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CHAPTER I 

INTRODUCTION 

Digital video is one of the key technologies in this multimedia era. The progress 

in this field is supported by the availability of digital transmission channels and 

digital storage media. With the increase in use of digital video, it is important 

to consider its storage, processing and communication requirements. Some of the 

problems encountered in handling video data include excess bandwidth and storage 

requirements. One solution lies in the compression of the video data. Much work 

has been done, and is still being done, to develop efficient video and image com

pression techniques which can reduce the amount of data required for transmission 

and storage, and at the same time maintain the quality of the video. However, 

the presence of noise changes the properties of the video. It is seen that noise in 

an image reduces the amount of compression that can be attained [1]. It has been 

observed that many noise sources in nature are signal-dependent[19,20]. Very little 

work has been done to solve the problem of compression in the presence of noise, 

especially signal-dependent noise. Thus, it is of interest to investigate the effects 

and solutions for the compression of video affected by signal-dependent noise. 

Digital video applications include digital broadcast TV, remote surveillance 

and medical imagery. Many standards have been instituted for the different appli

cations of video data. The moving picture experts group (MPEG), which was 

established in 1988 in the framework of the joint ISO/IEC technical commit

tee on information technology, developed the video coding standard. ISO/IEC 

11172 (MPEG-1). This is the standard for coded representation of moving pie-



tures and associated audio when used for storage and retrieval on digital storage 

media (DSM). In our work, we use MPEG-1 as our standard for video compression. 

1.1 Problem Statement 

This work investigates the performance of video compression techniques in the 

presence of signal-dependent noise. The signal-dependent noise sources most com

monly encountered are film-grain noise and speckle. Film-grain noise degradation 

occurs when a photographic film is scanned for the purpose of digitization [6]. 

All types of coherent imaging techniques, such as synthetic aperture radar (SAR) 

imagery, laser illuminated imagery, astronomical imagery and ultrasonic medical 

imagery are affected by speckle. Noise in the video not only affects the quality of 

the video, but also the compression scheme for the video. It is of utmost impor

tance to improve the quality of video and also the achievable compression, for the 

sake of archiving, in applications such as medical imagery. This work aims to in

vestigate techniques to improve the quality and achievable compression of moving 

pictures (video), keeping in mind such applications. There is no real consensus 

yet on the "best" quality measure to use for determining the quality of the out

put video, so we will use the standard mean square error, log mean square error, 

signal-to-noise ratio and perceptual mean square error (which is modeled on the 

human visual system) in this work. 

1.2 Computer Simulation 

We have used two video sequences, each consisting of 8 frames and ha\'ing pixel 

values in the range 0 to 255, in our study. The software used for th(̂  compres-



sion/decompression of the video was released by the MPEG software simulation 

group. Noisy video frames were simulated from the noiseless video by using various 

noise models. These simulations and the processing of the noisy video were done 

using MATLAB software. 

1.3 Thesis Outline 

The image and noise models and the quality measures used in our study are de

scribed in Chapter II. Chapter III gives a brief discussion of the techniques used for 

video compression and the MPEG-1 video compression standard in particular. We 

first deal with the noise suppression techniques used for video sequences degraded 

by signal-independent noise. This is presented in Chapter IV. We then show how 

the techniques developed for signal-independent noise suppression can be extended 

to signal-dependent noise suppression. Chapter V presents these techniques used 

for film-grain noise and speckle. The results obtained from these techniques are 

also discussed in this chapter. A summary of the work accomplished and possible 

future extensions are discussed in Chapter VI. 



CHAPTER II 

IMAGE AND NOISE MODELS AND QUALITY MEASURES 

In any image restoration work, it is necessary to first define the image and 

the noise models that are being considered. The restoration technique employed 

will depend on the model of the noise, whether it is signal-dependent or signal-

independent. In case of signal-dependent noise, what is the nature of the depen

dency of the noise on the signal and what is the amount of noise? It is these types 

of questions that need to be answered prior to attempting any restoration. Apart 

from the noise model, the image model, in this case video image model, also needs 

to be considered. Here in this chapter we present the image and noise models used 

in our work. 

2.1 Image Model 

Though we are working on video signals, it should be noted that video can be 

considered as a sequence of still images. In a television signal, the video sequence 

is actually a set of frames changing at the rate of 30 frames/sec. In our work, we 

use the still image model for each frame in the video. An image is described most 

accurately by a nonstationary model [14], i.e., a nonstationary mean and non-

stationary variance is assumed while constructing the filters for image restoration. 

An assumption that the image is wide-sense stationary would be insensitive to the 

abrupt changes and the detail areas of the image. 



2.2 Noise Models 

As mentioned before, the effectiveness of an image restoration technique de

pends on the statistical model of the noise present in the image. It is therefore 

essential to define the noise models considered in our work. Two major types of 

noise are considered, one is signal-independent noise and second, which is more 

realistic, is signal-dependent noise. 

2.2.1 Signal-Independent Noise Model 

This model assumes that the noise in the image, or in our case video, is inde

pendent of the actual image. This model can be mathematically expressed as. 

r{i.j) = .f{ij) + n{i,j). (2.1) 

where r{i,j) is the degraded image, .f{i,j) is the original image and n{i,j) is zero 

mean signal-independent additive Gaussian noise. 

2.2.2 Film-Grain Noise 

One form of signal-dependent noise is seen upon converting an image present 

on a photographic film into a digital image. This type of noise, generally known 

as film-grain noise has been modeled as additive, signal-dependent noise. It is 

mathematically expressed as, 

where r(z, j ) is the noisy image, f{i,j) is the original image, n(z, j ) is zero mean, 

unit variance Gaussian noise, AT is a constant and p varies between 0.3 and 0.7. In 
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our work, we have assumed p =0.5, so the model becomes, 

r{hj) = f{hJ) + K,fJ{iJ)n{i.3). (2.3) 

2.2.3 Speckle 

Speckle occurs when the field associated with an optical, acoustical, or mi

crowave wave can be regarded as arising from a sum of a multitude of randomly 

phased, independent contributions [15]. Such a situation arises in coherent imaging 

systems when objects with roughness of the order of a wavelength cause speckle 

to appear in the images, as the imaging system cannot resolve the microscale of 

the object roughness [16,17]. Speckle can also arise in acoutic images, laser illumi

nated images, and astronomical images. This type of signal-dependent noise can 

be modeled as multiplicative, in the sense that the speckle is proportional to the 

signal. This is shown in the equation below, 

r{i^J) = S{i.3)n{i^j). (2.4) 

where r{i,j) is the degraded (speckled) image, f{i,j) is the original image and 

n{i,j) is the random noise term. n{i,j) has a negative exponential distribution, 

i.e., its probability density function is given by [16,17], 

/ /ve-^"(^'^) fo rn (2 , j )>0 

I 0 otherwise 

where l/K is the mean. 

2.3 Quality Measures 

Image quality measures ranging from the simplest mean square error (MSE) 

to those based on complex models of the human visual system exist. The quality 



measures used in our work are listed below. 

Mean square error (MSE). The MSE of an NxN image is given by 

N N 

MSE = ^^j:^[f{z,j)-f{z,j) (2.6) 
i = i j = i 

where /(z, j) and f{i,j) are the original noiseless and the restored image gra}' 

level values, respectively. 

Log mean square error (logMSE). The human visual system response to the 

input light intensity is approximated as logarithmic [23]. This measure can 

be thought of as the MSE of the image after it has gone through a filter with 

logarithmic intensity response. The logMSE is defined by 

E i l i Ef=i [logi„{i + f{ij)} - logi„{l + f{ij)}f 
logMSE = 

E.1iE"=i[logio{l + /(»,j)}l-
(2.7) 

Signal-to-Noise ratio (SNR). The SNR gives the ratio of the signal power to 

the noise power in the image. The SNR of an NxN image is defined by 

5A^i?=101ogio 
^N E.1iEf=il/(«.j)] ' 

E £ i E i L i f{^,J)-f{^,J) 
dB. (2.8) 

Perceptual mean square error. In order to get a better idea as to the quality of 

an image. Hall [24] defined an MSE in the perceptual domain of the human 

visual system. A human visual system model consisting of a logarithmic 

nonlinearity followed by a filter with bandpass characteristics in the si:)atial 

frequency domain was used. The Perceptual MSE can be defined as [25] 

Perceptual MSE = ^N Er=iEii,i2(«,j)i-
(2.9) 
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where 

Z={F[\og,(f)]}.{H}, (2.10) 

and Z is defined in a similar manner for the restored image, / . Here . H 

represents the transfer function of the human visual system, F [.] denotes the 

Fourier transform operation. Under standard viewing conditions, 

H{w) ^ 2.6 [0.0192 + 0.114 w] exp [-(0.114^)^"^] , (2.11) 

where w is the spatial frequency. This transfer function is assumed to be 

isotropic for two-dimensional images. 

Compression Ratio. Although not a quality measure, it gives the amount of 

compression that has been achieved and is very important in our work. Com

pression ratio, CR, is defined as, 

CR=^, (2.12) 
r]c 

where rjo is the bits/pixel of the original video and r]c is the bits/pixel of the 

compressed video. 

2.4 Test Videos 

In our work, we have used two video sequences to test the restoration techniques 

and the effects of the compression algorithm. The Sony video sequence shown in 

Figure 2.1 has high-detail regions and also has more motion content. The second 

test video sequence is the table-tennis (TT) video, shown in Figure 2.2, which has 

more low-detail regions and less motion content. Figures 2.3 and 2.4 show a single 

frame of each of the video sequences. 
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Figure 2.1: The original Sony video sequence 
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Figure 2.2: The original TT video sequence 
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Figure 2.3: A single frame of the Sony video sequence 
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„4 

Figure 2.4: A single frame of the TT video sequence 



CHAPTER III 

VIDEO COMPRESSION TECHNIQUES 

Most applications involving video and audio communication have to deal with 

enormous amounts of data. Due to this reason, compression becomes an integral 

part of such applications. In general, the aim of most compression systems is to 

reduce the volume of data by exploiting redundancies and by eliminating excess 

data without causing much distortion. There are mainly two different types of com

pression systems, one is lossy compression and the other is lossless compression. 

In lossy compression systems, some data is eliminated, via quantization, resulting 

in higher compression ratios, but at the cost of reduced quality of reconstruction. 

Lossless compression schemes exploit only the redundancies in the data and do 

not discard any information. This results in lower compression ratios. The decom

pressed data is an exact replica of the original. Lossless compression schemes are 

used in medical imagery, wherein qualit>' of the images is of importance. In our 

study we consider only lossy compression schemes. 

3.1 A Simple Lossy Compression System 

The original video signal is usually analog in nature. The first step in any com

pression system would therefore be to digitize the analog video signal on a regular 

grid of picture elements (pixels). This set of picture elements is further decom

posed into frames and then into a sequence of blocks. Now, further processing on 

the video data is done on a block level. Most compression systems use one of the 

many transformations, such as the discrete cosine transformation (DCT), which 

13 



14 

help in reducing redundancy and also concentrate the signal energy into few coeffi

cients. Less significant information is dropped from the energy repacked blocks by 

using a suitable quantization scheme. This operation results in the representation 

of the digital data using fewer bits and thereby is the main contributor to high 

compression ratios in most compression schemes. It is also the main and usually 

the only contributor of any distortion in the scheme. The quantized data is then 

entropy coded, i.e., codewords of shorter length are assigned to more likely image 

symbols and codewords of longer length to less likely symbols in order to minimize 

the average number of bits. The above described compression system is shown in 

a block diagram representation in Figure 3.1. 

Original 
Image 

Decompose 
(8x8 blocks..) 

Entropy 
Coding 

4 

Transform 
(DCT,..) 

Quantize 

Figure 3.1: Block diagram of a simple compression system. 
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3.2 Video Image Representation 

For the purpose of image processing, digitized video can be treated as a se

quence of frames (images) with each frame represented as an array of pixels. For 

color video, a pixel is represented by three primary components, red (R), green 

(G) and blue (B). However, for effectiveness and convenience in coding, the three 

color components are converted to another coordinate system, called the \ 'L"\ ' 

color space, where Y denotes the luminance and U and V, called the chrominance, 

denote the strength of the color. Another color coordinate system, followed in 

many compression standards, is the YCrCb color space. The conversion from a 

gamma corrected RGB space (i.e., R'G'B') to the YCrCb space is given by, 

Y = 0.257i?' + 0.504G" 4- 0.098B' + 16, (3.1) 

Cr = 0A39R' - 0.368G' - 0.0715' + 128, (3.2) 

Cb = -O.USR' - 0.291G" + 0.4395' 4-128. (3.3) 

Figure 3.2(a) shows the positioning of the YCrCb samples. Each sample is typi

cally 8 bits per component. Each sample or pixel therefore requires 24 bits. How

ever, most video standards such as the H.261 and H.263 video teleconferencing 

standard and the MPEG-1 video compression standard recommend the subsam

pling of Cr and Cb components. In a 2x2 array of an image we would now have 

four 8-bit luminance components and one each 8-bit chrominance component. The 

24 bits per pixel of YCrCb information is now reduced to 12 bits per pixel, which 

automatically gives 2:1 compression. Though subsampHng is a lossy step, it does 

not drastically affect quality because the eye is more sensitive to luminance than t o 

chrominance. Figure 3.2(b) shows the positioning of the subsampled components. 
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Figure 3.2: YCrCb color space: (a) Positioning of the YCrCb samples, (b) YCrCb 
pixel positioning after subsampling. 

3.3 Intra-Frame Compression Techniques 

It is desirable to eliminate redundant data within the frame. There are many 

techniques which exploit the spatial redundancy but, by far, differential pulse code 

modulation (DPCM) and DCT based coding are the most widely used techniques 

for intra-frame compression. In DPCM, the difference of video signals (pulses) 

of neighbouring pixels are encoded. On the other hand, the DCT decorrelates 

the pixels very efficiently and, in the process, it packs the signal energy of the 

image block into a small number of coefficients. Decorrelation of the coefficients 

is very important for compression, because each coefficient can then be treated 

independently without loss of compression efficiency. [7] gives an indepth study of 

DCT for image compression. The DCT in most image compression techniques is 



apphed on 8x8 blocks, therefore the forward DCT on an 8x8 image block is given 

by [8], 

S{v, u) = -^-f^ J2 E ^2/' x)cos[(2x + l)u7r/16]cos[{2y -\- l)^7r/16], (3.4) 

and the inverse DCT is given by, 

s{y, x) = J2 - ^ E ^ c o s [ ( 2 a ; + l)^7r/16]co5[(2^ -f l)v7r/16], (3.5) 

where 

C{i) = I/V2 for i = 0, 

C{i) = 1 for z > 0. 

The element S'(0,0) in each transformed 8x8 block is called the DC coefficient 

as it denotes the weighted average of the pixel values in the block. The remaining 

elements are called the AC coefficients. 

A suitable scalar quantizer designed using visually weighted quantization values 

[8] is then applied to the 8x8 block. This results in a number of zero valued 

coefficients and a few non-zero integer coefficients. To encode only the non-zero 

elements, a commonly used method is to scan the 8x8 matrix in a zig-zag order 

[9]. This string of elements is run-length encoded and is then finally encoded using 

an entropy encoder such as a Huffman or arithmetic coder, which have been used 

widely in data compression [8,10,11]. The process of decompression is exactly the 

reverse of the compression process. 

3.4 Inter-Frame Coding 

The intra-frame coding exploits the spatial redundancy in a single frame whereas 

inter-frame coding exploits the temporal redundancy between adjacent frames in 
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a video sequence. One simple method for inter-frame coding would be to compute 

the difference of a frame with the previous frame and then apply the DCT-based 

method to code the difference image. This method is not very efficient as pixels of 

difference images are poorly correlated and the DCT does not compress uncorre-

lated data efficiently. A better approach would be to consider motion in the video 

sequence or displacement in the image blocks. 

3.4.1 Motion Compensation 

Motion compensated prediction is the basis of most compression alogrithms for 

videoconferencing such as the International Telecommunication Conference Rec

ommendation H.261 [18]. Motion compensated prediction assumes that "locally" 

the current picture can be modeled as a translation of the picture at some previous 

time. "Locally" means that the amplitude and direction of the displacement need 

not be the same everywhere in the picture. The target frame is first divided into 

fixed-size blocks, usually referred to as macroblocks, and then each macroblock 

is compared to a macroblock in the reference frame to find its best match. The 

predicted block is usually a good estimate of the current block, and it is usually 

more efficient to transmit the motion vector, i.e., the displacement of the target 

block from the reference block, plus the prediction error. The motion vector is ob

tained by minimizing a cost function measuring the mismatch between a block and 

each predictor candidate. If Mi is a macroblock in the current picture Ic, x is the 

coordinates of the pixel in Ic and v the displacement with respect to the reference^ 

picture J^, then the optimum displacement (motion vector). Vi, is obtained by the 
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formula [12]: 

Vi = min Y, D[Ic{x) - Ir{x + v)] xeV (3.6) 

where the search range, V, of the possible motion vectors and the selection of the 

cost function, D, are left entirely to the implementor. To reduce mathematical 

complexity, a simple block matching criterion, such as the mean of the absolute 

difference of pixels, is used to find the best matched block. Figure 3.3 shows 

a simple method for block matching which is self explanatory. After calculating 

the motion vector, a prediction error image is determined. It is can be shown 

that transmitting the motion vector and the error image is more efficient than 

transmitting the image itself. 

r' 
Reference Frame 

Motion 
vector 

Macro-
block 

L 
1 

' 

1 
1 

c 

- V 

1 

1 

-^- V 
\ 

1 _. ^ ! 

d 

i 
1 
1 

- J - - . 
" b 
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a: Initial position of the target 
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d: Location of target block in 
the target frame. 

Figure 3.3: A simple search strategy for block matching. 
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3.5 MPEG: Standard for Audio-Video Compression 

The Moving Picture Experts Group, better known as MPEG, brought about 

the standardization for the compression of video and associated audio. They came 

up with different standards for various bit-rates and appHcations. The first version, 

MPEG-1, also known as ISO/IEC 11172 [13], was developed to operate principally 

from storage media (e.g., CD-ROM) offering a continuous transfer rate of about 1.5 

Mbit/s. The second standard, MPEG-2, describes the coding of interleaved video 

and audio data at rates of 10 Mbit/s, which is suitable for consumer electronics 

and telecommunication. MPEG-4 is designed for low bit-rate audio and video 

applications such as remote sensing and video conferencing. In our work we use 

MPEG-1 as our compression standard. An overview of the standard MPEG-1 is 

given next. 

3.5.1 MPEG-1 

A block diagram of the MPEG-1 codec is shown in Figure 3.4. As shown in 

the block diagram, the source video, which is in the form of a sequence of frames, 

is the input to the encoder. Motion compensation is performed on the current 

frame with respect to a past/future frame. The error image obtained from this 

step is transformed using the DCT and then quantized. The data obtained from 

the quantizer is further compressed using a variable-length encoder (VLC). The 

motion vector obtained from motion estimation is also encoded by the VLC. The 

output of the VLC is the compressed video data. The decoder performs the exact 

opposite operation. 

Random access was one of the main issues considered while (le\'eloping this 
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Figure 3.4: Block diagram of the MPEG-1 codec. 
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standard. Because of random access for stored video and the significant bit-rate 

reduction afforded by motion-compensated interpolation, three types of pictures 

were considered in MPEG. Intrapictures (I) provide the random access points, but 

only offer moderate compression. Predicted pictures (P), which are coded with 

reference to a past picture (I or P), will in general be used for future predicted 

pictures. Bidirectionally predicted (B), or interpolated, pictures provide the max

imum compression. The B pictures use both past and future I or P pictures as 

references. 

1 begin 

end 1 2 begin 

end 2 I 3 begin end 3 4 begin 

end 4 : 5 begin 

end 5 6 begin 

end 6 7 begin end 7 

Figure 3.5: One possible arrangement of slices in a picture. 

The I pictures are coded as though they are still images. They are first divided 

into slices. Figure 3.5 shows one possible arrangement of slices. Slices help cope 

with errors in coding. In case of an error during encoding, the error is limited 

to a single slice and does not affect the whole picture. The sHces are divided 

into 16x16 macroblocks which in turn are divided into 8x8 blocks. Each block 

is transformed using the DCT and the coefficients obtained are scalar quantized. 
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The whole picture is further compressed using variable length codes (VLC) such 

as run-length and Huffman codes. 

The P pictures are based on motion compensated prediction.The picture is first 

divided into slices, which are, in turn, divided into 16x16 pixel macroblocks. The 

macroblock forms the unit for motion compensated prediction. The motion vector 

for each macroblock is determined using a previous I or P picture as reference. The 

difference macroblock is calulated as the difference between the motion compen

sated macroblock and the current macroblock. After the encoder has determined 

the best motion vector for a macroblock, it is in a position to decide whether to use 

it or disregard it entirely and code the particular macroblock as intra. The decision 

depends on the total number of bits required for coding in either mode. So, in 

other words, the P picture may contain some macroblocks which are coded without 

using motion compensation, i.e., as intra blocks. The difference macroblock (or 

the intra macroblock if intra coded) is transformed using the DCT to give an array 

of 8x8 transform coefficients. The coefficients are quantized and are then encoded 

using a run-length value technique. 

The B pictures also use motion compensated prediction to exploit the temporal 

redundancy. As in the I and P pictures, each B picture is divided into slices, which 

are, in turn, divided into macroblocks. In the B pictures three types of motion com

pensated macroblocks may be constructed: forward, backward and interpolated. 

Forward prediction is same as the technique used for P pictures, i.e., macroblocks 

from a past I or P picture are used as a reference for motion compensatcnl pre

diction. In the backward prediction, macroblocks from a future I or P picture are 

taken as reference. In the case of interpolation, the best matched macroblock is 
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the average of two macroblocks, one predicted from the past frame and the other 

from the future. Bidirectional prediction presents a series of advantages, some of 

which are of special interest in our work. 

• It has better statistical properties as it has more information available: in 

particular, the effect of noise can be decreased by averaging between the past 

and the future reference pictures. 

• Error propagation is minimized. 

• It deals with change of scenes and just uncovered areas. An area just uncov

ered can only be predicted from a future picture. 

Figure 3.6 shows the relationship between the three picture types. Since the B 

pictures are predicted using either or both of the previous or next I and/or P 

pictures, the transmission order is different from the display order of the pictures. 

Figure 3.6 also illustrates the transmission and display order of I, P and B pictures 

in MPEG. 

The MPEG-1 bit stream is divided into different layers. Each layer supports 

either a signal processing or a system function. The different layers are: 

Sequence layer. This layer supports the random access unit with reference to 

context. 

Group of pictures layer. A group of pictures (GOP) is a set of pictures which 

are contiguous in display order. Each GOP must contain at least one I picture 

and any number of B pictures interspersed between I or P pictures. 
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Picture layer. This is the primary coding unit. The picture could be I, P or B 

type. 

Slice. Each picture is divided into sHces. Each sUce consists of an integral number 

of macroblocks in raster scan order. The sHce structure allows a decoder to 

recover after a data error and to resynchronize its decoding. 

Macroblock. SUces are divided into macroblocks of 16x16 pixels. They form the 

unit of motion compensation. 

Block. A block is an array of 8x8 component pixel values. They are treated as a 

unit and input to the DCT. 

In our work, we have used the video compression software released by the 

MPEG software simulation group. This software is provided on the internet for 

use in research. The software has an encoder and a decoder which converts uncom

pressed video frames into MPEG-1 or MPEG-2 video coded bitstream sequences 

and vice versa. In our study, we used uncompressed videos with eight pictures in 

YUV format. Our study concentrated on noise in the luminance domain. There

fore, noise suppression was done only on the luminance part of the pictures. Upon 

compressing the video, using the MPEG encoder, the pictures in display order 

would be, I B P B P B P I, in our case. 
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CHAPTER IV 

NOISE SUPPRESSION AND COMPRESSION IN SIGNAL-INDEPENDENT 

NOISE 

As mentioned in the previous chapter, MPEG-1 and many other video com

pression standards use motion compensation, DCT. scalar quantization and Huff

man/entropy coding to achieve compression. The presence of noise destroys the 

correlation between image pixels [2]. This reduces the compression achievable 

through motion compensation and the DCT, as both these techniques exploit the 

correlation between the pixels in the temporal and spatial domains, respectively. 

Further, the noisy images have a higher entropy, thereby reducing the effective

ness of Huffman/entropy coding [1]. Thus there is a significant reduction in the 

achievable compression ratio in the presence of noise. 

A noisy video requiring compression can either be pre-processed, i.e., processed 

for noise suppression prior to compression, or can be post-processed, i.e., processed 

after compression and decompression. Applications that can tolerate low compres

sion ratios can employ the compression technique on the noisy image and then 

post-process the video for noise suppression during playback or after decompres

sion. This approach, however, may have the disadvantage of not allowing real

time playback of the video because of the time taken for processing. Howe\'er. 

post-processing takes advantage of the filtering that occurs by nature in the com

pression process. Pre-processing the video prior to compression overcomes the 

playback constraint and at the same time improves the compression ratio. An 

alternative approach is to de\'ise a compression algorithm which provides higher 

27 
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compression ratios in the presence of noise. In our work, we have concentrated on 

methods of pre-processing the video for noise suppression. The block diagram in 

Figure 4.1 shows the locations of the pre-processing and post-processing schemes 

with respect to the compression system. 

Noise 

Noiseless 
Video 

Degraded 
Video 

• Pre-processing 

Compression 

Transmission/ 
Storage media 

Video 
Playback Post-Processings Decompression 

Figure 4.1: Block diagram showing the location of the pre- and post-processing 

schemes with respect to a compression system. 

We have studied two different estimators for noise suppression in our work. 

The first estimator is a Wiener filter which uses a pixel-by-pixel adapti^'e Wiener 

method [3] based on statistics estimated from a local neighborhood of each pixel. 

The second estimator is the adaptive mean parameter-median (AMP median) filtcn 
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[4] which switches between median type behavior in high detail regions to linear 

averaging behavior in uniform regions. This second estimator is particularly useful 

in applications where the details are to be maintained. 

4.1 Adaptive Wiener Filter 

The adaptive Wiener filter, also referred to as the adaptive noise smoothing 

filter or the James-Stein estimator for additive Gaussian noise [6,5], uses the local 

mean and variance of the degraded image for estimation. Consider the model of 

the degraded image, 

g = Hf + u (4.1) 

where g is the degraded image, / is the original image, u is the zero mean noise 

that can be either signal dependent or signal-independent and H is the blurring 

matrix. Now under the assumption that there is no blurring, i.e., H is an identity 

matrix, the adaptive Wiener filter for the degraded image is given by, 

2 2 

Khi) = Ai + "^^^{Sih j) - M), (4.2) 

where v^ is the noise variance, /z is an estimate of the local mean within an M x 

Â  window centered on the pixel (ij) and is given by. 

^^^^^ i,jeM,N 

and cr̂  is an estimate of the local variance around each pixel and is given b>-. 
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^' = m ^ (S'(M)-M^). (4.4) 
' ^ ' •^ i,jeM,N 

This space-variant filter behaves Uke a low pass filter when the noise is wide

band, i.e., in low-detail image regions such as uniform intensity regions. Here the 

noise is more visible than in high-detail regions so a low pass filter is used to reduce 

as much noise as possible. In high detail regions such as edges, where a large signal 

component is present, a bandpass filter is used so as not to distort (blur) the signal 

component. 

4.2 Results on Signal-Independent Noise Suppression Using 
Adaptive Wiener Filter 

The adaptive Wiener filter of equation 4.2 was applied to the individual video 

frames. The size of the window used in our filtering was 5x5. Window sizes of 

3x3 and 7x7 were also experimented with, but it turns out that the mean square 

error (MSE) for the 3x3 window is high and also the time taken for processing is 

greater. In the case of the 7x7 window size, the MSE is low, however the restored 

frames are blocky in appearance. On the other hand, the frames restored using 

a 5x5 window gave less noise suppression compared to the 7x7 window, but kept 

more edge information. Thus we considered the 5x5 window to be optimum. In tliĉ  

case of the pre-processing strategy, the restored frames were compressed using the 

MPEG-1 encoder. The compression ratios achieved for different noise variances 

and those achieved after pre-processing the noisy Sony and TT ^'ide()s are shown in 

Tables 4.1 and 4.2. The compressed video is then decompressed using the MPEG-1 

decoder. The results of the quaUty measures of the decompressed Sony and I'T 



31 

videos for different noise variances are presented in Tables 4.3 and 4.4. 

Table 4.1: Compression results obtained for adaptive Wiener filtered Sony video 

Noise variance 

Compression Ratios for unprocessed video 

Compression Ratios for Processed video 

562.8 

17.6 

23.93 

799.6 

14.68 

23.78 

1070 

12.65 

23.55 

1380 

11.2 

23.44 

1700 

10.16 

23.31 

Table 4.2: Compression results obtained for adaptive W îener filtered TT video 

Noise variance 

Compression Ratios for unprocessed video 

Compression Ratios for Processed video 

617 

17.54 

21.61 

886 

15.02 

21.58 

1192 

13.05 

21.42 

1546 

11.4 

21.33 

1926 

10.33 

21.11 

Table 4.3: Results obtained for the noise suppression of Sony video using adaptive 

Wiener filter 

Noise 

variance (MSE of 

degraded video) 

MSE 

Log MSE 

SNR in dB 

Perceptual MSE 

562.8 

342.9 

0.0048 

17.83 

0.0028 

799.6 

385.6 

0.0054 

17.31 

0.0039 

1070 

433.1 

0.0061 

16.81 

0.0051 

1380 

488.6 

0.0069 

16.28 

0.0066 

1700 

545.3 

0.0076 

15.8 

0.0081 

Tables 4.1 and 4.2 show that the compression ratio is improved by the use of tli(̂  

adaptive Wiener filter. In fact the compression ratio acliie\Td is slightly more than 
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Table 4.4: Results obtained for the noise suppression of TT video using adaptive 

Wiener filter 

Noise 

variance (MSE of 

degraded video) 

MSE 

Log MSE 

SNR in dB 

Perceptual MSE 

617 

98.88 

0.00038 

22.17 

0.00019 

886 

118 

0.00046 

21.38 

0.00028 

1192 

140.51 

0.00055 

20.60 

0.00039 

1546 

164.76 

0.00065 

19.90 

0.00052 

1926 

192.46 

0.00076 

19.22 

0.00069 

the compression ratio of the noiseless video (22.96 for Sony and 21.48 for TT). This 

is due to the blurring effect of the the filter. The processed video now has more 

spatial redundancy. Tables 4.3 and 4.4 show that the MSE is significantly reduced. 

The other measures also indicate improvement in video quaUty. The noisy video 

frames (for noise variance^ 1070) are shown in Figure 4.2. The results of the 

restoration from the noisy video are shown in Figure 4.3. The figures show that 

the adaptive Wiener filter suppresses the noise effectively, but it has the drawback 

of blurring the video frames. It is seen that the stripes on the man's shirt are not 

clear in the restored frames. This could pose problems in videos wherein edges 

need to be maintained. 

Another video , the table-tennis (TT) video was also considered. The TT video 

consists of more low-detail regions compared to the Sony video. The noisy vickn) 

frames (for variance=1192) are shown in Figure 4.4. The results of the rc^stora-

tion are shown in Figure 4.5. Here again the adaptive Wiener filter effectively 

suppresses the noise but at the cost of blurring the video images. 
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Figure 4.2: The noisy Sony video frames with noise variance=1070 
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Figure 4.3: The noisy video frames restored using the adaptive Wiener filter 
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. TT video frames with noise variance=U92 
Figure 4.4: The noisy TT video 
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Figure 4.5: The noisy video frames restored using the adaptive Wiener filter 



4.3 Adaptive Mean Parameter-Median (AMP) Filter 

Linear operators such as the Wiener filter essentially lowpass filter the image 

and as such tend to blur the fine details. The median filter has been recognized as 

a useful restoration filter because of its edge preservation characteristics. Howe\-er 

a drawback of the median filter hes in its inabihty to effectively remove noise from 

low-detail regions. The AMP filter [4] switches between median type behavior in 

high-detail regions to linear averaging behavior in low-detail regions. 

The p—median filter is defined by the operation 

Khj) =V9{i.3) + ^ ( ^ 1 + Z2) (4.5) 

where 

Zn — median{g{i — s,j — t)\{s,t)€\\'n},n — 1, 2. (-̂ -6) 

Wi and W2 are two bidirectional windows as defined in Figure 4.6. 

The parameter p lies in the range [0,1] and it controls the tradeoff between 

noise suppression and detail preservation. The value of p depends upon the signal-

to-noise ratio (SNR) and the detail present in the original image. In our work we 

have chosen a value oi p = 0.6 for the Sony video and p = 0.7 for the TT video. 

The noise suppression capability of the above stated p—median filter is im

proved by including an adaptive strategy. The filter is operated linearly (a\'(^r-

aging) in low-detail regions and in high-detail regions it switches to median t\'p(^ 

behavior. This constitutes the operation of the adaptive mean ]9-median (AMP 

median) filter. The classification of a pixel as belonging to a low or hi,i;h-detail 

region is determined based on the local variance in a 5x5 window of the pixel. 

Thus the complete algorithm for the AMP median filt(T is 
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(a) (b) 

Figure 4.6: Two bidirectional windows used in the p- median filter, (a) TV'i, (b) 

W2. 

i f y ( z , j ) > T , 

then 

Khj) =P9{hJ)^—7r-i^i-^^2) (4.7) 

otherwise 

b{hj) = 
E {s,t)e\V3 g{i-sj -t) 

N, 
(4.8) 

where W3 is a square window with N3 elements and V(i,j) is an estimate of the 

local variance at (ij) using a window centered at (i, j ) . Here, T is a threshold 

and its value depends on the SNR of the degraded image. 
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4.4 Results of Signal-Independent Noise Suppression Using 
the AMP median Filter 

The AMP median filter of Equations 4.7 and 4.8 was appHed to the degraded 

Sony and TT video frames. The size of the window used for processing was 5x5. 

The values of p = 0.6 and T = 130 were selected for the Sony video. For the 

TT video, which has more low-detail regions, values oi p = 0.7 and T = 150 were 

chosen. On using the pre-processing strategy it is observed that the compression 

ratio achieved improves over that of the noisy video, but not as much as for the 

adaptive Wiener filtered video. Tables 4.5 and 4.6 give the compression ratios 

achieved by pre-processing the Sony and TT videos using the AMP median filter 

for different noise variances. The quality measures of the decompressed Sony and 

TT videos at different input noise variances are shown in Tables 4.7 and 4.8. 

Table 4.5: Compression results obtained for .A.MP median filtered Sony video 

Noise variance 

Compression Ratios for unprocessed video 

Compression Ratios for Processed video 

562.8 

17.6 

22.35 

799.6 

14.68 

21.33 

1070 

12.65 

19.81 

1380 

11.2 

18.09 

1700 

10.16 

16.33 

Table 4.6: Compression results obtained for AMP median filtered TT video 

Noise variance 
Compression Ratios for unprocessed video 

Compression Ratios for Processed video 

617 

17.54 

20.22 

886 

15.02 

19.09 

1192 

13.05 

17.46 

1546 

11.4 

15.63 

1926 

10.33 

14.03 

Figures 4.7 and 4.8 show the Sony and TT video frames pre-pr()((\ss(>(l using 

the AMP median filter. On comparing these with Figures 4.3 and 1.5 of the 
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Table 4.7: Results obtained for the noise suppression of Sony video using AMP 
Median filter 

Noise 

variance (MSE of 

degraded video) 

MSE 

Log MSE 

SNR in dB 

Perceptual MSE 

562.8 

254.7 

0.0041 

19.11 

0.0017 

799.6 

320.9 

0.0049 

18.11 

0.0025 

1070 

398.0 

0.0057 

17.18 

0.0034 

1380 

498.9 

0.0067 

16.2 

0.0047 

1700 

614.8 

0.0078 

15.29 

0.0060 

Table 4.8: Results obtained for the noise suppression of TT video using AMP 

median filter 

Noise 

variance (MSE of 

degraded video) 

MSE 

Log MSE 

SNR in dB 

Perceptual MSE 

617 

177.81 

0.0008 

19.74 

0.00020 

886 

249.79 

0.0012 

18.26 

0.00029 

1192 

348.93 

0.0016 

16.76 

0.00038 

1546 

480.65 

0.0022 

15.32 

0.00051 

1926 

642.24 

0.003 

14.01 

0.00068 

adaptive Wiener filtered video, we see that the edges are maintained when we use 

the AMP median filter. This is clearly seen in the stripes on the man's shirt in the 

Sony video. However, the noise suppression capability of the AMP median filter is 

limited. The compression ratio obtained after compressing an AMP median filtered 

video is improved and is comparable to the compression ratio of the nois(4(\ss VKUH). 
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From Tables 4.7 and 4.8 it is seen that the performance of the filter deteriorates 

as the noise increases. 

4.5 Performance Comparison of the Two Filters 

Figures 4.9 and 4.10 show the quahty measure comparisons of the AMP me

dian filter and the adaptive Wiener filter after compression/decompression through 

MPEG-1. The plots for the MSE, log MSE and SNR all show that the two filters 

significantly improve the quahty of the video. The AMP median filter is shghtl>-

better at lower noise levels. These quahty measures, however, fail to show that the 

adaptive Wiener filter blurs the video, thereby reducing its quality. This difference 

in the effect of the two filters is exposed in the plot of the perceptual MSE of the 

Sony video, which has more high-detail regions. In the TT video, with less high-

detail regions, the perceptual MSE is the same for both filters. The plot of the 

compression ratios obtained after compressing the processed Sony and TT videos is 

shown in Figure 4.11. As mentioned before, the adaptive Wiener filter significantly 

increases the achievable compression ratio and its performance is nearly the same 

for a wide range of noise variances. Although the AMP median filter improves the 

achievable compression ratio, it is not comparable to that of the adaptive \Men(>r 

filter for these video sequences. 
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Figure 4.7: The Sony video frames pre-processed using the AMP median filter 
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Figure 4.8: The TT video frames pre-processed using the AMP median filter 
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Figure 4.9: The performances of the AMP median and adaptive Wiener filters on 

the Sony video are compared using various quality measures 
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CHAPTER V 

NOISE SUPPRESSION AND COMPRESSION IN SIGNAL-DEPENDENT 

NOISE 

In the previous chapter, signal-independent noise was dealt with. Many phys

ical noise sources such as film-grain noise, tape noise and speckle noise are, how

ever, inherently signal-dependent. In this chapter, we consider the suppression 

techniques for signal-dependent noise. Film-grain noise is the first to be consid

ered. The noise model for film-grain noise is given in Equation 2.2 of Chapter II 

and it is seen that the noise is additive signal-dependent. Film-grain noise is the 

noise seen when scanning a photograph with a microdensitometer. This noise has 

a normal distribution with a variance proportional to the density [6]: 

r) i /2 

- ^ . (5.1) 

where 

p = C{A/ay'\ (5.2) 

Here, A is the area of the scanning aperture, a is the grain size, DQ is the mean 

density, and C is a constant. This model is also known as the square-root law. 

For this model, the probabihty distribution of the density fluctuations about the 

mean density DQ is 

" (D - Do)' 

2Do/(3' 

When images are degraded by film-grain noise, the difficult)- in designing a 

suitable statistical processing technique is that the noise depends on the signal. 

P " ( ^ ' = {2.Do/P^Y'^''' 
(5..S) 
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One technique would be to ignore the signal-dependence and process the image as 

if the noise were signal-independent and Gaussian. This approach is only suitable 

for low contrast images, for which the film-grain noise is approximateh" constant. 

Another logical approach would be to design a filter which takes into account 

the signal-dependence. A third approach would be to transform the film-grain 

noise into signal-independent noise and then use the estimators designed for signal-

independent noise suppression. In our work we employ the third approach and use 

the estimators presented in the previous chapter. 

5.1 Film-Grain Noise Suppression Using Homomorphic 
Transformation and Local Statistics Processing 

Arsenault et al. first presented a transformation which converts the film-grain 

noise to approximately signal-independent Gaussian noise [6]. For the film-grain 

noise model of Equations 2.3 and 5.1, the transformation of the form, 

g' = ay/g. (5.4) 

converts the film-grain noise in the image, p, into signal-independent noise. The 

degraded image has pixel values from 0 to 255, and for the transformed image to 

have the same range, a = v255. So the transformation is, 

g'{i,j) = y/2b5g(t,j). (5.5) 

The inverse transformation is given by, 

» ( ' ' ^ ' = ^ 5 ^ - ^•'•'^^ 

This transformation assumes that the scanning aperture .4 is much great(>r than 

the grain size (i. Now, the transformed pictures with signal-independent nmsv are 
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processed using the adaptive Wiener filter of Equation 4.2. An estimate of the 

noise variance is given by, 

^ = ^ • (•^•') 

where K = ^. 

As another method, we used the AMP Median Filter of Equations 4.7 and 4.8 

on the transformed video frames. On using this filter we see that some noise is 

still present in the low-detail regions. To ehminate this, another 3x3 median filter 

is used on the filtered frames. This 3x3 median-AMP filter results in better noise 

suppression. 

5.1.1 On Using Homomorphic Transformation and Adaptive Wiener Filter 

Noise suppression results were obtained for the video sequences degraded with 

different levels of film-grain noise. Film-grain noise with K = 2 to K = b were used 

to obtain the different noise levels. A window size of 5x5 was used in this case, too. 

The degraded frames were first processed for noise supression and then compressed 

by the MPEG-1 encoder. Table 5.1 shows the MSE and the SNR of the processed 

Sony video prior to compression. Tables 5.2 and 5.3 show the quality measures for 

the Sony and TT videos after compression and decompression through MPEG-1. 

The adaptive Wiener filter improves the quahty of the video. On comparing the 

statistics in Tables 5.2 and 5.1 it was seen that MPEG-1 reduces the quaUty of the 

video to a certain extent, especially at lower noise levels. 

Figures 5.1 and 5.2 are the Sony and TT video frames degraded by film-grain 

noise (K=4). Figures 5.3 and 5.4 are the Sony and TT video frames which wvvv 

preprocessed using the adaptive Wiener filter and ha^e undergone compression and 
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Table 5.1: Results obtained before compression for the film-grain noise suppression 

of Sony video using adaptive Wiener filter 

K 

MSE of degraded 

video 

MSE 

SNR in dB 

2 

448.51 

360.4 

17.61 

3 

977.4 

472.86 

16.43 

4 

1676.7 

638.12 

15.12 

5 

2497.1 

864.56 

13.80 

Table 5.2: Results obtained after compression for the film-grain noise suppression 

of Sony video using adaptive Wiener filter 

K 

MSE 

logMSE 

SNR in dB 

Perceptual MSE 

2 

376.69 

0.0032 

17.42 

0.0008 

3 

482.81 

0.0042 

16.34 

0.0013 

4 

633.35 

0.0052 

15.15 

0.0019 

5 

837.41 

0.0063 

13.94 

0.0025 

decompression by MPEG-1. When compared to the degraded frames, both these 

figures show that the adaptive Wiener filter suppresses the noise effectively, but 

the restored frames are blurred at the edges. This can be noticed in the shape 

of the ball in the TT video and by the stripes on the shirt in the Sony video. 

Tables 5.4 and 5.5 show the compression ratios obtained for the Son>' and TT 

videos processed using the adaptive Wiener filter. As expected tli(> compression 

ratios achieved are higher than for the unprocessed case and are comparable lo 

that obtained for the noiseless video (22.96 for Sony and 21.48 for TT). 
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Figure 5.1: Sony video frames degraded by film-grain noise (K=4) 
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Figure 5.2: TT video frames degraded by film-grain noise (K=4) 
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Figure 5.3: Sony video frames restored using adaptive Wiener filter 
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Figure 5.4: TT video frames restored using adaptive Wiener filter 
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Table 5.3: Results obtained after compression for the film-grain noise suppression 

of TT video using adaptive Wiener filter 

K 

MSE of unpro

cessed video 

MSE 

logMSE 

SNR in dB 

Perceptual MSE 

2 

232.94 

100.703 

0.0003 

22.09 

0.0001 

3 

653.49 

158.26 

0.0005 

20.08 

0.0003 

4 

1374.7 

256.6 

0.0010 

17.95 

0.0006 

5 

2257.7 

402.211 

0.0016 

16.00 

0.0013 

Table 5.4: Compression results obtained for the adaptive Wiener filtered Sony 

video 

K 

Compression Ratios for unprocessed video 

Compression Ratios for processed video 

2 

18.8 

24.1 

3 

13.2 

23.7 

4 

10.2 

23.0 

5 

8.6 

22.4 

Table 5.5: Compression results obtained for the adaptive Wiener filtered TT video 

K 

Compression Ratios for unprocessed video 

Compression Ratios for processed video 

2 

18.9 

21.6 

3 

13.7 

21.4 

4 

10.4 

20.7 

5 

8.5 

20.1 

5.1.2 On Using Homomorphic Transformation and AMP Median Filter 

The AMP median filter was used on the transformed video. Figure 5.5 shows 

the result of this procedure for the Sony frames. It is observed that the noise 
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suppression achieved is not very high, hence a 3x3 median filter was used on 

these AMP median filtered video frames. These processed video frames were then 

compressed and decompressed by MPEG-1. Figures 5.6 and 5.7 show the resultant 

decompressed video frames for the Sony and TT video sequences. 

Table 5.6 shows the MSE and the SNR for the processed Sony video before 

compression. Table 5.7 shows the quality measures for the processed Sony video 

after compression and decompression through MPEG-1. On comparing the results 

in the two tables it is was observed that the compression algorithm in this case 

brings down the quality of the video. Table 5.8 gives the quality measures obtained 

for the TT video which was preprocessed and then compressed and decompressed 

through MPEG-1. This table also reiterates that the 3x3 median-AMP median 

filter improves the quality of the video. As is evident from the Figures 5.6 and 5.7, 

the high detail regions are maintained on using the AMP median filter. 

Table 5.6: Results obtained before compression for the film-grain noise suppression 

of Sony video using 3x3 median-AMP median filter 

K 

MSE of degraded 

video 

MSE 

SNR in dB 

2 

448.51 

287.87 

18.59 

3 

977.4 

372.01 

17.47 

4 

1676.7 

481.37 

16.34 

5 

2497.1 

606.96 

15.34 

Tables 5.9 and 5.10 show the compression achieved for the Sony and TT videos 

preprocessed by the AMP-median and 3x3 median filter. In this case. becaus(> of 

the use of the 3x3 median filter after processing with the AMP median filter, the 
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Figure 5.5: Sony video frames restored using AMP filter 
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Figure 5.6: Sony video frames restored using the 3x3 median-AMP filter 
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Figure 5.7: TT video frames restored using the 3x3 median-AMP filter 
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Table 5.7: Results obtained after compression for the film-grain noise suppression 

of Sony video using 3x3 median-AMP median filter 

K 

MSE 

logMSE 

SNR in dB 

Perceptual MSE 

2 

313.15 

0.0034 

18.227 

0.00076 

3 

390.86 

0.0041 

17.26 

0.0011 

4 

484.73 

0.0049 

16.3205 

0.0016 

5 

730.57 

0.0065 

14.538 

0.0031 

Table 5.8: Results obtained after compression for the film-grain noise suppression 

of TT video using 3x3 median-AMP median filter 

K 

MSE of unpro

cessed video 

MSE 

logMSE 

SNR in dB 

Perceptual MSE 

2 

232.94 

124.67 

0.0005 

21.13 

0.0001 

3 

653.49 

189.64 

0.0007 

19.28 

0.0003 

4 

1374.7 

277.37 

0.0010 

17.61 

0.0006 

5 

2257.7 

390.65 

0.0015 

16.12 

0.0009 

residual noise left by the AMP median is also suppressed, and hence the compres

sion ratio achieved is much higher and is comparable to the noiseless case. 

5.1.3 Performance Comparison of the Two Filters 

Figures 5.8 and 5.9 show the plots of the quality measures for the Sony and 

TT videos. These plots are of the preprocessed videos which have undergone 

compression and decompression through MPEG-1. The MSE and logMSE plots 
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Table 5.9: Compression results obtained for 3x3 median-AMP filtered Sony video 

K 

Compression Ratios for unprocessed video 

Compression Ratios for processed video 

2 

18.8 

23.7 

3 

13.2 

23.2 

4 

10.2 

22.3 

5 

8.6 

21.3 

Table 5.10: Compression results obtained for the 3x3 median-AMP filtered TT 

video 

K 

Compression Ratios for unprocessed video 

Compression Ratios for processed video 

2 

18.9 

21.6 

3 

13.7 

20.9 

4 

10.4 

20.1 

5 

8.5 

19.3 

show that there isn't much difference in the performance of the adaptive Wiener 

filter approach and the AMP median filter approach. On observing the plots for 

the SNR and perceptual MSE, it is seen that at low noise level (lower K value), the 

AMP median filter with the 3x3 median filter extension out-performs the adaptive 

Wiener filter. At high noise levels, the adaptive Wiener filter is superior in terms 

of noise suppression. Figure 5.10 shows the plots of compression achieved after 

preprocessing the Sony and TT videos for different values of K. It is evident from 

the plots that the video preprocessed using the adaptive Wiener filter attains higher 

compression. The 3x3 median-AMP filter also helps attain high compression and 

is comparable to that achieved by the adaptive Wiener filtered videos. 
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Figure 5.8: Comparison of the results for the Sony video. 
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Figure 5.9: Comparison of the results for the TT video. 
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5.2 Speckle Suppression Using Homomorphic Transformation 
and Local Statistics Processing 

Speckle is observed in coherent imaging systems such as synthetic aperture 

radar (SAR) and medical imagery such as ultrasound. Although speckle can be use

ful in certain apphcations [17], it is generally regarded as a degrading effect. Speckle 

is another form of signal-dependent noise. As in the cases of signal-independent 

and film-grain noise corrupted videos, here too the compression of the video de

graded by speckle is drastically reduced. In applications such as medical imagery, 

the video data is archived and it would be a problem if efl&cient compression is not 

achieved. Speckle reduction is also necessary to facilitate better quality of video. 

As for the film-grain noise case, two methods of speckle suppression have been 

used here. The approach is similar to that used for film-grain noise suppression. 

Here, we first convert the multiplicative noise to additive by use of a homomorphic 

transformation and operate on the additive noise to eliminate it. In both the cases, 

the video is processed prior to compression to achieve higher compression. 

The multiplicative model for speckle was presented in Chapter II, which is, 

r{ij) = f{^J)n(i,j), (5.8) 

where r(i, j ) is the degraded (speckled) image, f(i,j) is the original image and 

n(i,j) is the random noise term with a negative exponential distribution. Using 

this model, speckle video frames were constructed for different values of K in Equa

tion 2.5. From Equation 5.8, it follows that if r(z,j) is logarithmically transformed 

such that [16], 

log r(2, j) = log /(z, j) + log n{i. j), (:,.9) 
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the noise component \ogn{iJ) is an additive one. Such a homomorphic trans

formation makes it possible to use restoration techniques designed for additive 

signal-independent noise. In practice, the transformation, 

r ' (^,J)=/?log[r(^,J) + l] , (5.10) 

where 

P 255 
log(256) 

is used so that the transformed image has the range values from 0 to 255. The 

inverse transformation is given by, 

>'(z,j)log(256)' 
r(z, j ) = exp - 1 . (5.11) 

255 

The noise is now independent of the signal and is additive. We can therefore use 

the adaptive Wiener filter of Equation 4.2 for the restoration. For a single speckle 

frame and for i^ = 1, the mean and variance of logn(z, j ) are given by [16], 

mean m = Euler's constant = 0.577... 

and the variance i/̂  — 7r^/6 ~ 1.64. 

Another approach to speckle suppression involved the use of the AMP median 

filter of Equations 4.7 and 4.8 on the homomorphic transformed frames. Here 

again, the 3x3 median filter was used after the AMP median filter to improve 

upon the noise suppression. It is seen that speckle tends to shift the image to a 

darker side in the luminance domain [16], and the overall brightness of an image 

degraded by speckle noise is generally less than the original image. This is clearly 

seen in Figure 5.11. Hence, a gray scale modification, which employs a nonlinear 

(logarithmic) contrast stretching method, [10.22,23,21], was performed to improve^ 

the brightness of the video frames. 
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Figure 5.11: Histogram of a Sony video frame degraded by speckle (K=4) 
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5.2.1 On Using Homomorphic Transformation and Adaptive Wiener Filter 

Speckle frames for K =1, 2, 4 and 6 were used to test the performance of 

the compression system and the filter. Table 5.11 shows the MSE and SNR of 

the processed Sony video prior to compression. The adaptive Wiener filter brings 

about an improvement in the MSE by a factor of approximately 4. Tables 5.12 

and 5.13 show the quality measures for the processed Sony and TT videos after 

compression-decompression through MPEG-1. 

Table 5.11: Results obtained before compression for the speckle noise suppression 

of Sony video using the adaptive Wiener filter 

K 

MSE of degraded 

video 

MSE 

SNR in dB 

1 

7554 

1418 

10.73 

2 

9408 

2435 

9.30 

4 

13008 

3066 

8.30 

6 

15059 

4178 

6.95 

Table 5.12: Results obtained after compression for the speckle noise suppression 

of Sony video using the adaptive Wiener filter 

K 

MSE 

logMSE 

SNR in dB 

Perceptual MSE 

1 

1188 

0.010 

11.18 

0.005 

2 

2284 

0.012 

9.58 

0.007 

4 

2902 

0.023 

8.54 

0.021 

6 

4011 

0.041 

7.13 

0.042 
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Table 5.13: Results obtained after compression for the speckle noise suppression 

of TT video using the adaptive Wiener filter 

K 

MSE of unpro

cessed video 

MSE 

logMSE 

SNR in dB 

Perceptual MSE 

1 

5813,6 

816 

0.0042 

13.20 

0.004 

2 

6521.8 

1263 

0.0060 

11.012 

0.0055 

4 

9455.9 

1919 

0.0125 

9.18 

0.0126 

6 

11302 

2904 

0.0255 

7.38 

0.0282 

On comparing the Tables 5.11 and 5.12 we see that the MPEG-1 algorithm 

itself brings about some noise suppression. The MSE is reduced by approxmately 

200 and the SNR by 0.25 dB. The tables for the Sony and TT video results show 

that the quality of the video reduces as K increases. Figures 5.12 and 5.13 show 

the Sony and TT frames degraded by speckle (A' = 4). Figures 5.14 and 5.15 show 

the processed video frames which have undergone compression-decompression. On 

comparing the degraded and the processed videos, it is apparent that the adaptive 

Wiener filter suppresses speckle noise to a great extent. Tables 5.14 and 5.15 

give the compression results for the restored Sony and TT video frames. They 

show that the compression achieved for speckle videos restored using the adaptive 

Wiener is high but not comparable to the noiseless case (22.96 for Sony and 21.48 

for TT video). One interesting fact that is observed here is that the compression 

ratio of the unprocessed video increases with an increase in K. Figure 5.11 shows 

the histogram of a Sony video frame degraded by speckle (A'=4). From this figure 
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it is clear that the pixel values are concentrated towards the darker region of the 

luminance domain. This increases the spatial redundancy of the video frame, 

enabling high compression. It is seen that as K increases, the gray levels tend to 

pack more towards the darker region. 

Table 5.14: Compression results obtained for adaptive Wiener filtered Sony video 

K 

Compression Ratios for unprocessed video 

Compression Ratios for processed video 

1 

6.09 

18.02 

2 

8.33 

17.65 

4 

14.41 

16.74 

6 

20.24 

16.94 

Table 5.15: Compression results obtained for adaptive Wiener filtered TT video 

K 

Compression Ratios for unprocessed video 

Compression Ratios for processed video 

1 

6.02 

16.98 

2 

8.44 

16.23 

4 

15.24 

15.84 

6 

20.01 

15.97 

5.2.2 On Using Homomorphic Transformation and AMP Median Filter 

The video frames degraded by speckle noise were first restored using the homo

morphic transformation and the AMP median filter. Figure 5.16 shows that the 

noise suppression achieved by this process is not sufficient. A 3x3 median filter 

was used to further suppress the noise in the video frames. Figures 5.17 and 5.18 

show the resultant video frames for the Sony and TT videos. It is clear that there 

is an improvement in the quality of the \'ideo frames after using tlu^ 3x3 median 
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Figure 5.12: Sony video frames degraded by speckle noise (K=4) 
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Figure 5.13: TT video frames degraded by speckle noise (K=4) 
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Figure 5.14: Sony video frames restored using homomorphic transformation and 

adaptive Wiener filter 
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Figure 5.15: TT video frames restored using homomorphic transformation and 

adaptive Wiener filter 
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filter. Table 5.16 shows the MSE and the SNR achieved for the 3x3 median-AMP 

filter processed Sony video prior to compression. Tables 5.17 and 5.18 show the 

results for processed Sony and TT videos after compression-decompression. On 

comparing the results before and after MPEG-1, we see that MPEG-1 improves 

the quality of the video. The results show that the quahty of the restored video 

reduces as K increases. 

Table 5.16: Results obtained before compression for the speckle noise suppression 

of Sony video using 3x3 median-AMP filter 

K 

MSE of degraded 

video 

MSE 

SNR in dB 

1 

7554 

2387 

9.02 

2 

9408 

2887 

8.56 

4 

13008 

3081 

8.28 

6 

15059 

3762 

7.41 

Table 5.17: Results obtained after compression for the speckle noise suppression 

of Sony video using 3x3 median-AMP filter 

K 

MSE 

logMSE 

SNR in dB 

Perceptual MSE 

1 

2182 

0.0094 

9.0559 

0.073 

2 

2725 

0.0134 

8.8135 

0.009 

4 

2890 

0.0249 

8.5595 

0.021 

6 

3574 

0.0429 

7.6358 

0.040 

Tables 5.19 and 5.20 give the compression ratios achieved for the Sony and 

TT videos restored by the 3x3 median-AMP filter, respectively. From the tablets 
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Table 5.18: Results obtained after compression for the speckle noise suppression 

of TT video using 3x3 median-AMP filter 

K 

MSE of unprocessed video 

MSE 

logMSE 

SNR in dB 

Perceptual MSE 

1 

5813.6 

926 

0.0056 

11.35 

0.0039 

2 

6521.8 

1498 

0.0074 

10.26 

0.0053 

4 

9455.9 

1984 

0.0152 

9.04 

0.0116 

6 

11302 

2596 

0.0292 

7.87 

0.0251 

Table 5.19: Compression results obtained for 3x3 median-AMP filtered Sony video 

K 

Compression Ratios for unprocessed video 

Compression Ratios for processed video 

1 

6.09 

17.47 

2 

8.33 

16.05 

4 

14.41 

15.06 

6 

20.24 

15.25 

Table 5.20: Compression results obtained for 3x3 median-AMP filtered TT video 

K 

Compression Ratios for unprocessed video 

Compression Ratios for processed video 

1 

6.02 

15.20 

2 

8.44 

14.00 

4 

15.24 

12.88 

6 

20.01 

12.84 

it is clear that though compression ratios are uniformly high for all values of A' 

they are not comparable to the compression ratio of the noiseless videos. 
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Figure 5.16: Sony video frames restored using homomorphic transformation and 

AMP median filter 
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Figure 5.17: Sony video frames restored by using the 3x3 median filter on the AMP 

median filtered frames 
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Figure 5.18: TT video frames restored by using the 3x3 median filter on the AMP 

median filtered frames 
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5.2.3 Performance Comparison of the Two Filters 

Figures 5.19 and 5.20 show the plots of the quahty measures for Som- and 

TT videos. These plots are of the preprocessed videos which have undergone 

compression and decompression through MPEG-1. It is seen that the results for 

the adaptive Wiener filtered video and the 3x3 median-AMP filter are nearly the 

same. Both the methods significantly improve the quality of the video. Figure 5.21 

shows the plot of compression achieved after preprocessing the Sony and TT videos 

for different values of K. It is evident from the plots that the video preprocessed 

using the adaptive Wiener filter attains higher compression. Neither of the two 

methods achieve compression ratios comparable to the noiseless case. 
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Figure 5.19: Comparison of the results for the Sony video. 
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Figure 5.20: Comparison of the results for the TT video. 
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Figure 5.21: Comparison of the compression achieved (a) for the Sony video and 

(b) for the TT video. 



CHAPTER VI 

CONCLUSIONS 

In this work, we have studied the effects of signal-dependent noise on video 

compression. We have presented noise suppression techniques to overcome these 

effects. As expected, the presence of noise reduces the achievable compression 

ratio, except in the case of speckle, when K is high. The amount of compression 

achieved depends on how noisy a video is and also on the type of noise. The 

compression achieved, using MPEG-1, for 8 frames of the noiseless Sony video was 

22.96. When the Sony video was degraded by signal-independent noise of variance 

1070, the compression ratio achieved reduces to 12.65. For the Sony video degraded 

by film-grain noise {K=A) the compression ratio reduces to 10.2. When the Sony 

video was degraded by speckle noise we saw that the compression ratio is low for 

lower values of K and increases with K. For A'=l, the compression ratio is 6.09 

and. it increases to 20.24 for a K value of 6. We attributed this behavior of the 

compression algorithm to the fact that the speckle tends to pack the pixel gray-level 

values towards the darker region. This in effect increases the spatial redundancy 

in the video frames, enabhng higher compression. 

To improve the quality and the achievable compression of the degraded video, 

we first studied the techniques for suppression of additive signal-independent noise. 

We investigated two techniques for pre-processing (i.e., noise suppression prior 

to compression) the video frames. For the video degraded by signal-independent 

noise, the AMP median filter gave better restoration results compared to the ada])-

tive Wiener filter. Perceptually, the AMP filter performs better than the adaptive^ 
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Wiener filter as it maintains the edges (high detail regions). However, the adaptive 

Wiener filter brings about better noise suppression, but at the cost of blurring the 

high detail regions in the video. The compression achieved for the video restored 

by the adaptive Wiener filter was higher than that achieved for video restored b\-

the AMP median filter. We found that for the video restored using the adapti\-e 

Wiener filter, the compression achieved is shghtly more than that achieved for the 

noiseless video because of redundancy introduced by blurring. For the AMP me

dian filtered video, the compression improves over the noisy case, but falls short 

when compared to the noiseless case. 

We extended the techniques used for the suppression of signal-independent 

noise to the suppression of signal-dependent noise. This was possible, as we trans

formed the signal-dependent noise into additive signal-independent noise. In the 

case of the video degraded by film-grain noise, the adaptive Wiener filter again 

performs better noise suppression. The AMP median filter does not completely-

suppress the noise. We removed this residual noise from the video by using an 

extra 3x3 median filter step. The noise suppression results obtained by using this 

combination of the AMP median and the 3x3 median filter were found to be better 

than those obtained for the adaptive Wiener filtered video. This combination pro

duces perceptually better video than the adaptive Wiener filter. The compression 

ratios achieved for the video restored by using both these methods were signifi

cantly higher than those obtained for degraded video and were comparable to the 

noiseless case. The adaptive Wiener filtered video results in higher comprc^ssion 

than the 3x3 median-AMP median filtered video. 

In the case of speckled video, we could not exploit the technique of frame â •-
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eraging [16,1] used for speckle suppression in stih images. In the case of video 

we usually have only one "look" at each frame and the scene is constantly in mo

tion. The restoration was therefore done using "single" individual frames. In this 

case, the adaptive Wiener filter and the 3x3 median-AMP median filter perform 

equally well. As an example, the improvement in the MSE is by a factor of 4 

for both methods. Perceptually, the video restored by both the techniques is an 

improvement over the noisy case, but is handicapped, as the frame averaging tech

nique could not be used. The compression ratios achieved for video restored using 

both the methods were high compared to the speckled video (low K). but are less 

than those achieved for the noiseless video. The video restored using the adaptive 

Wiener filter results in higher compression compared to the video restored using 

the 3x3 median-AMP median filter. 

We can conclude that the effects of noise in the video on the compression scheme 

depend on the type and the amount of noise. The effectiveness of the technique 

used in restoring the video also depends on the same factors. In general, the video 

restored using the adaptive Wiener filter can be compressed to a greater extent 

than that restored using the 3x3 median-AMP median filter. However, the quality 

of the video is better when it is restored using the 3x3 median-AMP filter. The 

choice of the restoration technique is therefore a tradeoff between the quality and 

the amount of compression required. 

6.1 Suggestions for Future \\'ork 

In our work, we have used simulated noisy videos to study the noise ( t̂i'(Hts. 

The performance of the compression scheme on actual noisy video, such as tlu)se 
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obtained from clinical angiography (radiographic image sequences) and synthetic 

aperture radar systems, remains to be studied. The video compression standard 

used in our study was MPEG-1. The performance of other video compression 

schemes, such as MPEG-2 [4] and those employing wavelet based techniques in 

the presence of noise remains to be investigated. Other restoration techniques, 

such as the morphological predictor for speckle reduction used by Mitra et al. 

[27], and the statistical estimators may be compared. Chan et al. [26] have used 

stochastic temporal filtering techniques to enhance clinical fluoroscopy sequences 

corrupted by quantum mottle. A similar technique could be used for suppression 

of signal-dependent noise. The modification of the compression scheme itself, so as 

to include motion-compensated temporal filters leading to better restoration and 

higher compression ratio, may be explored. 
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