative to lossless 

compression, lossy compression techniques provide higher compression ratios 

(ratio of uncompressed data to compressed data) by losing some information. 

[34] 

 

 

      

 

 

 

 

   

       The important point of lossy compression is that; its compression 

procedure can be adjusted to sacrifice some accuracy in order to gain a lot of 

compression. In other words, degradations are allowed in the reconstructed 

data. 

       Sometimes, the gain of lossy compression is so significant that it leads to 

a very small compressed data size, which contrasts lossless compression. 

Most  of the lossy compression techniques include a quantization stage as    

shown in the Figure (1.2) to perform lossy quantizing procedures.[10,23] 

 

 

 

Input 

Stream 

Model Statistical Output  

Stream 

Probabilities Codes Symbol 

Figure (1.1) Lossless Compressor 



Chapter One                                   Introduction 
 

8 

 

 

 

 

 

 

          

 
 

 
 

 

 

 

       The resulting quantized coefficients are then encoded losslessly to form an 

output stream. In some techniques, this quantization process is very efficient, 

such that it can achive 50 times compression or even more.[39,43] 

       When the compressed stream is decompressed, the result is not identical 

to the original data stream. Such a method makes sense especially in 

compressing images, moving pictures, or sounds. If the loss of data is small, 

we may not be able to tell the difference. In constrast, text files, especially 

files containing computer programs, may become worthless if even one bit 

gets modified. Such files should be compressed using lossless compression 

method. 

       The most common lossless compression techniques are: 

1. Huffman Coding. 

2. Arithmetic Coding. 

3. Lempel-Ziv-Weltch. 

4. Run Length. 

Figure (1.2) Lossy Compressor 
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       These lossless compression techniques are suitable for a wide range of     

applications, from hard disk file compression to digital medical image 

archiving and satellite image transmission.[39,44] In fact, the lossless 

property of these techniques makes them good for most applications 

universally, since data is compressed without any loss. 

 

 

        However, lossless compression often has a low compression ratio. 

Sometimes the compression is so insignificant that making it not attractive 

enough in some applications, which require large compression ratio, such as 

image and speech compression.[19,39] 

       While the lossy techniques are classified as: 

1. Frequency oriented. 

2. Prediction based. 

3. Importance based.[28] 

        

       The most well known frequency based techniques apply the Discrete 

Cosine Transform (DCT), which relates to the fast Fourier transform. 

Prediction based techniques predict subsequent values by observing previous 

values. Importance oriented techniques use other characteristics of images as 

the bases for compression. There are also Hybrid compression techniques, 

such as JPEG for image compression, MPEG -2 for video compression, and 

GSM for speech compression, that combine several approaches.[25] 

       So that, data compression schemes can be divided into two broad classes  

as shown in Figure (1.3).  
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       Since lossless and lossy compression techniques have different 

advantages, they are both important to multimedia compression.[39,43] 

 

 

 

 

Wavelet 

Transform 

Compression 

Methods 

Lossless Compression 

Methods 

Run Length 

Encoding 
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Quantization 
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Coding 

Transform 
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Fractal 

Image 
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DCT based 

transform 

Lossy Compression 

Methods 

Figure  (1.3) The  most popular image compression methods 
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4. Universal and Non universal Compression 
       A data compression method is called universal if the compressor and 

decompressor do not know the statistic of the input stream. On other hand the 

statistical methods depends on the probability of occurance for the elements 

to be compressed, this can be further classified as adaptive and nonadaptive. 

The adaptive methods modify the probability table during any new entering of 

data, while the nonadaptive methods computes the probability only once at 

first entering of the whole data. Statistical methods work best when the 

symbols being compressed have different probabilities.[31] 

 

5. Variable and Fixed Code Word Length 
       While the compression is some kind of coding that assigns shorter codes, 

then we can classify it regarding to the type of codes it outputs. Actually the 

variable size codes or variable codeword length are used mostly, because it is 

more efficient when shorter codes assigned to symbols that appear more often 

in the message.[31] This means individual symbols are represented (encoded) 

with bit sequnces of variable length. This characteristic of the codewords 

helps to decrease the amount of redundancy in message data.[26] The two 

main problems with variable size codes are: 

1. Assigning codes that can be decoded unambiguously. 

2. Assigning codes with the minimum average size. 

       The most obvious disadvantage of variable size codes is their 

vulnerability to errors. The prefix property is used to decode those codes, so 

an error in a single bit can cause the decompressor to lose synchronization 

and may be unable to decode the rest of the compressed stream. 

       In the worst case, the decompressor may even read, decode, and interpret 

the rest of the compressed data incorrectly, without realizing that a problem 

has been occurred.[28] 
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1.7 Literature Survey 
 In 1993, Sinha and Tewfik [37], had presented a low bit rate 

transparent audio compression using a dynamic dictionary and 

optimized wavelets. The authors propose an audio synthesis/coding 

method, which employs an optimized Wavelet-Transform (WT)-based 

adaptive transform coding to exploit perceptual masking. In addition, a 

dynamic dictionary was used to extract source redundancies. 

 

 In 1995, Jutta [20], her research group at the technical University of 

Berlin developed a speech compression algorithm to support the real – 

time video conferencing research. They presented the speech 

compression part of the (GSM) Global System for Mobile 

telecommunication protocol suite that is currently used in the Europe's 

as the most popular protocol for digital cellular phones. The GSM 

consists of an input of frames of 160 signed, 13-bit linear PCM values 

sampled at 8 KHz, one frame covers 20 ms. 

 

 In 1996, Shamoon [35], had presented algorithms for encoding high 

fidelity audio at low bit rate. The ultimate goal of this work is to 

provide fast algorithms for sub-band/perceptual coding that are capable 

of audio coding at bit rates that permit transmission of high fidelity 

dugutuzed audio over broadcast and telephone channels, and storage of 

audio on low capacity media. 

 

 

 In 2000, Shaalan, introduced new high synthetic representative coding 

methods for compressing the digital speech signal. The proposed 

system has take the advantage of different representative methods 

based on simple mathematical models to determine a sort of high 

synthetic system. 
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 In 2002, Abbas [1], proposed a genetic algorithm as a new lossy 

compression method for multimedia data files (image and audio), and 

he conclude that using algorithm with lterated Function System can 

improve the compression performance in some respects, but it fails in 

others.  

 

 

1.8 Aim of The Thesis 
       This research aims to design a low cost and accurate audio compression 

system. The designed compression system is constructed by implementing the 

fractal techniques, to keep reasonable audio quality while greatly reducing 

data size and with a good compression ratio. Some test expriments are 

conducted to evalute the system performance. 

 

 

1.9 Thesis Outline  
       In this section the contents of individual chapters of this thesis are briefly 

reviewed. 

       Chapter One: is the introductory chapter, which describes the basic 

topics related to this work. 

       Chapter Two: covers the theoretical basis of fractal. 

       Chapter Three: presents the proposed audio compression system for 

compressing audio files. This chapter contain flow-digram for the proposed 

system, the input data wave file, data preprocessing, transform data samples, 

quantize them, and finally coding the quantized data samples. Also in this 
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chapter the implementation steps, and the ways used to handle each stage in 

the proposed system. 

 

        

       Chapter Four: some test results are presented. 

       Chapter Five: this chapter is dedicated to present some of the derived 

conclusions based on the experimental results of this work, with some  

recommendations for future work.  
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Chapter Three 

Design of Proposed System and 

Implementation 
 

3.1 Introduction 
       In the previous chapter, the related concepts of Fractal compression were 

reviewed. In this chapter, a demonstration for suggest system (Audio 

Compression System Using Fractal method) used for compression audio file 

will presented. 

       The affain transform were used in the suggested system to get the best 

represenration for each range (audio) block, through searching in the domain 

pool, and then the corresponding affain transform parameters for each rage 

block are stored in the compression file. 

       The steps of the implemented algorithems for the two stages of fractal 

audio compression system (i.e, Encoding and Decoding) will be given in 

details in this chapter. 

 

3.2 What Is Sound? 
          Answering the question "what is sound?" a sound is something that you 

hear, a sound is produced by a source and received by your ear. 

          When we speak, the generated sound  creates a series of compressions 

and expanisons in the air around. The "sound carrier" which is called a 

medium, must be available to transmit the sound. Usually this medium is the 

air that surrounds us however, sound can also travel through water. 
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          Without a medium, sound transmission is not possible, for example, it 

is impossible to have a conversation on the moon. Since the moon lacks an  

 

 

atmosphere, a medium is not present to carry the sound from your mouth to 

the listener's ear.  

       Technically, sound consists of pressure waves that move through a 

compressible medium. The precise mechanisms vary somewhat according to 

 the material, but the broad principles are the same molecules, whether of air, 

water, or metal, like to keep-on-average-equally for a part from all of their  

neighbors. So whenever the molecules in one area squeezed closer together 

than their neighbors, they will force themselves back a part, which in turn 

compresses their neighbors.[22] 

 

3.2.1 Natural Sounds  

       Vibrating objects and pressure waves are the basic components of sound. 

If you hit a drum, the top of the drum will vibrate. As it moves up, it 

compresses the air above it, and the resulting pressure wave moves through 

the air until it presses againts your eardrum. 

       A human voice is the combination of vibrating vocal cords; vibrating air 

within the lungs, throat, mouth, and sinuses; and vibration within the fluid of 

the body itself. 

       Most sounds you hear in your everday life are the result of a complex 

interaction of different vibrating parts. 

 

3.2.2 Electronic Sounds 
       Any sound you hear is, at some point, a series of pressure waves. The 

ability to convert sounds (i.e., pressure waves in air) to varying electric 

signals is the basis of such everday marvels as radio, telephone, and tape 
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recorders. It has also provided fertile ground for people interested in 

experimenting with sounds. Many types of sound mainpulations are easier 

 

  

 with electronic devices than with acoustic devices, and vice versa. For 

example, jazz trumpeters have placed different materials- from wet rags to 

kazoos- into their trumpets to vary the sound. These effects are difficult to 

imitate electronically. 

        Conversely, many sound manipulations that are fairly simple to produce 

using electronic circuitry, including the chorus and distortion effects popular 

with electric guitarists, are nearly impossible to achive with acoustic devices.  

          

3.2.3 Sounds We Hear 
       Before begining to discuss digital sound in the next section, let us 

consider an important theme ultimately, "the purpose of producing any sound 

is for people to hear it. As a result, you have to understand what people and 

how they hear it". For instance, although our ears are essentially pressure-

sensitive organs, few peopole cliam to hear the pressure changes associated 

with weather patterns. The sounds bats use to detect flying insects are equally 

inaudible to humans. 

       The fact that humans can hear only some sounds has a number of 

interesting repercussions. It means that you will frequently be able to simplify 

your sounds data or processing without severly affecting the final result. This 

most commonly arises when you have bandwidth or storage restrictions. 

       For example, consider what occurs if you try to use very-high-quality 

sound processing techniques on mid-range computers. If yours software is 

unable to process the data quickly enough, the sound may stop and start as 

data is relayed through the system. In this case, you improve the user's 

experience by using less accurate techniques. Although the resulting sound 
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data may technically be lower quality, you will be to maintain a steady 

transfer, thus removing the more objectionable periodic gaps.[22] 

 

 

       Although this example is simple and dramatic, it demonstrates the type of 

trade-off that is common in sound processing.  

 

3.2.4 Digital Sounds 
       Just as it is possible to convert a sound between pressure waves in air and 

analog electric signals, it is possible to convert a varying electric signal into a 

series of digital values, and vice versa. However, because analog and digital 

sounds are fundamentally different, you always lose information when you 

make this transformation. The trick is to understand what information is lost 

so that you can select what information to keep.      

       Digitally, a sound wave is represented as a series of numbers (called 

samples), which represent the air pressure or electric voltage at successive 

moments in time. When you sample an analog signal, you encounter two 

basic problems. Figure (3.1) shows two versions of sound waves, the smooth 

black line is the original electronic version, the digital version is represented 

as a series of grey blocks the first problem is that each successive value in the 

digital version represents a certain interval of time; each grey block has a 

certain width. The second problem is that digital numbers are discrete; there is 

only a certain number of possible highest for each block. 

       These two problems are basic source of error in a digital sound signal. 

This error can be controlled by changing the detailed format of your sound 

representation, but it can never be eliminated. The problem is not : how do we 

get rid of this error? But rather: what errors can any application best tolerate? 

Other factors, such as data size and processing speed, may require you to 
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accept greater error from some sources in order to reduce more objectionable 

types of errors. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

3.3 Basic of Digital Audio 
          Sound is air pressure fluctuation. Digitized sound is a graph of the 

change in air pressure over time. For a good picture of this, open up Windows 

Sound Recorder and record a short sound, then look at the green bars it 

shows. When they're wide, there's a lot of air pressure, which ear detects as a 

loud noise. When the are flat in the middle, there's no change in air pressure, 

which ear detects as silence. The faster they go up and down, the higher the 

sound heard (see Figure 3.2). 
     

 

  
 

 

 

 

 

 

 

 

Figure (3.1) Converting an electronic sound into      

                    digital samples 

Figure(3.2) Example of a sound file played 

by                          Windows Sound Recorder  
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       When we record a sound, the microphone changes the air pressure 

fluctuation into electrical voltage fluctuations, which the sound card measures 

repeatedly and represent them in terms of changes into numbers, called 

samples. When we play a sound back, the process is reversed, except that the 

voltage fluctuations go to the speakers instead of the microphone, and are 

converted back into air pressure by the speaker. The speed with which the 

sound card samples the voltage is called the sample rate, and is expressed in 

kilohertz (kHz). One kHz is a thousand samples per second. 

       It is important to note that digitized audio stores nothing directly about a 

sound's frequency, pitch, or perceived loudness. 

 

3.4 Analog-to-Digital Encoding 
         Analog-to-digital encoding is the representation of analog information 

by  a digital signal, to record a singer's voice onto a compact disk, for 

example, you use digital means to replace analog information. To do so you 

need to reduce the potentially infinite number of values in an analog message 

so that they can be represented as a digital stream with a minimum loss of 

information? Figure (3.3) shows the analog-to-digital encoding, called coder. 

 

 

 

 

 

 

Analog 

       To  

Digital 

Figure (3.3) Analog-to-Digital 
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       In analog-to-digital encoding, we are representing the information  

contained in a continuous wave form as a series of digital pulses (1s, or 0s). 

       The structure of the transporting signal is not the problem, instead, the 

problem is how to translate information from an infinite number of values to a 

discrete number of values without scarifying sense, or quality. 

       There are several methods for analog-to-digital encoding, the most 

popular are the Pulse Amplitude Modulation (PAM), Pulse Width Modulation 

(PWM), and Pulse Code Modulation (PCM). Now days most of the on-shelf 

software tools are commonly concerned with PCM. 

 

3.4.1 Pulse Code Modulation Format    
          Today, we usually think of storing samples as binary numbers, but they 

can be stored in other ways, the most commonly one between these ways as 

PCM. 

         In PCM coding each sample is represented by a series of pulses that 

represent its binary code. Pulse Code Modulation (PCM), when sent over a 

single wire, looks something like Figure (3.4). 
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       Figure (3.4) has an obvious problem: It is hard to tell where each code 

begins and ends. This problem can be solved by adding another wire to carry 

pulses indicating the beginning of each code or by designing the signal to be 

self-clocking. Self-clocking signals have special features that allow the 

receiver to automatically detect where each new code begins. For example, 

instead of using binary numbers for the codes, you might construct codes so 

that no code  contains three consecutive ones, and then insert three 

consecutive ones into the signal just before each code. There are a variety of 

methods that offer various trade-off of signal rate (how fast you can pump 

data through a signal wire), error tolerance (how likely the data is to be 

unrecoverable when errors occur), and complexity. Engineers refer to these as 

encoding, or modulation technique.[22]      

       For programmers, of course, the various modulation techniques are 

irrelevant. In a computer's memory, the successive binary values are simply 

stored as numbers. 

 

3.5 Storing Sound Digitally 
       Digital sound storage involves tow ideas. The first idea is Sampling, 

sampling involves periodically measuring the analog signal and using these 

measurements (samples) instead of the original signal. The second idea is 

Quantization, which is the process of taking infinite – precision analog sample 

and rounding them.  

  

3.5.1 Side Effects of Sampling 

Figure (3.4) Pulse Code Modulation 
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       Sampled sound system are typically characterized by the sampling rate, 

the number of samples that are used to represent one second of sound. For 

example, audio compact discs store 44,100 samples for each second of sound.  

 

 

In contrast, most telephone systems use only 8,000 samples for one second of 

sound. 

       The effect of this sampling is easy to quantify. Harry Nyquist (1889-

1976) discovered that a sampled sound signal can exactly reproduce any 

sound whose frequency is less than half the sampling rate. 

       We have a digital signal that alternates between positive and negative 

values. However, most sounds change rapidly enough such that these subtle 

differences can be lost in the case of low sampling rate. As a result, digital 

sampling does introduce some distortion. 

 

3.5.2 Quantization 
       The process of digitizing sound (broken down the sound into basically 

identical elements) is called sampling. This method allows sound, which 

consist of an analog signal, to be transformed into digital data (i.e. bits and 

bytes ) this task is performed by an Analog to Digital Converter (ACD). 

       The most popular format for representing samples of high- quality digital 

audio is a 16-bit linear quantization (e.g. Windows Audio-Visual Wave and 

Audio Interchange File Format AIFF). Another popular format for lower 

quality audio is the logarithmically scaled 8-bit. 

       These quantization methods introduce some signal distortion, somewhat 

more evident in the case of 8-bit. 

       Quantization is a non-reversible mapping process, it returns an 

approximated values. By this process, the wide range of real numbers are 
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mapped to a small set of integers which require less number of bits in 

representation (i.e. in storage or transmission).   

 

 

 

 

3.6 Audio Compression System Using Fractal 
Method (System Model) 
       As the whole compression methods, the implemented fractals 

compression system consists of two major units: the first unit is the 

"Encoding unit" and the second one is the "Decoding unit". Each of these two 

units consists of many modules, as illustrated in Figures (3.5) and (3.6).    

 

 

 

 

  

 

 

 

 

 

 

 

 

Load 

Wave 

 File  

Partition the 

Audio Data 

Construct the 

 Range Pool 

 

Down Sample2 

 the Audio Data 

Construct the 

 Domain Pool 

Compute the 

 Domain 

 Parameter  

For each Range block: 

1. Compute the Range Parameter 

2. match with each Domain  block  

and   determine affain coefficients   

3. quantize and dequantize the Scale 

and Offset parameters 

4. Store the affain transform 

coefficients in the compression file  

Figure (3.5) The block diagram of the encoding stage 
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Decode Equation (affain transform) 

No 

Load the specific Range blocks 

that gets it information from the 

affain parameters set   

Load the Store                  

Compression Data 

Is there 

Next Range 

Block ? 

Initial arbitrarily the Domain pool 

Save the Wave File 

Iteration 

exceed the 

Limit? 

Reconstruct Wave Block 

Call the MSE and PSNR Subroutine  

Yes 

Yes 

Get the First Coefficient of Affain Parameter 

No 
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3.6.1 Compression phase (or Encoding Stage) 
         This Unit consists of numbers of modules, which are all together 

responsible for reducing the size of the desired audio data and generate the 

compressed file. 

       This phase as shown in Figure (3.5) consists of the following modules: 

1. Loading wave data. 

2. Partition the audio data. 

3. Construct the Range pool. 

4. Down sample by 2 the audio data. 

5. Construct the Domain pool. 

6. Compute the Domain parameters are put them in array. 

7. For each range block: scan the domain pool, and match the range block 

with each domain block using the affain transform. Find the best matched 

domain block, and register the corresponding affain coefficients (scale, 

offset, symmetry, and position), of the best matched domain block. 

Quantize and dequantize the scale and offset coefficients, store the affain 

transform coefficients in the compression file.  

         As a first step in the encoding stage the header of the wave file, is being  

to get the necessary parameters to load the required audio information (such 

as sampling rate, data size, bits per sample, etc). After the required 

information is read from the opened stream then the audio data will be 

partitioned and loaded into a temporary buffer to manipulate them as blocks 

of samples. Then each range block is searched in the domain pool to get  the 
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best domain block, then the affain transform coefficients are quantized, 

encoded and finally stored in compression file. 

 

 

 

 

3.6.1.1 Input Wave File (Wave File Format 
Specification) 
           The WAVE file format is a subset of Microsoft's Resource Interchange 

File Format (RIFF) specification for the storage of multimedia files. A RIFF 

file starts out with a file header followed by a sequence of data chunks. A 

WAVE file is often just a RIFF file with a single "WAVE" chunk which 

consists of two sub-chunks; a format "fmt" chunk specifying the data format, 

and a "data" chunk containing the actual sample data. Also, the following 

remarks should be taken into consideration when we deal with WAVE file: 

1. The default byte ordering assumed for WAVE data files is little-endian. 

Files written using the big-endian byte ordering scheme have the identifier 

RIFX instead of RIFF. 

2. The sample data must end on an even byte boundary. 

3. 8-bit samples are stored as unsigned bytes, ranging from 0 to 255.                      

16 bit samples are stored as 2's-complement signed integers, ranging from 

-32768 to 32767. 

4. There may be additional sub chunks in a Wave data stream. If so, each 

will have a char[4] SubChunkID, and unsigned long SubChunkSize, and 

SubChunkSize amount of data. 

5. A detail description of the wave file  format is presented in appendix (A). 

 

(A) Kinds of Compression Used in WAVE Files 
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       The WAVE specification supports a number of different compression 

algorithms. The format tag entry in the fmt chunk indicates the type of 

compression used. A value of 1 indicates Pulse Code Modulation (PCM), 

which is a "straight," or uncompressed encoding of the audio samples. Values 

other than 1 indicate some form of compression. 

 

 (B) The Header Structure 
          The name, size in bytes and some description about each field of the 

header  part of  the wave file are illustrated in the Table (3.1). 

Field Name Size and 

Format 

Meaning 
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Table (3.1): The Header Structure 

 

 

 

 

 

 

 

 

3.6.1.2 Partition the Audio Data 
         After loading the audio data frame, the wave data are uniformly 

partitioned into range blocks (of fixed size). Also the wave data is down 

sampled by (2) to get the domain block.    

File description header 4 bytes 

string 

The ASCII text string"RIFF" 

Size of file 4 bytes 

(DWord) 

The file size not including the "RIFF" descripition 

(4 byte) and file description(4 bytes). This is file 

size -8 

Wav description header 4 bytes 

string 

The ASCII text string "WAV" 

Format description header 4 bytes 

string 

The ASCII text string "fmt"(the space is also 

include) 

Size of WAVE section 

chunk 

4 bytes 

(DWord) 

The size of the WAVE type format (2 

bytes)+mono/stereo flag(2 bytes)+sample rate(4 

byte)+bytes per sec(4 bytes)+block alignment(2 

bytes) + bits per sample(2 bytes).this usually 16  

WAVE type format 2 bytes 

(DWord) 

Type of WAVE format for PCM =s01(linear 

quntization).other values indicate some forms of 

compression. 

Number of channels 2 bytes 

(DWord) 

Mono (s01) or stereo(s02). You may try more 

channels. 

Sample per second 4 bytes 

(DWord) 

The frequency of quantization(usually 

44100Hz,22050Hz,….) 

Bytes per second 4 bytes 

(DWord) 

Speed of data stream= Numbe of 

channels*samples per second*bits per sample/8 

Block alignment 2 bytes 

(DWord) 

Number of bytes in elementary quantization= 

number of channels*bits per sample/8 

Bits per sample 2 bytes 

(DWord) 

Digits of quantization (usually 32,24,16,8) 

Data description header 4 bytes 

string 

The ASCII text string "data" 

Size of data 4 bytes 

(DWord) 

Number of bytes of data included in the data 

section 

Data (?) Wave stream data itself. Be careful with format of 

stere 
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3.6.1.3 Construct the Range Pool 
         The way of partitioning used in this research is a fixed size partitioning 

scheme, because it requires less computational time than the other schemes,  

and this serves the purpose of this research. This is done only by choosing the 

size of the block one time in the program, and the range will be divided into 

"Range Blocks" (non overlapping blocks), small blocks can probably be 

matched with each other better than large blocks. 

         Choosing the block size must be done accurately since although the 

small block size perform a good matching between Range and Domain 

blocks, but this is time-consuming which leads to long encoding time because 

of searching process, beside that using small range blocks will lead to less 

compression performance.  

         While, if the block size is big, then the encoding time is reduced but this 

may significantly influence on the quality of the reconstructed wave.    

         The test results illustrated in the next chapter will explain the effect of 

the block size on of the compression ratio, encoding time, PSNR, and the 

MSE.  

 

 Pseudo code (3.1): Construct the Range Pool 
       Open file 

         Load the header of wave file 

        If bits.per.sample = 8  

           Begin 

            

            

             NoSamp = (length of file (1) – 60 ) 

               For I = 0 to  NoSamp -1 do 

                  Wav[I]= round (Bytedata[I]-128) 

                Else 
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                  NoSamp = (length of file (1) – 60) \2 

            End 

 

3.6.1.4 Down Sample by 2 the Audio Data  
         To construct the domain pool. The wave  data should be down sampled 

by (2) to get the domain block.  

 

3.6.1.5 Construct the Domain Pool 
         This module is responsible about generating another one-dimensional 

array, called the Domain, with size different (i.e., half size) from the size  of 

the Range array. 

         This module aims to create another mathematical space where it is 

easier to compare data. The data of this array is produced from the Range. It 

is simply created by taking the mean of each pair of successive samples listed 

in the range array, and put the mean value in the domain array. 

         A fixed size partitioning scheme is used to partition the Domain and 

Range arrays to produce the domain and range pools. Thus the Domain will 

be divided into "Domain Blocks" with the same size of the Range blocks, but 

possibly the domain may be overlapping blocks. Overlapping blocks leads to 

many possible domain blocks in the domain pool, and thus good 

approximation for the range blocks in terms of the affain transforms applied 

on domain blocks could be obtained. 

 

 

 

         As the jump size (i.e., a shift step between successive domain blocks) is 

small, the domain pool will be large, and this satisfies the good 

approximations and high quality in the reconstructed wave. But at the same 
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time this will lead to high encoding time because searching the pool of 

domain blocks is time-consuming. 

         Choosing a big jump size will serve in reducing the encoding time but 

will lead to low quality in the reconstructed wave. All these remarks could be 

investigated by studying the effect of jump size on the compression ratio, 

encoding time, PSNR, and the MSE, these effects are demonstrated in the 

next chapter. 

         It is important to notice that the jump size must be less than or equal to 

the block size, and of course greater than zero, and in the case of choosing the 

jump size equal to the block size then the domain blocks will be non-

overlapped.     

  

Pseudo code (3.2): Construct the Domain Pool 

         Domsiz = NoSamp /2 

         For I = 0 to Domsiz-1 do 

           Begin     

              J=2 x I 

              Dom[I] = (wav[J]+wav[J+1])\2   

           End 

 

3.6.1.6 Compute the Domain Parameter 
         The pseudo code list (3.3) illustrates the implemented steps followed to 

generated the domain parameters list. 

 

 

 

Pseudo code (3.3): Compute the Domain Parameters list 

        m = 0 

        J = 0 
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      While (m + Blksiz< Domsiz) do 

      Begin 

           Sumd =0 

           Sumd2 =0 

          For I = 0 to Blksiz-1 do 

          Begin 

            Sumd = Sumd + Dom[m+I] 

            Sumd2 = Sumd2 + Dom[m+I]^2 

          End 

            Smd [J] = Sumd 

            Smd2 [J] = Sumd2 

             Dd[I]= Blksiz x Sumd2-Sumd x Sumd 

             m = m + Jmpsiz 

             J = J +1 

          End 

      End 
 

3.6.1.7 Compute the Range Parameter  
         Pseudo code list (3.4) illustrates the implemented steps to determine the 

range parameters list. 

Pseudo code (3.4): Compute the Range Parameters list 

       L = 0 

     While (L+Blksiz < NoSamp) do 

     Begin 

 

 

 

          Sumr = 0 

          Sumr2 = 0 

          For I = 0 to Blksiz-1 do  

          Begin      
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               Sumr = Sumr +wav[L+I] 

               Sumr2 = Sumr2 +wav[L+I]^2 

          End 

    End 

 

(A)Matching Between Range and Domain Blocks using 

Affain Transform 
       After generating the range and domain pools, the range and domain 

blocks should be matched to determine the affain  coefficients for each range 

block. 

       Now, for every range block, the best matching domain block should be 

allocated, this should be done by searching the domain pool, and each time 

the affain transform is used for best matching. Also, each domain block is 

subjected to some isometric (symmetry) transformations obtained from the 

reflection to get different symmety state for each domain block, then this 

symmetry state is considered as an individual domain block, which should be 

matched with range blocks as a separate or individual case. 

       The best matching domain block for a specific range block is the one 

which minimize the following distortion (sum of square error) function (E): 

 

 

E2 =  
              

           

      

 

       

)()(22^)(2^2^)(2^ iDiRSrOiDSiR 

)(2)(2 iDSOiRO  ……….(3.1) 
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        The parameters mentioned in  of the equation (3.1), i.e.,  the scale "S" 

and the offset "O" (which are called the IFS coefficients), are determined by 

using: 

 

S=  

 

O=  

 

Where    r  represent the Blocksize 

       Each of S and O coefficients has a limited range of values, interval; the 

minimum value for scale values must be not less than -1, while the maximum 

scale value must be not more than 1. Also, the minimum offset value must be  

not less than -256, while the maximum offset value must be not more than 

511. 

       In the current work, the interval of "S" was taken [-1,1], and the interval 

of "O" was taken to [-256,511]. 

       The following conditions were applied to handle the determined values of 

the  coefficients (s and o) whose values are outside the adopted intervals: 

       If s < Minimum Scale then s = Minimum Scale 

       Else if s > Maximu Scale then s = Maximum Scale 

       If o < Minimum Offset then o =   Minimum Offset 

       Else if o > Maximum Offset then o = Maximum Offset 

 

(B) Quantization and Dequantization for Scale and                                                         

Offset 
       The actual effective part of the audio compression is quantization. It is 

simply the process of reducing the number of bits needed to store coefficient 

values by reducing its precision from float type to integer.                                                   

2))^(()(2^/)()()()( iDiDriDiRiDiRr  ……..(3.2) 

2))^(()(2^/)()()()()(2^ iDiDriDiRiDiRiD  …..(3.3) 
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       The  determined IFS coefficients are real-valued, and in order to increase 

the compression they must be quantized before sotrage.  

       This is done by indicating a number of bits for both, scale and offset, to 

store their values within. The quantization and dequantization for scale values 

were computed by adopting the following equations: 

 

  Quantization:       Qi = round (scale/Quantstep)        ….……(3.4) 

  Dequantization:   scale  َ  = Qi x Quantstep               …………(3.5) 

 

Where: 

 Quantstep = (Maxscale/2 ^ (H-1))                      ……..……(3.6) 

       H  is the number of bits assigned to encode scaling coefficient, 

Maxscale are the maximum bound for the  values of scale coefficients. 

       While the quantization and dequantization for the offset coefficients were    

computed by adopting the following equations: 

 

     Quantization:  if ofset         then Qi = round (ofset)/stp1 

     else Qi = round (ofset)/stp2 

     Dequantization: if Qi           then ofset = Qi x stp1 

     else ofset = Qi x stp2 
 

where: 

      stp1=Maxoffset/N1                   ……..……(3.7) 

      stp2 = |Minoffset|/N2                 …….……(3.8) 

      N1=(2^ k) x r1                           ……..…….(3.9)  

      N2 =(2^ k) ــ N1                      ……..……. (3.10) 

      r1 =  Maxoffset/(Maxoffset-Minoffset)                                 

      r2 = |Minoffset|/(Maxoffset-Minoffset)                           

      K is the number of bits assigned to offset coefficient, 

 

0

0

……….(3.11)        

……….(3.12) 
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       Minoffset,Maxoffset are the minimum and maximum values for the offset 

coefficients, 

   N1  is the number of quantized level for (+ve) offset. 

   N2  is the number of quantized level for (-ve) offset. 

 

(C)Store the affain Transform Coefficients in the 

Compression File. 
       As mentioned before, for a specific range block in the original wave, the 

matching process generates the required information about the best-fit domain 

block which will produce the minimize distortion value (E) according to 

equation (3.1). 

       Now, the compressed file (IFS code) is generated in this stage by 

collecting the whole information about every range block in this compressed 

file. So, as a symmary In other words, fractal audio coding process implies the 

determination of all matching parameters, and then, they are stored 

sequentially as an array of parameter vectors. The elements of this array are 

equal to the number of Range blocks in the Range pool.         

       The IFS matching parameters are illustrated in Table (3.2). 

 

 Table (3.2): IFS Matching Parameters registered in the Compression File. 

 

Parameter Description 

T The position of the best matched domain block 

S The scale value of the best matched domain block 

O The offset value of the best matched domain block 

Symmetry The transformation state of the best matched domain block 

(0: Identity, 1: Reflected) 
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3.6.2 Decompression phase (or Decoding stage) 
       One of the most remarkable features of Fractal compression are: 1. its 

simplicity and 2. fast decoding time because it involves little  computations. 

       This phase as shown in Figure (3.6) consist of the following modules, 

which are responsible for extract the compression IFS code and output the 

compressed wave file. 

1. Loading the store compression data. 

2. Generate a domain pool arbitrarily (i.e., using any generator). 

3. Get a set of affain parameters. 

4. Use the affain transform to get the corresponding reconstructed range 

block.  

5. If there are other range blocks not reconstructed then goto step 3. 

6. Down sample by 2 the reconstructed range blocks to establish a new 

domain block. 

7. If the difference between the old and new domain pool is significant the 

start again reconstructing the range blocks from step 3. 

8. Determine the MSE and PSNR subroutine (only for efficiency 

assessments). 

9. Save the  reconstructed wave file. 

 

3.6.2.1 Using Affain Transform Equation 
          The IFS code (generated by the encoding unit) contains four parameters 

as shown in Table (3.2), two of them are the quantized the scale and offset 

parameters. 

          The decoding process in the fractal method is simple. So, all what 

needed is to generate initial zero wave domain (which is identical in size to 



Chapter Three                           Design of Proposed System & Implementation 

 
 

 33 

the original domain), and to assign the number of iterations to repeat the 

reconstruction process of the range and domain blocks. 

  

       The number of iterations should be enough to guarantee reaching the 

attractor state. The number of iterations was investigated by applying some 

test experiments where at each iteration step the mean square error between 

the new reconstructed wave and the original wave is determined. Once we get 

small MSE or its value become small then the iteration process should 

stopped.   

       IFS decoding is done by manipulating the IFS data as follows; the 

decoder determine the position of the range block in the original wave and 

take the coordinates of the matched domain block, to get this block from 

domain array, then the decoder perform the affain transform on the extracted 

domain portion, it to reconstruct the original Range block. The affain 

transform include the following operations: 

1. For each range block, its optimal approximation is obtained by 

multiplying the best matched domain block by the value of the scale and 

adding to the result the offset value, this can done by using the following 

Decode Equation: 

                                               Ri = S x Di  + O              …….(3.13) 

       Where: 

       Ri represents the value of range block, 

       Di represents the value of the corresponding best matched domain block, 

       S  represents the scale value for matching the domain block with the         

       range block, and, 

       O represents the offset value. 

       Here in audio it is important to say that, the scale factor can represent  

change rate in wave, while the offset factor represent wave loudness. 
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2. The generated R block is transformed (reflected) if its corresponding 

symmetry coefficient value refer to the existence of reflection. 

 

 

Pseudo code (3.5): Decode Equation 

         For I = 0 to Domsiz do 

           Dom[I] = 0 

         Next I  

         Itera = 0 

         While itera <= 8 do  

         m = 0      

         For I = 0 to trunc (NoSamp/Blksiz)-1 do 

         For J = 0 to Blksiz do 

         Begin 

             Deco = Scl x Dom[J+Pos] + Ofs  

             If  Deco > 255 then Deco =255 

             Else If  Deco < 0 then Deco = 0 

             Rang[m+J] = Deco 

         End 
 

 
 

 

3.6.2.2 Reconstruct the Wave 
       After performing the affain transform, the resulting reconstructed range 

wave, which is identical in size to the original wave, must be used to 

regenerate a new domain pool in the same way that illustrated in section 

(3.6.1.5). Then the range reconstruction process is repeated by re-applying the 

same affain transform sequence on the new domain pool.     

       This process will be repeated for several times (assuming n is the number 

of iterations), until we reach the fixed point (or the attractor state). 
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Pseudo code (3.6): Reconstruct the Domain 

       For I = 0 to Domsiz-1 do  

       Begin 

             J= 2 x I 

             Dom[I] = (Rang[I] + Rang[J+1])\2 

       End 

    

3.6.2.3 Determination the MSE and PSNR  
       Signal-to-Noise Ratio (SNR) measures are estimates of the quality of a 

reconstructed signal compared with an original signal. The basic idea is to 

compute a single number that reflects the quality of the reconstructed signal.  

       Reconstructed signals with higher metrics are judged better. In fact, 

traditional SNR measures do not always reflect the human subjective 

perception. 

       The actual metric we will utilize is the peak signal-to-noise ratio, which is 

denoted PSNR. Error metrics are computed for the signal as the sum of the 

squared difference between reconstructed and original waves, the MSE is 

determined as follows: 

 

           MSE =  

 

Where: 

    A  represent the original wave 

    B  represent the reconstructed wave 

    n  represent  the number of samples 

2))^()((1 iBiAn  ……….(3.14) 
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       The summation is over all elements. The root mean squared error 

(RMSE) is the square root of MSE. 

PSNR in decibels (dB) is computed by using:  

 

 

             PSNR = 10 log10 (2552/MSE)         ……….(3.15) 

 

       Typical PSNR values range between 20 and 40. They are usually reported 

to two decimal points. The actual value is not meaningful, but the comparison 

between two values for different reconstructed waves gives one measure of 

quality. The MPEG committee used an informal threshold of 0.5dB PSNR to 

decide whether to incorporate a coding optimization because they believed 

that an improvement of that magnitude would be visible. 

       Some definitions of PSNR use 2552/MSE rather than 255/RMSE. Both 

formulation will work because we are interested in the relative comparison, 

not the absolute values. For our assignments we will use the definition given 

above. 

 



Chapter Two                                 Basic Concept of Fractal                              
 

 51 

Chapter Two 

Basic Concept of Fractal 

 
2.1 Introduction 
       The subject of fractals began as a pure mathematical subject related to 

choas (Von-Koch snowflake, Sierpanski-gasket). In 1982 Mandelbrot 

published the book"The Fractal Geometry of Nature", and suggested that 

fracatls are basic to natural shapes, and thus appear often in nature. Since its 

introduction to the concept of fractal has given rise to a new system of 

geometry that has significant impact, not only in mathematics but also on 

such diverse fields as Physics, Chemistry, Physiology, Geology, Meteorology, 

Material science and Fluid machanics.  

       The use of fractals in engineering became popular also it helps to 

improve the graphic capabilities of modern computers, which enabled an easy 

way to visualize fractal shapes, with its richness of details.   

       In this chapter we will show that the properties of self similarity and the 

related notion of fractal-dimension, exist in Iterated Function System (IFS) 

coding. Moreover, we explain the meaning of IFC. 

 
 

2.2 Historical Review for Fractal 
       About fifteen to twenty years ago, fractal techniques were introduced in 

computer graphics for modeling some natural phenomena. One of these new 

ideas came from a mathematical theory called Iterated Function System (IFS). 
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This theory had previously been developed in 1981 by John Hutchinson, 

however, without any technical application in mind.  

 

 

 

       Michael Barnsley and his research group from the Georgia Institute of 

Technology was the first who saw and realized the potential of iterated 

function system for modeling of clouds, trees, and leaves.[33] Although other 

modeling techniques in computer graphics such as procedural modeling is 

dominating, the IFS approach turned into one of the most innovative 

techniques in the image compression field at present. Back in 1987 Barnsley 

and Sloan speculated about very high compression ratios, and announced that 

it was possible to transmit such compressed image files at video rates over 

normal telephone lines.[8]                                                                                

However, at that time nobody seemed to know exactly how to faithfully 

reproduce images at reasonable compression rates with IFS. What was the 

problem? The fractals that one can easily generate with an iterated function 

system are all of aparticular type. They are images that can be seen as 

collection of deformed and intensity transformed copies of themeselves. Thus, 

in an IFS encoding of a face picture, one will see a tiny little distored copies 

of the face everywhere. This seemed not only unnatural but also infeasible. 

Then, in 1989, A. Jacquin, one of the graduate students of Barnsley, realized a 

first automatic fractal encoding system in his dissertation.[18] 

       The basic new idea in jacquin's approach was very simple, an image 

should not be thought of as a collage of copies of the entire image, but of 

copies of smaller parts of it. This broke the ice for a new direction of research 

in image encoding.[52] 

       One of the good things of standards is that, people can build further 

research and applications on them, this is just what happened after Yuval 

Fisher when he made his adaptive quadtree based fractal encoder.[41] 
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       Then in summer 1995, Fisher[41], organized a conference held in a 

NATO Advanced Research Institute on Fractal Methods for analysis and 

coding of images. This was the first conference devoted to the fractal 

approach. Another one followed, setup by Georgia Institute of Technology 

and Iterated System, Inc, in Atlanta in March 1996.[33]    

 

2.3 What Is Fractal ?  
       It is not easy to suggest a clear definition for the fractals, which can be, 

universally, accepted. Any particular definition seems to either exclude sets 

that are thought of as fractals or to include sets that are not thought of as 

fractal.[53]    

       The term fractal derived from the latin word fractus ("fragmented" 

or"broken"). It was coined by the polish born mathematician Mandelbrot. To 

describe objects that were too irregular to fit into a traditional geometrical 

setting. Mandelbrot provides both a description and a mathematical-model for 

many of the seeming complex forms and patterns in nature and the 

science.[54]  

       The spirit of the fractals lay in the following fact; in one way or another, 

fractals are built up by overlaying smaller copies of themselves. It is most 

natural to think of these fractal in term of probability measure associated with 

functional equations. Fractals have blossomed enormously in the past few 

years and have helped to reconnect pure mathematics research with both 

natural science and computing. Computer graphics has played an essential  

role both in its development and rapidly popularity.[9]  
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                                 …… …(2.1) 

 

        

 

        

       An informal definition of fractal set sufficient for our purposes is: a 

fractal is a geometrical shape that possess detail at all scales of magnification. 

In other words, one can magnify a fractal repeatedly and more details will 

appear  with each magnification.    

       Before talking about fractal as compression method, it is important to 

desicribe the following terms that is related to fractal and may help the reader 

to understand this kind of compression method:  

 

2.3.1 Iterated Function System(IFS) 
       The theory of FIC lies in the mathematical construction of the IFS. In 

other words, IFS serves as a motivating concept behined the development of 

IFC. An IFS is a function that accepts an initial input to produce an output. 

On subsequent iterations the output is feedback in as the next input. Running 

the special copy machine in a feedback loop is metaphor for a mathematical 

model called IFS.   

       An iterated function system is a collection of contractive affine 

transformations that map a plane (.) to itself or to another plane. This 

collection defines a map W given by    

 

                                          

                   

                                    

       The map W is not applied to the plane; it is applied to sets that are 

collection of points in the plane. Given input set S, we can compute wi(S) for 

each i (this corresponds to making a reduced copy of the input S), take the 
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union of these sets (this corresponds to assembling a reduced copies), and get 

a new set W(S), the output of copy machine, so W  is a  map on the the space 

of subsets of the plane.[41] 

 

       IFS mappings prove useful because they are contractive. Contractivity 

means that the output is always smaller than the input. This guarantees that 

the iteration process will eventually converge to a value where the input and 

output are equal. This final resting value, which is obtained irrespective of the 

initial input, is called the attractor which is composed of successive mappings 

to itself.[15] 

 

2.3.2 Affine Transformations 
       An affine transformation maps a plane to itself. In fractal compression 

method, the "Domain" is a collection of down sampled sub-images (i.e. the 

plane) where the transformation maps from, and the "Range" is a region 

where it maps to. The general form, of the affine transformation is  

 

                                                                                …… …(2.2) 

 

 

       Such a transformation is called an affine transformation. The 

transformation W, in equation (2.2), is characterized by six constants a,b,c,d,e 

and f, which constitute the IFS code of W.  

       Where a,b,c and d are the skewing, rotation and scaling factors, while e 

and f are the translating (shifting) factors.[49] 
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2.3.3 Partitioned Iterated Function System (PIFS) 
       To facilitate compression, the Iterated Function System was extended to 

allow us to handle the brightness of the image elements. A modified affine 

transformation for partitioned iterated function system is  

 

 

 

                                                                                             

 

 

Here si is the contrast (which is called the scale of the block), and oi is the 

Brightness (which is called the offset of the block) adjustments for the 

transformations.[45]                                                                                                 

 

 

 

2.3.4 Attractor 
       Applying an affine transformation repetitively on any image results in an 

image called the attractor. The attractor is unchanged for any further 

application of the affine transformation. Each affine transformation has a 

characteristic attractor associated with it.[45] 

 

2.3.5 Some of The Famous Fractal Shapes 
       There are many shapes in the natural world and they look so complex that 

they could not be expressed by several simple functions. But after B. 

Mandelbrot who devised the notion of fractal in 1977, many natural shapes 

are able to be expressed by some simple algorithms. From that time, various 
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researches on how to construct fractal shapes or how to imitate natural 

creatures have been conducted by Barnsley in 1988. 

 

 

       

       Recently fractal notion has been used for image compression, analysis on 

non-linear dynamics, and so on. But they are not sufficient in order to study 

why fractal shapes can be seen widely in the natural world and to study how 

to apply fractal notion to the actual engineering structures, because they 

usually apply fractal notion only as some measures of shapes.[24] Some of 

these popular shapes are: 

 

1.  The Sierpinski Triangle 
       The Sierpinski Triangle is named after the polish mathematician Waclaw 

Sierpinski who described some of its interesting properties in 1916. It is one 

of the simplest fractal shapes in existence. It can be generated by infinitely 

repeating a procedure of connecting the midpoints of each side of the triangle 

to form four separate triangles, and cutting out the triangle in the center,   

Figure (2.1) presents the Sierpinski Triangle.[51] 

 

   

 

 

 

  

 

 

2. Von Koch Curve 

Figure (2.1) Sierpinski triangle 
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       The curve of Von Koch is generated by a simple geometric procedure 

which can be iterated an infinite number of times by dividing a straight line 

segment into three equal parts and substituting the intermediate part with two 

segments of the same length. The Von Koch curve is a very elementary 

example of fractal, as it follows a simple rule of construction, Figure (2.2) 

presents Von Koch curve.[13] 

 

 

 

 

 

 

 

3. The Hilbert Curve 
       The Hilbert Curve was first introduced by David Hilbert. This curve is 

called a space-filling curve, as it will eventually cover the entire plane after 

several iterations, Figure (2.3) shows the Hilbert curve.[46] 

 

 

 

 

 

 

 

 

 

2.4 Fractal Properties 
       Fractals can be characterized by having some properties such as: 

Figure (2.2) Von curve 

Figure (2.3) The Hilbert curve 
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1. The fractal set has a fine structure, i.e., it contains detail at arbitrarily 

small scales. 

2. In most cases of interest, the fractal set is defined by a recursive 

procedure. 

3. The geometry of the fractal is too irregular to be described in traditional 

geometrical language, i.e., no specific size or scaling. 

 

 

4. The fractal set is an attractor of a dynamical system. 

5. The fractal set is appropriate for natural shapes. 

 But the most important properties for fractal are discussed in the following 

sections.[48] 

 

2.4.1 Self-Similarities 
       One of the important properties of fractal object is self-similarity. John 

Hutchinson explores this notion. An object is said to be self-similar, if it 

contains repeated scaled-down copies of itself, i.e. the features of an object 

remains constant through successive magnifications.[35] 

       Subsets of fractals when magnified appear similar or identical to the 

original fractal and to other subsets. This property, which is called self-

similarity, makes fractals independent of scale and scaling. Thus there is no 

characteristic size associated with a fractal.[45] 

       A typical image does not contain the type of self-similarity found in 

fractal, but it contains a different sort of self-similarity. Some fractals have 

only approximate self-similarity, that is, we do not see exactly the same things 

on every magnification. Examples of object that have approximate self-

similarity are mountains, trees and coastlines. Most natural objects have this 

property of approximate self similarity.[49] 
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2.4.2 The Fractal Dimension 
       Now, we come to the concept of "dimension". The study of dimension 

requires measure theory. These two concepts are essential for understanding 

the mathematics of fractals. With the fractal approach the scale-independent 

parameter, which describes the set, is called the "fractal dimension". 

 

  

 

       Fractal dimension is used to refer to the dimension of fractal construct. 

Fractal dimension are important because they can be defined in connection 

with real-word data, and they can be measured approximately by means of 

experiments.[6][30] 

       For example The fractal dimension has been used as a spatial measure for 

describing the complexity of spatial data, including remote sensing image. 

The fractal dimension of a linear feature such as coastline can be any value 

between 1 and 2, depending on its complexity. Similarly, for a surface, the 

fractal dimension's value lies between 2 and 3. This dimension value is 

derived from the entire surface, and it reflects the overall characteristics of the 

surface. When applied to remote sensing  

data, an image will be represented as a surface and the fractal dimension value 

of that surface represents the complexity of the image.[55] 

       Mathematicians introduced several forms of fractal dimension but 

different forms may give different values and may also have different 

properties. Important forms of dimensions appeared in Mandelbrot's 

definition of fractal set. They are the topological, hausdorff dimensions, 

similarity dimensions, capacity dimensions. 

 
2.5 Fractal  Compression 
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       The application of fractals in image compression started with 

M.F.Barnsley and A.Jacquin. FIC is a process to find a small set of 

mathematical equations that can describe the image. By sending the 

parameters of these equations to the decoder, the original image can be 

reconstructed. In general, the theory of fractal compression is based on the 

mapping theorem in the mathematics of metric spaces. 

 

 

 

       Analyzing the image forms the partitioned Iterated Function System 

(PIFS), which is essentially a set of mappings. Those mappings can exploit 

the redundancy that is commonly present in most images. This redundancy is 

related to the similarity of an image with itself, that is part A of a certain 

image is similar to another part B of the same image, by doing an arbitrary 

number of contractive transformation that can bring A and B together.  

       These contractive transformations are actually common geometrical 

operations such as rotation, scaling, skewing and shifting. By applying the 

resulting PIFS on an initially blank image iteratively, the original image at the 

decoder can be completely regenerated. Since the PIFS often consists of a 

small number of parameters, a huge compression ratio can be achieved by 

representing the original image using these parameters. However, FIC has its 

disadvantages since it is usually involves a large amount of matching and 

geometric operation (i.e. it is time consuming). The coding process is so 

asymmetrical that encoding of an image takes much longer time than 

decoding.[50] 

 

2.6 What Is FIC? 
       Imagine a special type of photocopying machine that reduces the image 

to be copied by half and reproduces it three times on the copy, as shown in 
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Figure (2.4). What happens when this machine is feed the output back as 

input? Figure (2.5) shows several iterations of this process on several input 

images. It can observed that all the copies seem to converge to the same final 

image. Since the copying machine reduces the input image, any initial image 

placed on the copying machine will be reduced to a point as machine 

repeatedly run, in fact, it is only the position and the orientation of the copies 

that determines what the final image looks like. 

 

 

 

 

 

 

 

 

 

 

 

 

 

       The way the input image is transformed determines the final result when 

running the copy machine in a feedback loop. However these transformations 

must be constrained with the limitation that make transformation to be 

contractive, that is, a given transformation applied to any two points in the 

input image must bring them closer in the copy. 

       This technical condition is quite logical, since if points in the copy were 

spread out, the final image would have to be of infinite size. Except for this 

condition, the transformations described in section (2.3.2) is sufficient to 

generate interesting transformations of the plane and each can skew, rotate, 

scale and translate an input image as mentioned in that section. 

Figure (2.4) A Copy machine that makes three reduced          

                     copies the input image  
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       The common feature between these transformations that run in a loop 

back mode is that for a given initial image, each image is formed from a 

transformation copies of itself, and hence it must have detail at every scale. 

That is, the images are fractals.[38] 

 

 

 

 

 

 

 

 

 

 

 

 

   

 

       Barnsley suggested that perhaps storing images as collection of 

transformations could lead to image compression. His argument went as 

follows: the image in Figure (2.1) looks complicated yet it is generated from 

only 4 affine transformation. 

       Each transformation wi is defined by 6 numbers: ai  bi  ci  ei  and fi which 

do not require much memory to store on a computer (4 transformation x 6 

numbers / transformations x 32 bits / number = 768 bits). Storing the image as 

a collection of pixels however requires much more memory. 

       If the picture of a Sierpinski Triangle is to be stored, then it is done by 

storing the numbers that define the affine transformation and simply generate 

this triangle whenever it is want to seen. 

Figure (2.5) The first three copies generated by the copying   

machine presented in Figure (2.4) 
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       Now suppose that any arbitrary image were given, say a face. If a small 

number of affine transformation could generate that face, then it could be 

stored too compactly. The trick is finding those transforms.[41] 

 

 

  

 

 

       From the previous explanation, a fractal could be defined as a set F that 

has any of the following properties [45]: 

1. F has detail at every level. 

2. F is exactly, approximately or statistically self-similar. 

3. F has a fractional dimension. 

4. There is a simple algorithmic description of F.[13] 

             

 

2.7 The Need for Fractal Image Compression 
       There are many reasons for choosing fractal as a compression method, 

the most important are: 

1.  It has very fast decoding time (may be the fastest among the compressor 

methods). 

2.  Since the most natural objects have fractal shapes, therefore, using 

fractals will achieve a high compression ratio.  

3.  Using fractals for image compression is considered as one of the modern 

approaches, but this method still under extensive research to overcome its 

week points. 

4.  To encode an image as a collection of transformations (i.e., affine 

contractivity transformation), which produces images that take up less 

memory. The means of contractivity is that kind of mappings which 

moves points closer together, it is very similar to copy machine metaphor.  
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5.  It works even for "bad" range-domain matches in the encoding process.  

6.  One advantage of IFC over traditional transform coding is that fractal 

compression takes the advantage of local scale invariance. Several natural 

image features such as, straight edges and constant regions are unchanged 

by rescaling. Traditional image coders do not exploit this type of 

redundancy, and this is the main motivation of FIC.[32] 

 

 

2.8 Advantages and Weaknesses of FIC 
       FIC as any compression method has some weakness points, these are: 

1. The search for matching blocks takes a huge amount of time, which results 

a very long encoding time. 

 

2. The image in this method has to be partitioned into blocks. Because errors 

are correlated within a block but uncorrelated across neighboring blocks, a 

very distracting artifact will be results and this will make the attractor (the 

reconstructed image) appears to be made up of blocks in some cases.  

 

But FIC has some advantages rather than its disadvantages, these are.[24] 

1. High Compression Ratios, FIC can offer higher compression ratios than 

JPEG coding some times, while maintaining near equivalent PSNR 

values. 

 

2. No Codebook, Fractal image coding used a virtual codebook when 

encoding the image and does not require the storage or transmission of 

any part of a codebook or synchronization around a common codebook.  

Fractal image coding defines an image as iterated function system, with 

only the parameters of this function need to be stored or transmitted. 

 



Chapter Two                                 Basic Concept of Fractal                              
 

 22 

3. Fast Decompression, Fractal image decoding is linear with respect to the 

number of pixels in an image. 

 

4. Resolution Independence, The image may be decoded at a different 

resolution than that of the original image, with higher resolution being 

obtained through the fractal nature of the image itself.[52] 

 

 

 

5. High Quality Decode Image, Fractal image coding has been classified as a 

second generation coding scheme because FIC takes into account the 

characteristic of the Human Vision System (HVS) since fractal curves 

look very similar to natural images.     
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 اخلالصة

 

 

لقد شهد العقدين الماضيين تطوراً كبيراً في استخدام الكسوريات في المواضيع 

وكذلك في مختلف  االمختلفة من علوم الفيزياء، الكيمياء، األحياء، البايولوجي، الجيولوجي

وقد كان لموضوع معالجة الصور نصيب كبير  المجاالت الهندسية ومنها معالجة اإلشارة.

 سوريات وعلى وجه الخصوص في مجال ضغط الصور.من استخدام الك

لقد أشرت بعض الدراسات التي نشرت في األدبيات العلمية إلى إمكانية استخدام        

( دون أن تشير إلى آلية محدده أو Audio Dataالكسوريات في ضغط البيانات الصوتية )

 نتائج ملموسة لتنفيذ هكذا منظومة.

عديدة باستخدام تقنيات مختلفة الغرض منها تحقيق نسب  استحدث طرق ضغط لقد       

 أنجازبنظر االعتبار  األخذضغط عالية مع المحافظة على جودة الصوت المضغوط، مع 

 وقت ممكن.   بأقلالضغط 

 ههذ أحدى( هي Fractal Audio Compressionطريقة الضغط الكسوري )       

 – Self) التشابه الذاتي مبدأتعتمد وتية الطرق، وهي تقنية حديثة لضغط البيانات الص

Similarity ).في الصوت 

( لبيانات ملفات Lossy) عملية الضغط محاولة تطوير إلىهذه الرسالة تهدف        

(، Fractal Method) ، باعتماد طريقة الكسوريات(Wave Filesالصوت من النوع )

هي  األولىتين رئيسيتين: تكون من مرحلتبقيه طرق الضغط،  هو الحال مع وهي كما

 (.Decoding Unit( والثانية مرحلة فك التشفير )Encoding Unitمرحلة التشفير )

نوعين من الكتل، كتل تدعى كتل  إلى األصليالصوت  أفي مرحلة التشفير يجز       

( وهي كتل غير متداخلة، وكتل تدعى كتل المجال Range Blocksالمجال المقابل )

(Domain Blocks والتي من الممكن )الصوت  ومن ثم يتم تقطيعتكون متداخلة.  أن

 أيجادالكتل المتساوية الحجم. بعد ذلك يتم  التقطيع إلى كتل متساوية باستخدام طريقة

التحويالت  أنواعلكل كتلة في المجال المقابل وذلك بتطبيق احد كتل في المجال  أفضل



هذه )معامالت(  التشفير بخزن تفاصيل. تنتهي مرحلة (Affine Transformوتدعى )

عملية إيجاد الكتل المتشابه تتطلب  أنالتحويالت لكل كتلة من كتل المجال المقابل. 

عمليات حسابية معقدة تستغرق وقت طويل وهذا ما يؤخذ على طريقة الضغط الكسوري 

 كنقطة ضعف.

 ةالناتجة من مرحل مرحلة فك التشفير تنجز بتكرار تطبيق نتائج التحويالت أن       

ال المرحلة  ه، وهذالمسترجعالتشفير على أي صوت ابتدائي حتى الحصول على الصوت 

 سوى وقت قصير جداً. قتستغر

الزمن المستغرق لعملية  إنالنتائج  أظهرت إذنتائج مشجعة،  أعطتهذه العملية  إن       

 المعالج، وهذا يعني بحجم كتلة تقطيع ملفات الصوت تتأثرضغط بيانات ملفات الصوت 

 زيادة الوقت المستغرق لعملية الضغط. إلىؤدي ستحجم الكتلة إن زيادة 

نماذج  أربعةهذا الغرض تم اختبارها باستخدام لالتي تم بناؤها  البرامجيات إن       

   في هذه الرسالة. كما هو مبينةنتائج مشجعة  أعطتقد  ولبيانات صوتية 
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