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ABSTRACT 

 Video compression has become especially important nowadays with 

the increase of data transmitted over transmission channels, the 

reducing the size of the videos must be done without affecting the 

quality of the video. This process is done by cutting the video thread 

into frames of specific lengths and converting them into a three-

dimensional matrix. The proposed compression scheme uses the 

traditional red-green-blue color space representation and applies a 

three-dimensional discrete Fourier transform (3D-DFT) or three-

dimensional discrete wavelet transform (3D-DWT) to the signal 

matrix after converted the video stream to three-dimensional 

matrices. The resulting coefficients from the transformation are 

encoded using the EZW encoder algorithm. Three main criteria by 

which the performance of the proposed video compression system 

will be tested; Compression ratio (CR), peak signal-to-noise ratio 

(PSNR) and processing time (PT). Experiments showed high 

compression efficiency for videos using the proposed technique with 

the required bit rate, the best bit rate for traditional video 

compression. 3D discrete wavelet conversion has a high frame rate 

with natural spatial resolution and scalability through visual and 

spatial resolution as well as in quality with other advantages when 

compared to current conventional systems in terms of complexity, 

low power, high throughput, low latency and minimum storage 

requirements. 
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 By working on the proposed system, results were obtained with 

Compression Ratio  ranging between (95.51 - 87.445). 

For SNPR, the results were between (47.78-51.4) dB. 

 It can be noted that the value of MSE is  (0.48-1.08). 

It can note that the similarity value range is between (94.1-95.3). 
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CHAPTER ONE 

Introduction to Multimedia Compression 

1-1 Introduction of Data compression 

Data compression is the process of converting data files into files with smaller 

sizes for efficiency of storage and transmission. As one of the essential 

technologies of the multimedia revolution, data compression is the key in the 

rapid progress being made in information technology [1]. 

The history of image data compression started probably about a half of century 

ago with the works on predictive coding and variable length codes. In the 1960's, 

advances in digital processing simulated research on compression techniques. 

These paid their fruits in the marvelous results of the packages issued in the 

1980's [1]. 

Such a technological breakthrough resulted in efficient compression algorithms 

that have not been standardized until the early 1990's. Presently, they are in 

common use in multimedia together with modifications and improvements 

achieved during the last decade [1]. 

Image and video data compression refers to a process by which the amount of 

data used to represent an image or a video is reduced to meet a bit rate 

requirement (below or at most at the maximum available bit rate), awhile the 

quality of the reconstructed image or video satisfies a certain criteria for a specific 

application and the complexity of the computation involved should be affordable 

for that application[1]. 
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1.2 Motivation 

        All applications of digital video require digital processing for data 

compression. Some applications require additional processing for motion 

analysis, standards conversion, enhancement, and restoration to obtain better-

quality images. Digital processing of still images have become vital in military, 

commercial, and consumer applications. Some examples of digital processing are 

space missions, surveillance imaging, and night vision. Digital video processing 

differs from still image processing because each frame is processed 

independently. The utilization of the temporal redundancy by means of multi 

frame processing techniques enables us to develop more effective algorithms such 

motion compensation prediction[2].          a 

Multimedia compression is important for many applications that involve huge 

data storage, transmission and retrieval such as for compress color image, 

documents, medical imaging and videoconferencing. Uncompressed multimedia 

require considerable storage capacity and transmission bandwidth. 

The objective of multimedia compression technique is to reduce redundancy of 

the images data in order to be able to store or transmit data in an efficient form. 

This results in the reduction of file size and allows more data to be stored in the 

same amount of disk or memory space  [3]. 

This work suggests a multimedia compression scheme with pruning proposal 

based on Discrete Wavelet Transformation (DWT). The effectiveness of the 

algorithm has been justified over some real videos and images, and the 

performance of the algorithm has been compared with other common 

compression standards. 

The compression that is achieved can be calculated by the compression ratio(CR)  

according to the following formula: 

CR=n1/n2                                                                                  1-1 
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     Where n1 and n2 refer to the number of information carriers (bits) in the 

original data and compressed data, respectively. A compression ratio such as 10  

(or 10: 1) indicates that the original file contains 10 units that carry information 

(such as bits) for every 1 unit in the compressed data set[4] 

Multimedia compression is used in many applications to reduce the information 

required for representation a series of images. There is a many variety of 

applications for image and video compression ranging from high definition TV, it 

has a compressed data rate of several Mbit/s, to reduce the power consumption 

wireless video transmission at several tens of Kbit/s. Many multimedia 

compression algorithms are available they depends on application requirements 

such as the required amount of compression, the type of image and video source, 

and the required resiliency to errors. This many group of compression techniques  

makes programmable implementations particularly attractive[5]. 

a1. 3 Literature Survey 

In this section, some relevant work developed will be mentioned and discussed: 

Hosam Khalil, 1999. Proposed three-dimensional (3D) video compression based 

on wavelets decomposition along the temporal axis dictates that a number of 

video frames must be buffered to allow for the temporal decomposition[6]. 

V. Rajaravivarma, 1996,the researcher found a step towards reducing the intensity 

of computations employing fast transform algorithm. In order to work with audio 

and video image signals, the Discrete Cosine Transform (DCT) is considered. 

Reducing the intensity of computations and to have amount of data needed to 

represent the signal, leads to compressed data that could be processed in real-

time[7]. 

Benoit. Le_ Bonhomme, etal, 2008, They have presented the functionalities of the 

MMW. com (MyMultimediaWorld.com) 3D compression benchmark. The online 

nature of the MMW. com allowing to continuously updating the database, as well 
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as the easiness of including new algorithms based on its (Application 

Programming  Interface )API[8]. 

Chung-Ping Wu, Member, 2005. Two specific encryption schemes are obtained 

by applying this approach to the Huffman coder and the QM coder. It is shown 

that security is achieved without sacrificing the compression performance and the 

computational speed. That modified entropy coding methodology can be applied 

to most modern compressed audio and video such as MPEG audio, MPEG video, 

and JPEG/JPEG2000 images[9]. 

    Hanadi Hakami and Zenon Chaczko, they have algorithm that capable of 

selecting the final threshold value of every image which provides sufficient input 

for compression,and makes the algorithm an efficient outcome and provides the 

best quality of an image[10]. 

Jaya Krishna Sunkara, etal, 2012, they have used the ridgelet transform of areal 

world images in order to produce low-levels features. Ridgelet based features 

seems to capture efficiently man-made elements within the scene. The ridgelet 

transform is relatively fast compared to the Gabor filters because it does not 

require a filter response calculation [11]. 

Thomas J. Naughton, 2004, He is outlined the results of combining lossy and 

lossless techniques to the compression of encrypted digital holograms of 3-D 

objects. The optical encryption technique, based on phase-shift digital 

holography, is suitable for secure 3-D object storage and transmission 

applications[12]. 

Samir B. etal, 2009, the authors have designed and implemented various 

algorithms for image and video compression using Discrete Cosine 

Transformation  (DCT). These compression algorithms can be used to achieve 

various levels of compressions. Various compression ratios along with different 

quality of recovered video were worked out by using video compression 
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algorithms. DCT abased implementation have proved to be energy preserving 

during the implementation phase[13]. 

Eman Abdelfattah  and Asif  Mohiuddin, 2010. Researchers evaluated the 

performance of Huffman's compression and Run Length Encoding algorithms 

with multimedia data. They bused different types of multimedia formats such as 

images and text. Extensive experiments with different file sizes were bused to 

compare both algorithms to assess compression ratio and compression time [14]. 

 

D Pavani, D V Sai Sudheer, 2012, they suggested a new video compression 

technique which exploits objectively the temporal redundancy. With the apparent 

gains in compression efficiency they predict that the proposed technique could 

open new horizons in video compression domain. So, bit strongly exploits 

temporal redundancy with the minimum of processing complexity which 

facilitates bits implementation in video embedded systems[15]. 

   M. Mozammel Hoque Chowdhury,2012, he proposed a new image compression 

scheme based on the discrete wavelength transformation in this paper, which 

provides high enough compression ratios with no significant deterioration in 

image quality. The effectiveness and robustness of this approach was justified by 

using a set of real images[16]. 

      K. Sureshraju, 2014, the author applied the Discrete Wavelet Transform  

(DWT) method for image band video compression. He also calculated the PSNR 

band CR values after image reconstruction using the Inverse Discrete Wavelet 

Transform (IDWT) algorithm. Although the video looks like continuous motion, 

it is actually a series of still images[17]. 

      Andrew Secker and David Taubman, 2001, the researchers proposes a new 

framework for levitation-based temporal motion compensated DWT. This new 

transformation is amenable to any motion model and gives excellent initial results 
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even with simple block-based animation. It also produces high-quality, low-

resolution time frames for time scalability[18]. 

Xiaoli Tanga, etal, 2015, the authors proposed a segmented and compact 3D array 

for hyperspectral image compression. The 3D waveform automatically takes 

advantage of inter and depend. Modified Set Partitioned Embedded bloCK 

(SPECK) sorting algorithm can efficiently find the most important information, 

thus providing cryptographic gain against 2D compression algorithm. The 

proposed Three-Dimensional Set Partitioned Embedded bloCK (3DSPECK) is 

fully included band can be bused for progressive transmission. These features 

make the proposed programmer a good candidate for compressing (encoding) 

hyperspectral images before transferring and decompressing  (decoding) them at 

another end for image storage [19]. 

Divya R. Jariwala, Heta S. Desai, 2016, have been proposed a resolution 

enhancement technique based on interpolation of high-frequency sub band images 

obtained by DWT and input image. Most of the techniques bare useful for 

altering the gray level values of individual pixels and hence the overall contrast of 

the entire image. But they usually enhance the whole image in a uniform manner 

which in many cases produces undesirable results[20]. 

       Sai Virali Tummala, 2017, performed compression with both lossy and 

lossless techniques and then followed by enhancing them. DCT, DWT, RLE and 

BTC are used for compression. DWT lossy compression gives better results than 

DCT when enhanced based on PSNR, MSE and SSIM without losing more 

information. RLE and BTC are compress well without loosing much data. RLE 

shows good compression rate than BTC from the analysis[21]. 

Thirumoorthi C, Karthikeyan T, Biomedical Research 2017. The authors 

simulated six methods of compressing images. Those methods are Karhunen-

Loeve Transform (KLT), Walsh-Hadamard Transform (WHT), Fast Fourier 
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Transform  (FFT), Sparse Fast Fourier Transform  (SFFT), Discrete Cosine 

Transform  (DCT) and Discrete Wave Transform  (DWT). The simulation results 

are presented and the different quality parameters are compared by applying 

different medical images for a lung cancer computerized tomography (CT) scan. 

The algorithm of the Discrete Wavelet Transform method (DWT) gave better 

results such as compression ratio (CR), mean square error (MSE), and peak signal 

to noise ratio (PSNR) compared to other conversion methods[22]. 

Siwei M 2019, the authors provided a systematic, comprehensive, and up-to-date 

review of neural network-based image and video compression technologies. The 

evolution and development of compression methodologies based on the image 

and video neural network are presented respectively. More specifically, advanced 

video coding technologies are presented and discussed by utilizing deep learning 

and the HEVC framework, which greatly enhance the performance of advanced 

video coding[23]. 

1-4 Thesis Aims 

The aim of thesis is to design code using Matlab for multimedia compression, it 

can bachieve high compression ratiob (CR), acceptable peak signal to noise ratio 

(PSNR ) and favorable processing time. 

 To achieve these goals, are taken the following steps: 

1- Design and implementation of video compression code that  enables us to achieve 

high CR and PSNR by using MATLAB (2020a) software.  

2- One of the main goals of thesis is to provide more space to be used in storing 

empty information by compressing files and reducing their sizes, which leads to 

an increase in free space in the disk or any type of storage system. 
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1-5 Thesis Organization b 

Thesis is structured as five chapters: 

1-Chapter two explains the principles of a video compression, the criteria which 

is used to evaluate the performance of any compression technique, an 

introduction about wavelet and multiwavelet transform b, then the algorithm and 

the procedure of multiwavelet critically sampling transformation b. 

2-Chapter Three is devoted to the proposed video compression system. b 

3-Chapter four shows the design of the proposed system and the experimental 

results b (tables, figures and reconstructed frames bin new files). 

4-Chapter five includes the conclusions and some suggestions for future work. bb 
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Chapter Two  

Concepts of Multimedia Compression  

2.1 Introduction   

   Data compression refers to reduce the amount of data which is used to 

represent the original data before compression by reducing the size of the original 

data. The data that has been compressed tis eventually transmitted tor stored. 

There are many types of compression, file compression, text compression, audio 

compression, image compression and video compression. [24]. 

In order to decompress data, the compressed data tis taken and decompressed 

using the inverse operations conducted tin the compressor and extract the original 

data. Evaluation of compression system depends on the number of times the 

compressor has compressed the data and the quality of the reconstructed data 

such as text, quality of audio and resolution of the reconstructed image tor 

video[24]. T 

In this chapter, the general techniques are presented of compression that used 

tin image compression and image decompression technique and the search 

algorithms used in motion estimation and the parameters for evaluating ta 

compression system. 

t2.2 Compression Techniques 

     A Compression algorithm takes tan input t (Audio, image, video) and 

generates ta representation that hopefully requires fewer bits. tThere tis ta 

reconstruction algorithm that operates on the compressed representation to 

reconstruct the input. t 
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2.2.1 Lossless Compression 

    Lossless compression tis when the output tis identical to the original data, the 

original data can be recovered  exactly from the compressed data. It is used for 

applications that cannot tolerate any difference between the original and 

reconstructed data. Examples of lossless methods tare Run Length coding, 

Huffman tcodingt, and Arithmetic coding [25]. 

At. Run Length Encoding 

      Run Length Encoding(RLE) is one of the simplest data compression 

algorithms. It is a data compression for characters that have more than three 

repetitions. 

    RLE tfinds runs of trepeated characters tin the input tstream and replaces tthem 

twith a tthree-tbyte code. The code consists of ta flag tcharactert, a count byte, 

and the trepeated characters. For instance, the string  “AAAAAABBCCCDDDD” 

could be tmore efficiently represented as  “*tA6BBCCCt*tD4”.That saves us 

eight bytes. It does not make sense to represent runs less than three characters in 

length with a code[25]. 

Bt. Huffman Coding 

t  Huffman coding tis ta data compression technique which has been used also in 

image compression. Huffman coding tis based on the probabilities of the data 

occurring tin the sequence. Symbols which occur tmore frequently twill need 

fewer bits tthan symbols twith less frequency. Consider we have ta pixel symbol 

sequence consisting of 6 pixels; the probability of occurrence pixels are shown in 

Figure(2-1) [26]. 
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Figure (2-1) Huffman Coding 

   First, Huffman code sums together the two lowest probability pixels into a new 

pixel with ta new probability (0.06t+t0.04 t=0.1),  repeating this until there is only 

one pixel, and the probability is1(where is the compression). The reverse step to 

code teach probability with binary code starts twith the smallest source and works 

back to the original source. Given the binary 0 and 1 to the source on the right, 

then go backward with the same path, adding to the source 0 and 1. The operation 

is repeated for each reduced source until the original source is reached. The final 

code appears on the far left of Figure(2-2) [26]. 

                               

 

t   As can be seen from Figure (2-2), the symbol a2  gives only the code twith only 

1 bit, and the a5 has the code with 5 bits. In other words, the symbols that occur 

tmore frequently tare coded with fewer bits than those symbols with least 

frequency. 

 

 

Figure (2-2) Huffman code extract 
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2.2.2 Lossy Compression 

    Lossy compression is the technique provides much higher compression tthan 

lossless compression but tallows the output to be different from input data. Since 

some applications do not require exact reconstruction, lossy compression 

techniques tinvolve some tloss of some nont-tsignificant information, therefore; 

data cannot be recovered or reconstructed exactly. Higher compression tratios can 

be possible to obtain twith lossless compression[25]. 

A. Transform  Coding 

    Transform coding is a form of block coding done in the transform tdomaint. 

The image tdivided into tblocks and the transform is calculated for each tblockt. 

The tsimplest ttype of  transform is filtering such as Discrete Cosine 

Transform(DCT), Discrete Wavelet Transform(DWT). The tbasic tencoding 

method for transform based on compression works as follows: 

i. Image transform: Divide the source image into blocks and tapply the 

transformations to the blocks. The transform can be DCT, DWT …..tetc. t 

ii. Parameter quantization: The coefficients generated by the ttransformation 

tare quantized to reduce the amount of tinformationt. This tstep represents the 

tinformation twithin the new domain tby reducing the amount of data. This 

process is usually irreversible. 

iii. Encoding: Encode the results of the quantization. This last step can be error 

free by using Run Length encoding or Huffman coding. t 

    Transform coding is one of the most  useful applications. Combined twith other 

compression techniques, this technique allows the efficient transmission, storage, 

and display of images that otherwise would be timpractical. DCT based 

Transform Coding tis a widely used transform in image processingt, especially 

for compression. Some applications of two Dimensional DCT involve still image 

compression and compression of tindividual video frames, while tmultit-

dimensional is mostly used for compression of  video tstreams [t27t]. There are 
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tthree tDCTt-based on tstandards that are widely used and accepted worldwide 

[28]: 

a- JPEG (Joint Photographic Experts Group). t 

b-H.261(Video codec for audiovisual services). 

c-MPEG (Motion Picture Experts Group). 

tt         

   JPEG-DCT is a transform coding method comprising four steps. The source 

image is first partitioned into sub-blocks of size 8x8 pixels in dimension. Then 

each tblock is transformed from spatial domain to frequency domain using a 2D-

DCT-tbasis function. The DCT makes it possible to compress the image tby 

concentrating tmost of the image tinformation tin the lower spatial tdomaint, so 

that the 64 coefficients produced tby that equation is represented as tin figure(2-

3). The coefficient of the top-left-corner tis called DC which represents the 

average of whole image that represents low frequency, the tother 63 coefficients 

is the high frequency which is called AC[29]. 

t 
t 

 

 

 

t 

 

 

Figure (2-3)The Effect of a Discrete Cosine Transform[30]. 

     In general, these coefficients must be quantified and then compress using one 

of compression lossless method such as run length coding,  Huffman, t…..etc[30]. 

t 
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DCT is efficient in image compression for the following reasons: 

1. DCT basis functions tare orthogonal. T 

2. DCT has the property of  Separability. 

3. Energy Compaction.  

2.2.3 Embedded Zerotrees of Wavelet Transforms  

Embedded Zerotrees of Wavelet transforms (EZW) is a lossy image compression 

algorithm. At low bit rates, i.e. high compression ratios, most of the coefficients 

produced by a subband transform (such as the wavelet transform) will be zero, or 

very close to zero. This occurs because "real world" images tend to contain 

mostly low frequency information (highly correlated). However where high 

frequency information does occur (such as edges in the image) this is particularly 

important in terms of human perception of the image quality, and thus must be 

represented accurately in any high quality coding scheme. 

By considering the transformed coefficients as a tree (or trees) with the lowest 

frequency coefficients at the root node and with the children of each tree node 

being the spatially related coefficients in the next higher frequency subband, there 

is a high probability that one or more subtrees will consist entirely of coefficients 

which are zero or nearly zero, such subtrees are called zerotrees. Due to this, we 

use the terms node and coefficient interchangeably, and when we refer to the 

children of a coefficient, we mean the child coefficients of the node in the tree 

where that coefficient is located. We use children to refer to directly connected 

nodes lower in the tree and descendants to refer to all nodes which are below a 

particular node in the tree, even if not directly connected. 

In zerotree based image compression scheme such as EZW and SPIHT, the intent 

is to use the statistical properties of the trees in order to efficiently code the 

locations of the significant coefficients. Since most of the coefficients will be zero 

or close to zero, the spatial locations of the significant coefficients make up a 

large portion of the total size of a typical compressed image. A coefficient 
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(likewise a tree) is considered significant if its magnitude (or magnitudes of a 

node and all its descendants in the case of a tree) is above a particular threshold. 

By starting with a threshold which is close to the maximum coefficient 

magnitudes and iteratively decreasing the threshold, it is possible to create a 

compressed representation of an image which progressively adds finer detail. Due 

to the structure of the trees, it is very likely that if a coefficient in a particular 

frequency band is insignificant, then all its descendants (the spatially related 

higher frequency band coefficients) will also be insignificant. 

EZW uses four symbols to represent (a) a zerotree root, (b) an isolated zero (a 

coefficient which is insignificant, but which has significant descendants), (c) a 

significant positive coefficient and (d) a significant negative coefficient. The 

symbols may be thus represented by two binary bits. The compression algorithm 

consists of a number of iterations through a dominant pass and a subordinate pass, 

the threshold is updated (reduced by a factor of two) after each iteration. The 

dominant pass encodes the significance of the coefficients which have not yet 

been found significant in earlier iterations, by scanning the trees and emitting one 

of the four symbols. The children of a coefficient are only scanned if the 

coefficient was found to be significant, or if the coefficient was an isolated zero. 

The subordinate pass emits one bit (the most significant bit of each coefficient not 

so far emitted) for each coefficient which has been found significant in the 

previous significance passes. The subordinate pass is therefore similar to bit-

plane coding. 

There are several important features to note. Firstly, it is possible to stop the 

compression algorithm at any time and obtain an approximation of the original 

image, the greater the number of bits received, the better the image. Secondly, 

due to the way in which the compression algorithm is structured as a series of 

decisions, the same algorithm can be run at the decoder to reconstruct the 

coefficients, but with the decisions being taken according to the incoming bit 

stream. In practical implementations, it would be usual to use an entropy code 
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such as arithmetic code to further improve the performance of the dominant pass. 

Bits from the subordinate pass are usually random enough that entropy coding 

provides no further coding gain. 

The coding performance of EZW has since been exceeded by SPIHT and its 

many derivatives. The EZW algorithm also contains the following features: 

(1) A discrete wavelet transform which can use a compact multiresolution 

representation in the image. 

(2) Zerotree coding which provides a compact multiresolution representation of 

significance maps. 

(3) Successive approximation for a compact multiprecision representation of the 

significant coefficients. 

(4) A prioritization protocol which the importance is determined by the precision, 

magnitude, scale, and spatial location of the wavelet coefficients in order. 

(5) Adaptive multilevel arithmetic coding which is a fast and efficient method for 

entropy coding strings of symbols. 

2.3 Multimedia Compression 

    An exact image or still image tis represented in a computer as a set of numbers, 

so that the integers are tmore tspecific. An image that stores on a computer tis 

called ta digital image. However, The term image is used to give meaning to a 

digital image. Usually if the image tis black and white(BW), it is a two-

dimensional(2D) matrix and if it is a color image the matrix is three-

dimensional(3D)[31]. 

    Each number in matrix represents the tintensity tvalue at ta tspecific tlocation 

tin the image and is called a picture element or a pixel, in other words. Pixel 

tvalues can be positive integers and can range from 0 to 255. This means that 

every pixel of a BW image is stored in 1 byte in computer memory. In other 

words, the image has a gray scale resolution of 8 bits per pixel (bpp). On the other 
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hand, a color image contains ta triangular set of values per pixel: one for each of 

the primary colors red, green, and blue. Thus, t3 bytes of tstorage space tis needed 

per pixel. t 

T images captured are rectangular in shape. In standard definition television 

(SDTV), the aspect ratio is 4:3, while it is16:9 in High Definition Television 

(HDTV). The two aspect tratios are illustrated in Fig.2.4, Fig.2.4a corresponds to 

a 4:3 aspect ratio while Fig.2.4 b corresponds to the same image with an aspect 

ratio of 16:9. In both images, the height in inches remains the same. [33]. 

t  

Figure (2-4)Aspect ratio: t ( ta) t4t: t3 and t (b) t16t: t9t. The height tis the same tin both the pictures.  t 

Which means the number of rows remains constant, So, if the image contains 

t480 rows, then the number of pixels in each row will be 480x4/3= 640 for a 4:3 

aspect ratio for HD TV, there are 1080 rows, so the number of pixels in each row 

will be 1080 x16/9=1920. Thus, a single SD color image with 24 bpp needs 

640x480x3= 921.600 bytes of memory, while a high-resolution color image with 

the same pixel depth needs 1920tx1080 x3= 6220800 bytes. 

     The video source may contain 30 frames per second or more, and tin such case 

the transmitted data rate is 221,184,000 bps for SDTV and 1, 492, t992t, t000 bps 

for  HDTV. If t this data had to be transmitted in real time through a real 

communications channel, which twould need 1Hz of bandwidth for each 2 bits of 

raw data, then the required bandwidth twould be 110,592t,000 Hz for SDTV and 

746,496,000 Hz for HDTV. There are no practical channels that allow such a 

large transmission bandwidth. Note that there are dedicated channels such as 

HDMI that can transmit uncompressed information at this huge rate over a short 
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distance that already exist, but we are referring to long distance transmission. It is 

very evident that effective data compression schemes need to reduce huge video 

data rates to controllable values, so that practical communication channels can be 

used to transfer data to desired locations in real time[31]. 

t2t.3t. t1 Image Compression 

    Image compression is the tprocess of downsizing the file of an image while 

keeping ta good visual quality. The value of the luminance at each pixel in the 

image is represented to a pre-defined precision(M). Eight bits of precision for 

luminance tis common in imaging applications. The eight-bit per precision is 

motivated by both the existing computer memory structures(1byte =8 bits) as well 

as the dynamic range of  the human eye[32]. 

     Internet browsing, TV transmission, transmission of remotely sensed images 

and printing have digital images applications but the vast amount of data required 

to represent a digital image restricts these applications[33]. 

    Due to the high cost of  storage and transmission, digital image application is 

not practical. The goal of image compression process is to reduce the file size of 

the image and reduce the bitrate of an image to minimize the communication 

channel capacity while maintaining the fidelity of the image[30].Figure (2-5) 

shows the image compression and decompression diagram. 

 

 

t 
t 

 

tt 
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Figure (2-5) The image transmission diagram 
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2.3.2 Video Compression 

Video compression is the process of reducing a video file size and reforming it in 

to ta form that can be stored and played back. It plays a vital trole tin video 

tprocessingt. tCompressed digital video reduces space and bandwidth 

requirements and therefore tis suitable for  storage and transmission [36]. The 

performance of ta good video compressor is that the compressed video file tis 

similar to the original video file when played back. A poorly compressed file has 

a large file size and an unacceptable video quality during playback. t 

   Video Application tin telecommunication has been increasingly demandable, 

but the problem is that image and video data require large data rates typically in 

the range of 150Mbits/sec[33]. Data rates in these ranges desire large bandwidth 

during transmission and large file size during storage, therefore; video standards 

have been developed to teliminate picture redundancy and tallow video to be 

transmitted and stored tin an efficient and compact manner. During the t'80s and 

t'90s, Discrete Cosine Transform (tDCTt)- based compression algorithms and 

international standards were developed to alleviate storage and bandwidth 

limitations imposed tby digital still-image and motion video applications[33]. t 

     The tbasic compression scheme for all video compression tstandards can be 

summarized as follows: divide the picture into 8 blocks, determine the relevant 

picture tinformation, discard redundant  or insignificant information, and encode 

relevant tpicture tinformation twith the least number of bits. To express the 

importance of compression, a 300MHz processor cannot playback a video size of 

27MBytes even if the hard disk is not a problem[33]. 

2.3.3 The Problem of Video Compression 

    The problem of real-time video compression is a difficult and important one, 

and has inspired a great deal of research activity. This body of knowledge has 

been, to a substantial degree, embodied into the MPEG and H. 261/tH263 motion 

video standards. However, some important questions remain unexplored.  
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    Since about 1989, moving digital video images have been integrated with 

programs. The difficulty in implementing moving digital video is the tremendous 

bandwidth required for the encoding of video data. For example, a quarter screen 

image t(320 x 240 pixels) playing on an RGB video screen at full speed of 30 

frames per second (fps) requires storage and transmission of 6.9 million bytes per 

second[34]. 

    This data rate is simply prohibitive, and so means of compressing digital video 

suitable for real-time playback are a necessary step for the widespread 

introduction of digital motion video applicationst. t 

    Many digital video compression algorithms have been developed and 

implemented. The compression tratios of these algorithms varies according to the 

subjective acceptable level of error, the definition of the word compression, and 

who tis making the claim. Table 2. 2 summarizes video compression algorithms, 

their typical compression ratios reported in the literature, and their characteristics 

[34]. 

Table 2.1 Overview of video compression algorithms. 

Compression 

Algorithm 

Typical 

Compression 

Ratio 

Characteristics 

Intel RTV/Indeo 3:1 A 128X240 data stream is interpolated to 256X240. Color  is 
Subsampled 4:1. A simple 16 bit codebook is used without error 

correction. Frame differencing is used. 

Intel PLV 12:1 A native 256X240 stream is encoded using vector quantization 

and motion compensation. Compression requires specialized 

equipment. 

IBM 

Photomotion 

3:1  An optimal 8-bit color palette is determined, and run-length 

encoding and frame differencing are used. 

Motion JPEG 10:1 Uses 2-D DCT to encode individual frames. Gives good real-time 

results with inexpensive but special-purpose equipment. This 

technique supports random-access since no frame differencing is 

used. 

Fractals 10:1 Fractals compress natural scenes well, but require tremendous 

computing power. 

Wavelets 20:1 2-D and 3-D wavelets have been used in the compression of 

motion video. Wavelet compression is low enough in complexity 

to compress entire images, and therefore does not suffer from the 

boundary artifacts seen in DCT-based techniques. 
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H.261/H263 50:1 Real-time compression and decompression algorithm for video 

telecommunications. It is based on 2-D DCT with simple motion 

estimation between frames. 

MPEG 30: 1 Uses 2-D DCT with motion estimation and interpolation between 

frames.  The MPEG standard is difficult and expensive to 

compress, but plays back in real-time with inexpensive 

 

     An ideal video compression technique should have the following 

characteristics: t 

t• Will produce levels of compression rivaling MPEG without objectionable 

artifacts. 

t• Can be played back in real time with inexpensive hardware support.t 

t• Can degrade easily under network overload or on a slow platform. 

t• Can be compressed in real time with inexpensive hardware support. 

2.3.4 Still Image Compression 

   In a still image, each pixel in a row may have ta tvalue very nearly equal to a 

neighboring pixel tvalue. As an example, consider the cameraman tpicture shown 

in Figure(2-6). Figure(2-7) shows the profile (top figure) and the corresponding 

correlation (bottom figure) of the cameraman tpicture talong row 164t. 

Generating Figure(2-7) is listed below. Observe that the pixel values are very 

nearly the same over a large number of neighboring pixels and so is the pixel 

correlation. In other words, pixels in a row have a high correlation.[31] 

   Similarly, pixels may also have ta thigh correlation talong the columns. Thus, 

pixel redundancies translate to pixel correlation. The tbasic principle behind 

image data compression tis to decorrelate the pixels and encode the resulting 

decorrelated image for transmission tor storage. A tspecific compression scheme 

will depend on the method tby which the pixel correlations are removed. t 

One of the earliest and tbasic image compression techniques is known as the 

differential pulse code modulation (DPCM) . If the pixel correlation along only 
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one-dimension (row or column) is removed, then the DPCM is called one-

dimensional  (1D) DPCM or row-by-row DPCM. If the correlations along both 

dimensions are removed, then the resulting DPCM is known as 2D DPCM. A 

DPCM removes pixel correlation and requantizes the residual pixel values for 

storage or transmission. The residual image has a variance much smaller than that 

of the original image Further, the residual image has a probability density 

function, which is a double sided exponential function. These give rise to 

compression [31]. 

A second and relatively recent compression method is based on wavelet 

transform. 

As we will see in a later chapter, wavelet transform captures both long-term and 

short-term changes in an image and offers a highly efficient compression 

mechanism. 

t  

Figure (2-6) Original cameraman picture 
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Figure (2-7) Profile of cameraman image along row number 164t. The top graph shows pixel 

intensity, and the bottom graph shows corresponding normalized correlation over 128 pixel 

displacements. 
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Figure (2-8) A two-level 2D DWT of cameraman image. 

       As a result, tit tis used in the latest versions of the JPEG tstandards as a 

compression tool. It is also adopted tby the SMPTE t (Society of Motion Pictures 

and Television Engineers). Even though the wavelet transform may be applied on 

blocks of tan image like the DCT, it is generally applied on the full image and the 
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various wavelet coefficients tare quantized according to their types. A two-level 

discrete wavelet transform  (DWT) of the cameraman image is shown tin 

Figure(2-8) to illustrate how the 2D wavelet transform coefficients look like. 

Details pertaining to the levels and sub bands of the tDWT will be given tin a 

later chapter. Implement multilevel 2D tDWT that generates Figure(2-8) tis listed 

below. As we twill see in ta later chapter, the 2D tDWT decomposes tan image 

into one approximation and many detail coefficients. 

The number of coefficients sub timages corresponding to an L-level 2D-DWT 

equals 3×L+1. Therefore, for a two-level t2D-DWT, there are seven coefficient 

subimages. 

     In the first level, there are tthree detail coefficient subimages, teach of size 1/4 

the original image. The second level consists of four sets of DWT coefficients 

one approximation and three details, each 1/16 the original  image. The 

approximation coefficients are lower spatial resolution approximations to the 

original image. The detail coefficients capture the discontinuities or edges in the 

image with orientations in the horizontal, vertical, and diagonal directions. In 

order to compress, an image using 2D-DWT we have to compute the 2D-DWT of 

the image up to ta given level and then quantize teach coefficient sub image. The 

achievable quality and compression ratio depend on the chosen wavelets and 

quantization method.  

The visual effect of quantization distortion in DWT compression scheme is 

different from that in DCT-based scheme. (Figure2-9a) is the cameraman image 

compressed using 2D-DWT. The wavelet used tis called Daubechies 2(db2 in 

MATLAB) and the number of levels used tis1t. We note that there are no 

blocking effects, but there are patches in the flat areas. We also see that the edges 

are reproduced faithfully as evidenced in the profile (Figure2-9b). It must be 

pointed  out that the amount of quantization applied tin (Figure2-9a) is not the 

same as that used for the DCT example and that the two examples are given only 

to show the differences in the artifacts introduced tby the two schemes[31]. 
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Figure (2-8) (a) Cameraman image compressed using one-level 2D DWT.  

(b) Intensity profile of image along row number 164. 

2.4  Matching Criteria for Motion Estimation t 

Eliminate large amount of temporal and spatial redundancy that exists in 

video sequences will helps in compressing them. In conventional predictive 

coding the difference between the current frame and the predicted frame tis coded 

and transmitted. Smaller errors can be achieved by better prediction. Evaluating 

the goodness of ta match tis conducted tby ta number of criterias, blockt-based 

motion estimation has tthree popular criteria: 

i. Mean Squared Error (MSE): 

Mean squared error provides a measure of the energy remaining in the 

difference block. MSE for ta N x N-sample tblock can be calculated as 

follows[38]: 
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where : Cij, is a sample of the current block. t 

Rij is a sample of the reference area and C0,0  R0,0  are the top-left samples 

in the current and reference areas respectively. 
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ii. Mean  Absolute Error (MAE):  

t       Mean absolute error (MAE) provides a reasonably good approximation of 

residual energy and tis easier to calculate than MSE, since it requires a 

magnitude calculation instead of a square calculation for each pair of samples: 

t        
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      The comparison may be simplified further by neglecting the term l/N2 and 

simply calculating the sum of absolute errors (SAE) or sum of absolute 

differences (SAD): 
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SAE gives a reasonable approximation to matching criterion for block-based 

motion estimation[35]. 

iii. Pel Difference Classification(PDC): 

   If the difference is less tthan some predetermined threshold then there is 

match. The number of matches tis then counted with the help of the Ord (n). If 

n is true Ord (n) tis one and zero if n is false. The smaller the difference is the 

greater the number of matching pixels, tis the batter is the match 

2.5 Compression Performance Evaluation 

   The performance of any compression system is measured by three performance 

parameters: 

A. Compression Ratio: 

  It defined as the ratio of the uncompressed (original) video file size to the 

compressed file size and the mathematical formula is[36]:  

 

         (2.2) 

             (2.3) 
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Compression Ratio= 

       Uncompressed File Size 

        Compressed File Size  

Also, it can be written by[39]: 
 

Compression Ratio =  (1- ( 

Compressed _Size 

)) X 100 %                       (2. 5)  

Original _Size 

    Another way to state the compression is to use the terminology of bits per 

pixel. For an NxN image:  

Bi Per Pixel (BPP)=  

Number of Bits 

= 

Number of bytes x8 

Number of Pixels             NxN 

 

B. Signal to Noise Ratio: 

      It is defined as the difference between the original and reconstructed tvalues. 

Consider the decompressed image I (i, j) to be the “signal” and the error to be 

“noise”. The signal-to-noise (SNR) metric, the larger number implies ta better 

image. We can define the root-mean-square signal-to-noise ratio as: 
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t Another related metric which is called the peak signal to nose ratio, is defined as: 

       t

 













1

0

1

0

2

2^

2

10

),(),(ˆ
1

)1(
log10)(

N

i

N

j

jiIjiI
N

B
dBPSNR

                      t (2t.8t) t 

Where B=the number of gray levels (e.g., for 8 bits B=t256). t 

PSNR is the most commonly used value to evaluate the objective image 

compression quality. 

            (2.4) 

            (2.6) 
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C. Processing Time (PT) 

     The third parameter to measure the system efficiency is the time required tby 

the system to compress the video file. As long as the time required by the system 

is less, the system is more efficient and fast. 

2.6 Wavelet Transform 

      Wavelet means small wave. The original term was “Ondeletts”, which tis 

French. and the figure (2-10) is one example of Haar wavelet and its mean is 

zero[37]. 

t         A few years later, Ingrid Daubechies constructed families of orthonorma 

and Stephane Mallet put the wavelet transform in the framework of multi-

resolution signal decomposition[38]. 
t 

                            

t                            k                            tt1      

tt                                   t0                                             t t 
t 
  

 t                            

Figure (2-10) Haar Wavelet 

t 

The fundamental idea behind wavelets is to analyze the signal at different 

resolutions, which is called tmultit-resolution. Wavelets are ta class of functions 

used to localize a given signal in both space and scaling domains. A family of 

wavelets can be constructed from ta mother wavelet. Compared to Windowed 

Fourier analysis, a mother wavelet is stretched tor compressed to change the size 

of the window. In this way, big wavelets give tan approximate image of the 

signal, while smaller and smaller wavelets zoom tin ton details. Therefore, 

wavelets automatically adapt to both the high frequency and the low-frequency 

components of ta signal tby different sizes of windows. Any small change in the 

wavelet representation produces ta correspondingly small change in the original 

signal, which means local mistakes twill not influence the entire transform. The 
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wavelet function may be either continuous or discrete for our purposes, the 

discrete form is suited for non-stationary signals[39]. 

The wavelets analyze the input signal in sections by translation of analysis 

function. The analysis function in wavelet transform is a wavelet function,  . 

The wavelet function tis scaled and translated in time. The   tis often called the 

mother wavelet[36],
 
because it generates a family of wavelets through dilation 

and translation. A generalized wavelet family, ba, , described in the normalized 

form is[40]: 
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        Where a represents the scale and b represents the translation t(shifting) 

parameters, and the constants the scale (1/√a)is used for energy normalization 

throughout different scales. 

The scale parameters, a, indicates the level of analysis. Small values of a 

provide small scale high frequency analysis while large values correspond to 

large scale low-frequency, analysis. Changing the b parameter moves the time 

localization center of each wavelet. 

 

       Typically, the scale factor between levels increases by two. Thus, scaling is 

also known as dilation. Widely used ta and b parameter setting that create an 

orthonormal basis are a=2
 r 

and b= 2
r
. The wavelet family then becomes[41]:t 

t                     kxx r

r

kr  


2.2)( 2
,                                   (2. 10) 

Functions of the wavelet transform was put in the framework of multi-

resolution analysis the importance of these wavelet bases became obvious t[42] 
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2.6.1 Continuous wavelet Transform 

The continuous wavelet transform is defined as the sum over the times of 

signal multiplied by scaled, shifted versions of the wavelet function. t 

dttpositionscaletfpositionscaleC ).,,()(),(  




t  

C: are wavelet coefficients which are function of scale and position[43]. 

2.6.2 The Discrete Wavelet Transform (DWT) 

The wavelet transforms compute the wavelet coefficients by taking the inner 

product of an input signal )(xf with ta function, in this case the wavelet family, 

)(, xkr . The discrete wavelet transform (DWT) is: 

t       dxkxxffD r

r

krkr )2()(.2, 2
,,  







               (t2t.12t) t 

where krD ,  are the wavelet coefficients. 

      The wavelet coefficients are measures of the goodness to fit between the 

signal and the wavelet [35]. Wavelet functions are constructed from a father 

wavelet, or scaling function,  .  

t                              )2(2)( kxhx
Zk

k  


                              t (t2. t13) t 

 Where: Φ(x) is scaling function. 

      hk are the scaling function coefficients. 

From the scaling function, t , it is possible to construct an orthonormal 

wavelet   such that ta signal can be decomposed (analyzed) and reconstructed 

exactly and efficiently. t 

           (2.11) 
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                          t

)2(2)( , kxgx
Zk

kjk  


                               t (t2. t14t) t 

where )(x  represents the mother wavelet and gk represents the wavelet 

filter coefficients defined by: 

t                             t k

k

k hg  1)1(                                      (2t. t15) t 

Thus, the wavelet function tis obtained tby convolving the scaling function 

twith the reversed signed form of the scaling filter. The general equation for 

calculating the wavelet function at any level r is given by: 

                            t

)()( ,0,1 xgx kr

Zk

kr  


                           t (t2t.16t) t 

The wavelet function creates a high-pass wavelet filter ( kg ) that provides 

the detail coefficients. The scaling function creates a low-pass wavelet filter (

kh ) that provides the approximation coefficient. 

      Convolving the input signal with the wavelet function creates the detail 

coefficients. The approximations coefficients are calculated in the same way by 

taking the inner product of the signal, f , and the family of dilated, j, and 

translated, k, scaling functions: 

t      t

dxkxxffA r

r

krkr )2()(.2, 2
,,  







                 (t2. t17t) t 

Equation (2.12) and (2.17) define the procedure for complete signal 

decomposition using wavelet. Although these equations can be implemented 

algorithmically and would proved accurate results, they don’t provide efficient 

signal decomposition [44]. 

    The decomposition is repeated to further increase the frequency resolution and 

the approximation coefficients decomposed with high and low pass filters and 

then down-sampled. This is represented as a binary tree  with nodes  representing 
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a sub-space with a different time-frequency localization. The tree is known as a 

filter bank.[31]t 

t  

Figure (2-11) A 3 level filter bank 

    At each level in the above diagram the signal is decomposed into low and high 

frequencies. Due to the decomposition process the input signal must be a multiple 

of For example, a signal with 32 samples, frequency range 0 to f{n} and 3 levels 

of decomposition, 4 output scales are produced: 

Table 2.2  Levels of Frequency domain representation of the DWT 

Level Frequencies Samples 

3 0 to fn/8 4 

3 fn/8 to fn/4 4 

2 fn/4 to f fn/2 8 

1 fn/2 to fn 16 

t 

Figure (2-12) Frequency domain representation of the DWT 

 

https://en.wikipedia.org/wiki/Filter_bank
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2.6.3.2D-DWT for Image Decomposition and Reconstruction 

A 2D separable discrete wavelet transform is equivalent to two consecutive 

1D transforms. For tan image, a 2D is implemented as a 1D-row transform 

followed by a1D-column transform. 

 

 

 

 

 

Figure (2-13):One-level 2D wavelet decomposition (Analysis). 

The scaling function and wavelet functions corresponding to different sub-bands 

in the decomposition. A single stage of a 2D-filter bank is shown in figure (2-14): 

t 

 

t 

 

t 
t 
t 

 

 

 

 

 

   Figure (2-14) One level,  2D-DWT Decomposition and Reconstruction 

First, the rows of the input image are filtered by the high pass and low pass filters. 

The outputs from these filters are down sampled by two, and then the columns of 

the outputs are filtered and down sampled to decompose the image into four sub-

bands. The synthesis stage performs up-sampling and filtering to reconstruct the 

original image. 
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Multiple levels of decomposition are achieved by iterating the analysis stage 

on only the LL band. For (L) levels of decomposition, the image is decomposed 

into 3L+1 sub-bands  [43]. 

t  

 

t 
t 

 

t 
 

 

 

 

Figure (2-15) Three level wavelet decomposition of an image. 

        The importance of wavelet transform comes from the principle that wavelet 

transform coding decompose an image into multi-resolution sub-images. Each 

sub-image corresponds to ta different frequency and energy distribution bands by 

using multiple scale wavelet bases, which results in flexible time and frequency 

resolution. These bands tare high frequency band twith little energy information 

(corresponding Details bands) and low frequency bands with high-energy 

information (corresponding Approximation bands). 

2.6.4 Computation of FDWT for 3-DSignalt 

   With the advent of the digital age, there has been a rapid increase in the amount 

of video information available. With the growth in availability of video data, the 

need to query and access the relevant data becomes critical. The videos have to be 

stored in a highly compressed form because of the huge storage requirements. 

Consequently, any efficient video retrieval or matching algorithm has to use the 

compressed information directly. A classical 3-D Haar wavelet transform (3D-

HWT) algorithms are based on a groups of tframes (GOFs) for its temporal 

decomposition. The use of this GOF concept has some disadvantages in terms of 

efficiency, processing and memory requirement that may limit their practical 
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implementation. The classical 3D-HWT algorithm works on a group of 4 frames 

at a time. It starts the temporal decomposition taking the first four frames in the 

original sequence and it gets two low and two high frequency frames. Then, it 

uses the resulting two low frequency tframes and two new frames from the 

original sequences to perform the next temporal decomposition. This procedure is 

repeated until the end of the original sequences[44]. 

  The proposed fast 3-D wavelet transform (DWT) algorithm reduces heavily the 

processing time for decomposition of video sequences keeping or overcoming the 

quality of reconstructed sequences In addition, it cut heavily the memory 

demands[44 ]. 

For a 2-D wavelet transformation, the algorithm is applied in x-direction 

first, and then in y-direction. Similarly, in 3-D wavelet transformation the 

structures are defined in 3-D and the transformation algorithm is applied in x-,y-

and z-direction successively. 

     To apply this hierarchical scheme to volume data sets as shown in (Fig2-16a), 

a 3-D wavelet transformation must be implemented. If this algorithm is applied to 

data set (ctbrain. vols) as shown in Fig(2.17), which consists of t512 x 512 x 231 

elements, there is need to scale the size of the array to the closest powers of two, 

ie., 512 x 512 x 256. The algorithm is initially run in x-direction, row by row for 

all 231 slices. The algorithm splits the volume into two halves, the left half 

representing the low-frequency coefficients while the right half represents the 

detail coefficients, as shown in Fig.(2.16b). In the second stage of the algorithm, 

the entire volume is then again transformed in y-direction splitting the volume 

into four quadrants as shown in Fig.(2.16c). For the final run, the volume is 

transformed in z-direction splitting the volume into eight octants. The upper left 

front octant contains the low-frequency coefficients that are initially transmitted 

over the network[45]. 
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ttttttttttttt            (a ) Original Volume     (b) x-direction run                (c) y-direction run              (d) z-direction run 

 

 

Fig. (2.16) Frequency subbands produced by single level of wavelet 

decomposition of a 3-D image. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (2.17): Cross section of the ctbrain.vols data set. 
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2.6.5 A General Example for Computing 3-D FDWT 

Let’s take a general 3-Dtsignal, for example any NxNxM matrix, and apply 

the following steps: 

1.tLet X be the NxNxM input 3-D signal, 

t 

 

 

 

 

2.Apply 2-D DWT algorithm to each NxN input matrix, which result in a 

NxNxM Y matrix. 
t 
t 
t 

 

 

3. Apply 1-D tDWT algorithm to each of tthe16 elements in all M matrices in 

z-direction, which can be done as follows: 

a. For each i,j construct the Mx1 input vector t

   T
Mjijijiji dcbajiY




1,,,,,  where Nji ,,2,1,0,   

b. Construct an MxM transformation matrix; using ttransformation 

matrices given in (2.18) and (2.19). 

c. Apply matrix multiplication to the MxM constructed transformation 

matrix by the Mx1 input vector. 

4.Repeat step 3 for all i, j  to get YY matrix (NxNxM tmatrix). 

X= 

 

 

 

 

Y= 
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    (2.19) 

2.7 Inverse Discrete Wavelet Transform 

          The wavelet decomposition algorithm is reversible and provides signal 

reconstruction. The inverse discrete wavelet transform (IDWT) provides exact 

signal reconstruction or synthesis. Lower level approximation and detail 

coefficients combine to create higher level coefficients. Figure (2-18) shows the 

reconstruction process[41]. 

     The discrete wavelet reconstruction formula using the wavelet filter t{ kg } 

and scaling filter { kh } is as follows [46]: 

t     

   t mrmk

n

nrknkr DgAhA ,12,2,1                                   (2.20)  
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Figure (2-18) One level, One dimensional DWT Reconstruction 

Thus, the approximation coefficients ( krA , ) at any level can be computed 

from one set of low-level scaling function coefficients ( mrA ,1 ) and all the 

intermediate wavelet coefficients ( krD ,1 ). The coefficient vectors A and  D are 

up-sampled (zeros instead at every other location) prior to convolution with the 

filters. This is analogous to the down-sampling operation in the decomposition 

process. The up-sampled and filtered coefficient vectors are then added together 

to create the next higher level t krA ,  vector. This process is repeated recursively 

to recreate the original input signal [41]. 

2.8. Wavelet Compression versus tother Compression Techniques 

       Considerable effort has been spent in compressing information in order to 

reduce storage requirements. Techniques used by common compression program 

such as ZIP, or older compression formats such as JPEG or TIFF, suffer sever 

disadvantages when trying to compress large digital timages. These problems 

include[47]: 

a. Limited compression rates: Because ZIP and related methods are lossless 

techniques (it is important that a compressed program is exactly 

decompressed), they don’t take advantage of the lossy compression 

techniques that result in much higher compression rates for digital 

timagery.t 
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b. Artifacts and visible errors in the data: Older techniques compress the 

image as a series of blocks. This is because older techniques were memory 

based requiring to limit the size of each block. 

c. Slow speed: In order to work effectively with large digital timages, the 

user needs to be able to view any subsection of the image, at any zoom 

factor, with sub-second response times. Older formats do not achieve 

adequate response rates for several reasons: 

i- Many formats require decompressing of the entire image, rather than a 

selected subset at a select level of detail. 

ii- Many formats assume the image will be smaller than computer RAM, 

making them very slow to access large images. 

2.9 Video Compression System 

     The JPEG still picture compression standard has been extremely successful, 

having been implemented on virtually all platforms. This standard is fairly simple 

to implement, is not computationally complex, and gets 10:1to 15:1 compression 

ratios without significant visual artifacts. This standard is based upon entropy 

encoding of quantized coefficients of the discrete cosine transformation of 8x8 

blocks of pixel data. 

      Figure (2.19) shows the block diagram of both the JPEG compression and 

decompression algorithms. A single frame is subdivided into 8x8 blocks, each of 

which is independently processed. Each block is transformed into DCT space, 

resulting in an 8x8  block of DCT coefficients. These coefficients are then 

quantized by integer division by constants. The quantizing constant for each DCT 

coefficient is chosen to produce minimal visual artifacts, while maximally 

reducing the representational entropy of the coefficients. The quantized 

coefficients are then entropy coded into a compressed data stream[34]. 

    The reduced entropy of the quantized coefficients is reflected in the higher 

compression ratio of the data. 
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   The Motion JPEG (M-JPEG) uses the JPEG compression for each frame. It 

provides random access to individual frames, however the compression tratios are 

too low (same as in JPEG), because the technique does not take advantage of the 

similarities between adjacent frames.  

      The MPEG moving compression standard is an attempt to extend DCT-based 

compression into moving pictures. MPEG will encodes frames by estimating the 

motion difference between the frames, and encoding the differences into roughly 

JPEG format. Unfortunately, motion estimation is computationally complex, 

requires specialized equipment to encode, and adds considerable complexity to 

the algorithm. Figure(2.20) illustrates the MPEG compression algorithm for 

predictive frames. [34]. 

 

t  

Figure (2-19) JPEG compression and decompression algorithms 



Chapter 2: Concepts of Multimedia Compression  

31 

 

t 

Figure (2-20) MPEG compression algorithm for predictive tframes. MPEG adds motion 

estimation to the JPEG model. t     

     XYZ compression is an alternative extension of DCT encoding to moving 

pictures. Sequences of eight frames are collected into a three-dimensional tblock 

to which a three-dimensional DCT will be applied. The transformed data is then 

quantized. 

    These quantizing constants are demonstrated to cause artifacts which are 

minimally visible. The resulting data stream is then entropy coded. This process 

strongly resembles the JPEG encoding process, as illustrated in Figure (2.21). 

t  

Figure (2-21) XYZ compression algorithm 

      Here, the three-dimensional DCT has been used to encode errors after motion 

estimation has been performed, and true three-dimensional DCT-based 

compression algorithms have been developed where the quantizes were based 

upon minimization of introduced mean square error[34]. 
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  t2.10 Applications of Compressed Video 

Video compression techniques made feasible a number of applications. Four 

distinct applications of the compressed video can be summarized as: [34] 

t (a) Consumer broadcast television. 

t (b) Consumer playback. 

t (c)Desktop video. 

t (d) Video conferencing. 

(a) Consumer broadcast television, which includes digital video delivery to 

homes, typically requires a small number of high-quality compressors and a large 

number of  low-cost decompressors. Expected compression ratio is about 50:1. 

(b) Consumer playback applications, such as CD-ROM libraries and interactive 

games, also require a small number of compressors and ta large number of low-

cost  decompressors. The required compression ratio is about 100:1. 

(c) Desktop video, which includes systems for authoring and editing video 

presentations, is a symmetrical application requiring the same number of 

encoders and decoders. The expected compression ratio is in the range from 5:1 

to 50:1. 

(d) Videoconferencing applications also require the same number of encoders and 

decoders, and the expected compression ratio is about 100:1 

Also there are application can be shown in table (2-3) 
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Table (2-3)summarizes applications of the compressed video by specifying current standards 

used in various applications, the required bandwidth, and typical frame sizes and frame rates 

Application  Bandwidth  Standard  Size Frame  Rate 

[frames/sec] 

Analog Videophone  5-10 Kbps  none  170x128  2-5 

Low Bitrate Video  

Conferencing 

26-64 Kbps H.263 128x96 

176x144 

15-30 

Basic Video 

Telephony  

64-128 Kbps  H.261  176x144 10-20 

Video  

Conferencing  

>= 384 Kbps  H.261  352x288 15- 30 

Interactive 

Multimedia  

1-2 Mbps  MPEG-1  352x240 15- 30 

Digital TV - NTSC  3-10 Mbps  MPEG-2  720x480  30-60 

High Definition 

Television  

15-80 Mbps  MPEG-2  1200x800  30-60 

2.11 VIDEO COMPRESSION STANDARDS 

  The first successful standard for still image compression known as JPEG was 

developed jointly by the International Organization for Standardization (ISO) and 

International Telegraph and Telephone Consultative Committee (CCITT) in a 

collaborative effort. CCITT is now known as International Telecommunication 

Union—Telecommunication (ITU-T). JPEG standard uses DCT as the 

compression tool for grayscale and true color still image compression. In 2000, 

JPEG adopted 2D-DWT as the compression vehicle[30].  

     For video coding and distribution, MPEG was developed under the auspicious 

of ISO and International Electrotechnical Commission(IEC) groups. MPEG 

denotes a family of standards used to compress audio-visual information. Since 

its inception MPEG standard has been extended to several versions. MPEG-1 was 

meant for video compression at about 1.5 Mb/s rate suitable for CD ROM. 
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MPEG-2 aims for higher data rates of 10 Mb/s or more and is intended for SD 

and HD TV applications[30]. 

     MPEG-4 is intended for very low data rates of 64 kb/s or less. MPEG-7 is 

more on standardization of description of multimedia information rather than 

compression. It is intended for enabling efficient search of multimedia contents 

and is aptly called multimedia content description interface. MPEG-21aims at 

enabling the use of multimedia sources across many different networks and 

devices used by different communities in a transparent manner. This is to be 

accomplished by defining the entire multimedia framework as digital items[30]. 

     Precision determines how many levels of intensity can be represented, and tis 

expressed as the number of bits/sample. According to precision, images can be 

classified into: (a) binary images, represented by1 bit/sample, (b) computer 

graphics, represented by4bits/sample,(c) grayscale images, represented by 8 

bits/sample, and color images, represented with 16,24 or more bits/sample. 

According to the trichromatic theory, the sensation of color is produced by 

selectively exciting three classes of receptors in the eye. In a RGB color 

representation system, shown in Figure(2-22), a color is produced by adding three 

primary colors: red, green, and blue (RGB). The straight line, where R=G=B, 

specifies the gray values ranging from black to white[34]. 

t  

Figure (2-22) The RGB representation of color images 
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     Another representation of color images, YUV representation, describes 

luminance and chrominance components of an image. The luminance component 

provides ta grayscale version of the image, while two chrominance components 

give additional information that converts the grayscale image to a color image. 

The YUV representation is more natural for image and video compression. The 

exact transformation from RGB to YUV representation, specified by the CCIR 

601 standard, is given by the following equations: 

           Y=0.299R+0.587G+0.114B                                                   (2.21)                                                                          

           U=0.564(B-Y)                                                                            (2.22)                                                                                                        

          V=0.713 (R-Y)                                                                        (2.23)                                                                                    

where Y is the luminance component, and U and V are two chrominance 

components. 

This approximation also gives a simplified YUV to RGB transformation, 

expressed by: 

           R = Y+ 2V                                                                             (2.24)                                                                               

          G =  Y- (U+V)                                                                        (2. 25)                                                                                    

           B = Y+2U                                                                                  (2.26)                                                                                   

t   Another tcolor format, referred to as YCbCr format, is intensively used for 

image compression. In YCbCr format, Y is the same as in a YUV system, 

however U and V components are scaled and zero shifted to produce Cb and Cr, 

respectively, as follows: 

           Cb = t
 

   
                                                                          t (2.27)                                                                                                  

           Cr t= 
   

   
                                                                             t (2.28)                                                                                           

In this way, chrominance components Cb and Cr are always in the range [0,1]. 
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CHAPTER THREE 

Video Compression Technique Using 3D Discrete Wavelet 

Transform 

3.1 Introduction 

       Previous chapters have presented general concepts and techniques of 

compression in addition to methods of encoding the coefficients of a video. 

Digital video has a great deal of redundancy, therefore; it can be compressed. A 

video sequence has two types of redundancy namely, temporal and spatial 

redundancy. Temporal redundancy stands for the similarity between adjacent 

frames, while spatial redundancy stands for the similarity between neighboring 

pixels within the frame which is implemented in the image compression. A 

video compression system takes advantage of these two kinds of redundancy to 

achieve the goal of the video compression process. 

       The Performance of any compression system is evaluated by three essential 

parameter namely, compression ratio (CR), Peak signal-to-noise ratio (PSNR) 

and processing time(PT). As the compression ratio increase, the number of bits 

that represent the video with respect to the original size is less, but this increase 

will result in a decrease in PSNR. More detail is added to the video by 

increasing the bits of the video. The time for processing is also increased 

because the number of coefficients that needs to be processed is also increased. 

An efficient compression system achieves high compression ratios with 

considerable picture resolution. 

This chapter explains the proposed video compression software in any 

compression condition. A detailed explanation of the proposed system and its 

operation which is implemented using discrete wavelet transform and its main 

drawbacks will be depicted and the systems will be evaluated by the main 

operating parameters CR, PSNR and PT. 
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1 

3.2Three-Dimensional Set Partitioned Embedded Block  (3DSPECK) 

In order for us to extend 2-D SPIHT or SPIHT technologies to 3D sources, to do 

this, people usually take a 3-D wavelet transform on the image sequence, and 

apply the extended sorting and partitioning algorithm to encode the source. As 

an example, 3-D SPIHT sorts coefficients along the paths of 3-D trees (one pixel 

corresponds to eight direct descendant pixels) instead of 2-D trees (one pixel to 

four direct descendants). The inter-band dependence or correlation can be  

exploited automatically, as was done in the spatial domain Following the similar 

idea, we extend and modify 2-D SPECK for three-dimensional hyperspectral 

image applications. The first step is to decompose                                                

images into wavelet coefficients. Discrete wavelet transformgiscfirst applied on 

the spectral dimension, followed by on the horizontal (rows) and vertical 

(columns) axis. The resulting coefficients have a pyramid structure, and the 

structure has three levels of decomposition. Figure(3-.2) illustrates this structure. 

 

Figure (3-.1) Structure for 3DSPECK The numbers on the front lower  left corners for each 

subband are marked to indicate the sorting order 
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    The next step is to design a sorting algorithm to encode wavelet coeffcients 

based on their magnitudes. 

    The motivation comes from the underlying physics of hyperspectral  images. 

Most hyperspectral images  have more high frequency content than other images 

in spatial domain. This can be illustrated by comparing the spatial energy 

distribution of a hyperspectral image\coast" and an non-hyperspectral 

image\chess" Figure (3-3) for one level of wavelet decomposition. 

           

Figure (3-2) (a) hyperspectral image\coast"; (b) non-hyperspectral image\chess". 

 

The energy is de ned as the sum ofc squared value of wavelet coeffcients. We 

calculate the energy proportion for each subband. The energy  proportion is 

calculated by dividing the energy in one  sub-band over the total energy. This 

shows that  the \coast"image has more energy distributed over the HH , HL and 

LH sub-bands than that of \chess" image. In other words, hyperspectral images 

tend to have more large (signiffcant) coffcients on ner spatial sub-bands by 

comparing to non-hyperspectral images. On the temporal (wavelength) axis, it is 

also true that less energy tends to locate on the lowest subband of the 

hyperspectral image sequences than that of other image sequences. 



Chapter 3: Video Compression  Using Discrete  Wavelet  Transform 

  

50 

 

    We want our sorting algorithm to be designed according to these 

observations. 3DSPIHT searches signiffcant coeffcients from the root of the tree  

structure down to its leave. One 3D orientation tree  includes a pixel on the root 

and its descendants. If all descendants are found to be insignicant against a 

certain threshold, 3DSPIHT needs to send only one bit to indicate this 

information. This kind of tree structure performs excellently if energy 

concentrates near the root of the tree. Like EZW and SPIHT, they all take 

advantage of the tree structure to design their algorithms, and they are all proved 

to be very effcient in general cases. However, in our case of hyperspectral 

images, energy is not so concentrated near the root of the tree.                With 

higher probabilities than the case of regular image sequences, the descendants of 

root pixels may be found to be signicant during the first several passes. 

3DSPIHT will send extra bits to represent the sorting path to locate a signicant 

pixel. In order to locate the large coeffcients in the high frequency bands 

quickly, we extend the quadri-section partitioning algorithm of  2DSPECK to 

octo-section  partitioning in our 3D application. The wavelet coeffcient prism is 

partitioned into code blocks of dierent sizes. Each subband is treated as a code 

block. Then, the block splitting into eight is applied on each code block 

following a certain order to sort signicant pixels. This splitting of code blocks 

allows zooming in quickly to areas of high energy and coding them rst. This can 

be proved by comparing the rate distortion curves of 2DSPECK and 2DSPIHT. 

It is expected that the 3DSPECK would have the same  property. 2DSPECK 

maintains an array of lists to process code units of varying sizes. This is 

simplied by maintaining only one list in 3DSPECK. 3DSPECK does not utilize 

the octave band  partitioning in  2 DSPECK. Details of the im-plementation are 

presented in the following. Later, the  experimental results will show the 

improvements of our algorithm. 
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     For each small (3D) block, we call it type S set. These include 8 sub-bands 

kunder the coarsest level low-low-low (LLL) sub-band kand the 7 sub-bands at 

the next finer level kand the remaining 7 sub-bands at the nest level (e.g. HLL, 

LHH). All togetherg, there are 22 type S sets.  

3DSPECK maintains two linked lists: 

LIS { List of Insignificant Sets. This list contains sets of type S of varying sizes. 

LSP { List of Significant Pixels. This list contains pixels that have been found 

significant against threshold n. 

 Quantizationh Step 

Decrementh n by and go to step 2. 

After hinitialization, there are 22 sets in the LIS. We treat each sub-band on the 

pyramid as an initial set. All sets are put on the list in the order of extended 

\Z"scan. An example of the extended \Z"scan is illustrated in Figure 1, hand the 

order of the sets is marked by numbers. We can see from Figure that the list is a 

tree1-like list. The underlying idea is based on the facth that though energy of  

hyperspectral images does not tend to concentrate inh the LLL hsubband as 

much has in the hcase of non-hyperspectral images, a large portion of the energy 

still residesh in the coarsest level subbands. In other words, the coarsest level 

subbands always convey the most important information of the original image 

sequence. If these bands are treated as individual sets, we know with extremely 

high probability that the algorithm will output  when testing the significance of 

these sets at the first iteration. Since the sizes of the coarsest level subbands areh 

small, the 3 DSPECK algorithm zooms into the significant coeffcients quickly. 

On the other hand, the probability of nding significant coeffcients in the sets 

during the early iterations decreases when going down the subbands of the 

pyramid. Our experiments show that sometimes no significant coeffcient can be 

found against the first one or two bit planes on the finest subbands. Therefore, 
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leaving those larger size subbands as individual sets can avoid using extra bit  

budget to present non-significance. Hence, when we test the significance of sets, 

we scan sets by following the path from the top of the pyramid down to its 

bottom. In this way, we can find significant coeffcients quickly in the karea of 

high energy and send the most important information first. This satisfies the 

requirement of embedded coding and progressive transmission. 

3.3Quantization 

The loss of data is done at this stage. The quantization stage is a limitation stage 

where each coefficient is limited to a particular level. The essential role that 

quantization plays is to reduce the number of bits that are allocated to each 

frame of the video. The proposed quantization limits the coefficients of  all the 

subbands without severely effecting the picture quality of each frame and the 

video as a whole. After L-level 3D-DWT decomposition and thresholding 

process, the quantization stage computes the mean of each 2D-subgroup of the 

wavelet bands and product the result by a factor such as (0.3, 0.2 1,3,5, …etc ) 

to limit the step-size with respect to mean value of sub-group for the levels of 

quantization. The step size is given by equation (3-1): 

              step=(mean (s))/SS                                                   (3-1) 

Where: (s) is subband coefficients. 

            (SS) is a numerical factor. 

Each coefficient of the wavelet subband is multiplied by the step and then 

rounded up to the nearest integer, the result is divided by the step size to obtain  

the output of the quantization stage  as shown in equation(3-2).  

               Sb(w,u)=int(s(w,u)/step)*step                                             (3-2) 

where: (sb) is the quantized coefficients. 

            (step) is the step size. 
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            (s) is the subband coefficients. 

            (w,u)is the index of the wavelet subband. 

The output of this stage will give large similarity in sub group coefficients, this 

will reduce the number of bits which are allocated to each coefficient by the 

entropy encoder. 

3.4 The proposed compression method using 3D-DWT 

This section defines a proposed compression technique using three- dimensions 

transformation of Discrete Wavelet Transformation (DWT) The proposed 

method at the beginning of the work divides the video into parts called tires, and 

after that a group of frames (8 frames) is combined to form a three-dimensional 

cube that is the basic idea of compression.  

 

 

 

 

Figure (3-3) video cube from 8 frames 
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Figure (3-4) The proposed video compression and decompression system 

3.4.1 The Modified Proposed Compression System 

       The proposed quantization and threshold process are used in the same 

manner as in the previous system. Because of the distortion that results from the 

previous system, a suggestion has been made to decrease this distortion. The 

suggestion implies using motion estimation and compensation in the wavelet 

domain. Motion estimation is an expensive computation operation this means 

that more time is needed to execute the operation but, motion estimation in the 

wavelet domain assists in making the algorithm faster(less processing time) than 

estimating the motion between consecutive spatial frames; Since hard threshold 

has been used, the number of coefficients that is needed to represent the frame is 

reduced, therefore; the time required for the motion estimation operation is 

reduced, eventually, the compression process is also reduced. The frame that is 

stored in the memory does not suffer sever round up error as a result of the 
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quantizer, it is obvious the proposed system is more efficient than the 

conventional system. As for the temporal compression, the modified 

compression system uses the same block matching algorithm and the type of 

search as explained in the previous system. The proposed modified video 

compression and decompression system is shown in figure (3-3). 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

Figure (3-5) The Proposed modified video compression & decompression system 
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3.4.2 The Compression System Procedure 

      The compression steps are summarized as follows: 

1.Reading the uncompressed input file (AVI file format) and converts the video 

input to 2D images, number of frames and the video size is also computed. 

2.The system will extract the three-color components of the 2D images, The 

system will be tested using RGB color space, therefore; color space conversion 

will be applied in the framing process function. 

3.The first frame of the input video is spatially compressed. Spatial compression 

involves executing L-level 3D-DWT on each frame, the resulting detail bands 

are thresholder. The threshold of the first level εL-2 is higher than the threshold 

of the second level (εL-1) until εL because second level detail bands has more 

information than the detail bands in the first level.  

4.The spatially compressed video will be stored in the memory of the 

compression system. The output of the memory is sent to the motion 

compensation to generate a motion compensated frame. The encoder has a 

matrix compensating the error prediction.  

5.The motion compensated-compressed frame is subtracted from the original 

compressed frame, residual (error) is encoded by using RLE or using Embedded 

zero tree wavelet encoding.            

6.Motion estimation is applied between consecutive frames and motion vectors 

are applied to the encoder (DWT). 

7.The output data is transferred to the decompression side. 
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CHAPTER FOUR 

SIMULATION AND1 RESULTS 

4.1 Introduction 

     In this chapter, the results of the conventional and proposed system using two 

kinds of encoding and color spaces is illustrated. The illustration involves figures, 

tables and frames from the reconstructed frames. three sample videos were fed to 

the system, the first sample video has a simple motion between frames while the 

second sample has a complex motion that involves movement of objects, camera 

movement and zooming while the third video is in high definition. 

      Images and videos compression aims to search for a more compacts 

representation of visual signals while maintaining high quality, and it 

becomes mores and mores important in the era of big visuals data.       

From the surveys presented earlier in this post, it is clear that DWT-based 

end-to-end image compressions is at an advanced stage that outperforms 

JPEG2000 and HEVC. 

      Based on the review, we believe that the advantages of DWT in 

image and video compression are three times as much. First, the excellent 

content adaptability off the DWT outperforms the model based on signal 

processing because network parameters are derived based on a lot off 

process data while models in the latest encoding standards are 

handcrafted based on predefined image and video. Second, the larger 

receptive field is widely used in neural network models that not only use 

adjacent information, but can also improve compression efficiency by 

taking advantage of samples from a distance, but traditional encoders 

only use adjacent samples and are difficult to use far samples. Third, the 

DWT can well represent both texture and feature, making the combined 
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pressure optimal for both human vision and machine vision analysis. 

However, current coding standards only seek to perform high pressure 

toward the task of human vision. 

We envision that deep learning-based image/video compression will play 

more important roles in representing and rendering images and videos 

with better quality and lower bit rates. 

Generally, video signal has high temporal redundancies between a 

number of frames. In this code, we suggest a new video compression 

technique which exploits objectively the temporal redundancy. With the 

apparent gains in compression efficiency , So, it strongly exploits 

temporal redundancy with the minimum of processing complexity which 

facilitates its implementation in video embedded systems. 

Experimental results  show that the proposed technique Availability  sufficient 

high compression ratios compared to other compression techniques. 
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4.2 The Case Results  

4.2.1  Case( 1) Results: 

   When selecting a video sample and processing it by the proposed system, some 

header information will be shown, Then, the resulting processed video will 

appear in its new size and pre-processing frames in the following window:  

As a first step, the video frames are saved in a special file Figure (4-1). As we can 

see in Figure (4-2), the size of the original video is 25 MB, and it contains 114 

frames. Whereas, the video resulting from the compression now has a size of 1.16 

MB, as shown in Figure (4-3). 

 

Figure (4-1) compress-frames for the Rhinos Video. 
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Then ,the total original size of the video file is: 

Original size = No. of frames * frame size 

=114*224 

= 25536 KB 

While the original compressed size is (224 KB),and the resulting size after 

processing is (10 KB),therefor 

Compression Ratio(CR) = 
                            

                             
        

PSNR=        |
   

√   
|                                                      

Where MSE is mean square error 

MSE=  

   
{∑ ∑        )       ))  

   
 
   }                       

A. Compression Ratio: 

Compression ratio: It is defined as the ratio of the uncompressed or original video 

file size to the compressed file size. The mathematical formula is:  

CR= 
     

    
  =22 

  

Figure (4-2) The size of original video 
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Figure (4-3) The size of compressed video 

Also, it can be written by :
 

Compression Ratio = (1- ( 
Compressed_Size 

)) X 100  
Original _Size 

=(1-(
    

     
))     % =95.44% 

 

For one frame 

   
   

    
          

Compression Ratio = (1- ( 
Compressed_Size 

)) X 100  
Original _Size 

=(1-(
    

   
))     % 

95.51% 
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(a)                                                (b) 

Figure (4-4) size frames for the Rhinos  Video a)before   b)after 

 

Figure (4-5)  represents the comparison between the original image and the compressed image 

 

B. Visual Quality 

The 1PSNRs of 40 compress-frames 1in the Rhinos   video are presents on                              

Figure (4-6). 1The 1qualities of the outcomes frames 1that have been resulted 1from 

our suggestion system 1are very similar to 1the quality of the 1original digital videos 

frame before the compress process. In generic, the 1PSNRs value is between 

(47.78-51.4) dB. 



Chapter 4: Simulation And Results 
 

63 

 

❖ Size of the video that using here is 25 MB.  

❖ size of result compress video 1.16 MB.  

C. MSE 

The average of the squares of errors (MSE) for 40 compress frame is display on 

figure 4.7. Which results from the difference among the original and the compress 

frame. From the figure, it can be noted that the value of MSE is very tiny (0.48-

1.08),which is smaller than all the previous compress systems mentioned early. 

Figure (4-8) displays the average SSIM for the 40 compress frame. It can note 

that the similarity value range is between (94.1-95.3) % with an amount of 

differencing is very  tiny which cannot be noted by natural human eyes. 

Figure (4-6) PSNR for 40 compress-frames for the Rhinos  Video. 
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Figure (4-7) MSE for 40 compress-frames for the Rhinos  Video. 

 

 

 

Figure (4-8) SSIM for 40 compress-frames for the Rhinos  Video.  
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4.2.2  Case( 2)results: 

   When a second video sample is selected and processed by the proposed system, 

the main information will appear, then the resulting processed video will appear 

with its new size and preprocessing frames in the following window: 

 

 

 

Figure (4-9) compress-frames for the Nature Video. 

 

Then ,the total original size of the video file is: 

Original size = No. of frames * frame size 

=552*600 

= 331,200 KB 
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While the original compressed size is (660 KB),and the resulting size after 

processing is (36 KB),therefor 

A. Compression Ratio: 

       Ito  defined as the ratio of the uncompressed (original) video file size to the 

compressed file size and the mathematical formula is:  

                    )  
                            

                             
  

CR=    
      

     
   =10.6 

Compression Ratio = (1- ( 
Compressed_Size 

)) X 100  
Original _Size 

 

=(1-(
    

     
))     % 

 

=90.566% 

 

For one frame 

CR= 
   

  
     =18.333 

Compression Ratio = (1- ( 
Compressed_Size 

)) X 100  
Original _Size 

=(1-(
  

   
))     % 

  

94.54% 
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(a)                                                (b) 

Figure (4-10) size frames for the Nature  Video a)before   b)after 

 

The 1PSNRs , MSE and SSIM of 40 compress-frames 1in the Nature   video are 

presents on  Figures (4-11,4-13). 

 

Figure (4-11) PSNR for 40 compress-frames for the Nature  Video. 
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Figure (4-12) MSE for 40 compress-frames for the Nature  Video. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure (4-13) SSIM for 40 compress-frames for the Nature  Video 
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4.2.3  Case( 3)results: 

     Then we select a third video sample and process it by the proposed system, the 

main information will appear, then the resulting processed video will appear with 

its new size and preprocessing frames in the following window: 

 

 

Figure (4-14) compress-frames for the Music Video. 

Then ,the total original size of the video file is: 

Original size = No. of frames * frame size 

=336*0.98MB 

= 329.280 MB 
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   While the original compressed size is (0.98 MB),and the resulting size after 

processing is (54.9KB),therefor 

A. Compression Ratio: 

       Ito  defined as the ratio of the uncompressed (original) video file size to the 

compressed file size and the mathematical formula is:  

                    )  
                        

                    
  

CR= 
      

     
     =7.965 

  

Also, it can be written by :
 

Compression Ratio = (1- ( 

Compressed_ Size 

)) X 100  

Original _Size 

=(1-(
     

      
))     % 

 

=87.445% 

 

For one frame 

                    )  
                        

                    
  

CR=
   

    
   =17.850 

Compression Ratio = (1- ( 

Compressed_ Size 

)) X 100  

Original _Size 

=(1-(
    

   
))     % 

94.397% 
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(a)                                                (b) 

Figure (4-15) size frames for the Music Video a)before   b)after 

 

The 1PSNRs , MSE and SSIM of 40 compress-frames 1in the MUSIC    video are 

presents on  Figures ( 4-16,4-18) . 
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Figure (4-16) PSNR for 40 compress-frames for the MUSIC Video. 

 

 

 

Figure (4-17) MSE for 40 compress-frames for the MUSIC  Video. 
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Figure (4-18) SSIM for 40 compress-frames for the MUSIC Video. 

4.3Discussion 

The rationale behind this approach lies in that the DWT architectures common 

used for learned compression (in particular the encoders) are similar to the ones 

commonly used for inference, and learned image  encoders are hence, in principle 

capable of extracting features relevant for inference tasks. As such, this approach 

could be extended in the future to simultaneously train and learn for the end-to-

end image compression and understanding. 

When a high bit rate digital video signal which is taken from a studio camera is to 

be compressed down to a low enough size so it is need lower bit rate, so that it 

can make economic use of the available transmission bandwidth, and convert it 

into a form that can be compared to the standard MPEG-2 format, the transform, 

decoding, decompression and reformatting have all to be implemented with very 

fast circuitry that does not overload the whole process with unnecessary delays. 

So, for these reasons: 
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i. locks 

of the image.  

ii. The software implementation of the encoder takes much longer time 

compared to the hardware implementation. This is because hardware 

implementation involves a big number of parallel DCT/encoding chips that work 

independently on parallel to encode the different blocks of the image 

simultaneously. 

Having this in mind, the multiwavelet implementation has to be adapted to work 

-resolution image cannot be 

blocks. Although, each quarter of a block is a 

low-resolution version of the block. Then adding up these quarter blocks 

produces only a very poor low-resolution version of the image. Such an 

assumption can be justified for the mobile video transport application but is still 

negotiable for the INTERNET application. 

The aim of 3D-wavelet-based MPEG standard is to accomplish a comparable 

quality (or even less quality) of the video with a much higher compression (by an 

order of magnitude or so). General remarks can be written about the proposed 

system-based 3D-wavelets-based MPEG-2 encoder system in comparison to 

DCT-based system 

1. Wavelet’s coefficients require fewer bits than the DCT coefficients. This is 

because the dynamic range of multiwavelets coefficients is much smaller than the 

DCT coefficients. These can be further decreased by increasing the values of the 

scaling factor of the quantization matrix. 

2. A quantization factor of the orders 2-4 represents a good compromise 

between quality and compression. 

However, the proposed method has two features that make it interesting: 
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i. It is possible to support a low-resolution video stream from the original 

stream. This is a desirable feature for mobile telephone video transmission where 

the display screen is very small and adapts well to low resolution images. 

ii.  The ability to adapt the quality of the required bit rate through the use of 

the quantization factor. 

 

 

 

 

 

 

Table (4-1) Compression ratio for videos with different resolutions 

Through the results shown, we find that the compression ratio is not less than 87 

percent, which is a good percentage compared to the rest of the previous codes, 

and the results for PSNR & MSE are also good. 

Table (1-4) shows the compression ratio results for five videos of different 

resolutions. We note that the higher the video resolution, the lower the 

compression ratio, as the color focus plays a major role in this process by 

analyzing the image into the three main colors RGB. 

 

 

 

 

 Video reslution Original 

size  

Comp 

size  

Comp 

ratio 

1 320*240 25 MB 1.2 MB 95.20 

2 640*480 16 MB 1.4MB 91.25 

3 720*480 13.7MB 1.72MB 87.45 

4 1080*720 17.5 1.89MB 89.20 

5 1280*720 25MB 2.33MB 90.68 
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CHAPTER FIVE 

CONCLUSION AND FUTURE WORK 
 

5-1 Conclusions 

            Video compression operations are considered one of the important 

operations at the present time, as video transmission occupies the largest volume 

of transmission operations in telecommunication networks and the Internet. And 

one of the most important operations of compression is done through many 

complex mathematical transformations. Therefore, the selection of the 

transformation used depends, in particular, on the computational complexity that 

is measured in terms of the number of complications and additions required to 

carry out the transformation. In this paper it is facilitated to calculate the 3D 

discrete wave transformation and inverse transformation which includes the 

calculation procedure is mainly composed of basic arithmetic operations such as 

matrix multiplications, permutations, mixing and other simple and easy to check 

operations.  

The proposed 3D-wavelet-based compression framework benefits from the 

following useful features:  

1-Low computational complexity.  

2-Low memory requirement. 

Since a significant number of motion vectors in the high frequency subbands can 

be zero (due to the sparse multiwavelets coefficients in these subbands), no 

motion vectors are generated for these blocks.  The proposed system addressed 

the transformation variable problem that resulted from motion estimation and 

compensation in the 3D-DWT field. The color components YCrCb color space 

are less sensitive to the eye. So, higher thresholds were applied to the coefficients 

of these components.  
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1-The results that were presented show that the proposed system gives better 

visual results and a high compression ratio. The processing time is also reduced 

because the motion estimate compares two frames less than the frequency (the 

reference frame and the current frame).  

2-The results also showed the improvement of PSNR due to the effective 

performance of the proposed quantification 

3-The proposed video compression system is achieved here using 3D-discrete 

wavelet transform(3D-DWT) of video frames. 

 It is obvious, from the results that shown in the table (4-1) , that by using the 

discrete wavelet transformation the video file size reduces while the resolution of 

the video remains good quality . the performance of the proposed video 

compression system has been measured by using Compression Ratio (CR) that 

considered the best fidelity measurement of then data compression (image ,video 

,audio ,.....) ,so that, by using CR, the difference between the original 

(uncompressed) video and the compressed video can be computed . 

4-All figures and examples mentioned previously showed the difference in size 

between then original video files and the compressed files and then Similarity 

between then original video and the decompressed video. 

5-In this work, DWT used to reduce or remove the redundancy that exists in each 

frame individually. The coding process performed by using standard function 

called three dimensional that implemented after the transformation process to 

remove or reduce the redundancy between video frames . This will result 

reducing the size of data, Therefore, then compression will occur. 

The Quantization process is a more adaptive operation to the nature of the frame 

as it takes the mean of the frame and according to factor inserted to the quantizer. 
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Decreasing the factor leads to decrease of the picture quality and increase of CR 

because of the number of similar coefficients. 

6-The CR of the video also depends on the motion that is contained in the movie 

clip, CR decrease in a movie that has a complex motion and increases in a movie 

that has simple motion. 

5.2 Future Work 

1- Using of other types of transformations (Multiwavelet) with different levels. 

2- Multi-wavelet can be used instead of DWT and thresholding all the detail 

bands with two different values of threshold according to the level of 

decomposition. 

3-Applying other lossless transform such as Huffman, arithmetic encoding 

instead of discrete wavelet transformation method. 
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 انخلاصح

ا تشكم خاص فٙ انٕلد انذاضش يع صٚادج انثٛاَاخ انًشسهح       ًً أصثخ ضغظ انفٛذٕٚ يٓ

عثش لُٕاخ الإسسال ، ٚجة ذمهٛم دجى يماطع انفٛذٕٚ دٌٔ انرأثٛش عهٗ جٕدج انفٛذٕٚ. ذرى ْزِ 

انعًهٛح عٍ طشٚك لطع انفٛذٕٚ إنٗ إطاساخ راخ أطٕال يذذدج ٔذذٕٚهٓا إنٗ يصفٕفح ثلاثٛح 

الأتعاد. ٚسرخذو يخطظ انضغظ انًمرشح ذًثٛم انفضاء انرمهٛذ٘ تانهٌٕ الأدًش ٔالأخضش 

( أٔ ذذٕٚم انًٕجح D-DFT3ٔالأصسق ٔٚطثك ذذٕٚم فٕسّٚٛ انًُفصم ثلاثٙ الأتعاد )

( إنٗ يصفٕفح الإشاسج تعذ ذذٕٚم دفك انفٛذٕٚ إنٗ D-DWT3انًُفصهح ثلاثٙ الأتعاد )

ٚرى ذشيٛض انًعايلاخ انُاذجح يٍ انرذٕٚم تاسرخذاو خٕاسصيٛح انًصفٕفاخ ثلاثٛح الأتعاد. 

انرشفٛش. ثلاثح يعاٚٛش سئٛسٛح سٛرى يٍ خلانٓا اخرثاس أداء َظاو ضغظ انفٛذٕٚ انًمرشح ؛ َسثح 

(. PT( ٔٔلد انًعانجح )PSNR( ، رسٔج َسثح الإشاسج إنٗ انضٕضاء )CRانضغظ )

ذٕٚ تاسرخذاو انرمُٛح انًمرشدح يع يعذل انثد أظٓشخ انرجاسب كفاءج ضغظ عانٛح نًماطع انفٛ

انًطهٕب ، ْٕٔ أفضم يعذل تد نضغظ انفٛذٕٚ انرمهٛذ٘. ٚرًٛض انرذٕٚم انًٕٚج انًُفصم 

ثلاثٙ الأتعاد تًعذل إطاساخ يشذفع يع دلح يكاَٛح طثٛعٛح ٔلاتهٛح انرٕسع يٍ خلال انذلح 

اسَرٓا تالأَظًح انرمهٛذٚح انذانٛح يٍ انًشئٛح ٔانًكاَٛح ٔكزنك انجٕدج يع يضاٚا أخشٖ عُذ يم

دٛث انرعمٛذ ٔانطالح انًُخفضح ٔالإَراجٛح انعانٛح ٔانكًٌٕ انًُخفض ٔانذذ الأدَٗ يٍ 

 انرخضٍٚ انًرطهثاخ.

 - 65.59ٔتانعًم عهٗ انُظاو انًمرشح ذى انذصٕل عهٗ َرائج تُسة ضغظ ذرشأح تٍٛ ) 

54.775.) 

 ( دٚسٛثم.59.7-74.45) ، كاَد انُرائج تٍٛ SNPRتانُسثح نـ 

 MSE ( ْٙ8.75-9.85.)ٔذجذس الإشاسج إنٗ أٌ لًٛح  

 (.65.3-67.9ًٚكٍ يلادظح أٌ َطاق لًٛح انرشاتّ تٍٛ )
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