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ABSTRACT 

Vector quantization (VQ) is an established data compression technique. It has 

been successfully used to compress signals such as speech, imagery, and video. In 

recent years, it has been employed to perform various image processing tasks such 

as edge detection, classification, and volume rendering. The advantage of using 

V'Q depends on the specific task but usually includes memory gain, computational 

gain, or the inherent compression it offers. 

•Nonlinear interpolative vector quantization (.NLIVQ) was introduced as an ap

proach to overcome the curse of dimensionality incurred by an unconstrained, 

e.xhaustive-search V'Q. especially, at high rates. In this dissertation, it is modi

fied to accomplish specific image processing tasks. 

VQ-based techniques are introduced to achieve the following image processing 

tasks. 

• Blur identification: V'Q encoder distortion is used to identify image blur. 

The blur is estimated by choosing from a finite set of candidate blur func

tions. .A V'Q codebook is trained on images corresponding to each candidate 

blur. The blur in an image is then identified by choosing from the candidates, 

the one corresponding to the codebook that provides the lowest encoder dis

tortion. 
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• Superresolution: Images obtained througii a diffraction-limited optical sys

tem do not possess any information beyond a certain cut-off frequency and are 

therefore limited in their resolution. Superresolution refers to the endeavor of 

improving the resolution of such images. Superresolution is achieved through 

an NLIVQ trained on pairs of original and blurred images. 

• Joint compression and restoration: Combining compression and restora

tion in one step is useful from the standpoints of memory and computing 

needs. .-Vn NLIVQ is suggested for this purpose that performs the restoration 

entirely in the wavelet transform domain. The training set for V'Q design 

consists of pairs of original and blurred images. 

• Combined compression and denoising: Compression of a noisy source 

is a classic problem that involves the combined efforts of compression and 

denoising (estimation). .\ robust NLIV'Q technique is presented that first 

identifies the variance of the noise in an image and subsequently performs 

simultaneous compression and denoising. 



l:} 

CHAPTER 1 

INTRODUCTION 

Image processing involves operating on digital images to render them in some de

sired form. The usefulness of the output of an image processing operation depends 

entirely on the application. Typical image processing tasks include enhancement, 

restoration, analysis, representation, and modeling. Over the years, image process

ing has found itself being applied in an impressive variety of application areas such 

as astrophysics, medicine, meteorology, and robotics. 

The goal of image compression is to represent a digital image as efficiently as 

possible. The need for compression arises whenever information needs to be stored 

or communicated in an effective manner. Two types of compression are possible: 

lossless and lossy. With lossless compression, there is no loss of information and 

therefore the image can be perfectly recovered. Lossy compression, on the other 

hand, is a trade-off between image fidelity and the amount of compression. Vector 

quantization (VQ) is an established lossy compression technique that has been used 

successfully to compress signals such as speech, music, imagery, and video. 

Many image processing systems include a compression component in them. Usu

ally, the processing and compression components in such systems are designed and 

implemented independently of each other. In some cases, there are advantages to 
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combining the two operations. The specific advantage depends on the application 

but in general could include computational efficiency and optimality. In such an 

application scenario, a V'Q can be designed to perform the operations of processing 

and compression simultaneously. In other applications such as blur identification, 

wherein compression is not relevant, a VQ can still be useful in efficiently imple

menting the processing task. 

1.1 Contributions of the Dissertation 

The major contributions of this dissertation are as follows. Vector quantization 

based techniques have been developed to perform the following image processing 

taslvs (with the articles in which they were published mentioned alongside): 

• Blur identification [1] [2] 

• Superresolution [3] [4] 

• Joint compression and restoration [5] 

• Combined compression and denoising [6] 

1.2 Overview of the Dissertation 

Chapter 2 provides an introductory coverage of vector quantization and its ap

plication to image processing. The next four chapters contain the original con

tributions of this dissertation, with each chapter devoted to a processing task 
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implemented using VQ. These chapters include the theory, algorithms, and sim

ulation results from employing VQ to perform blur identification, superresolution. 

joint compression and restoration, and combined compression and denoising. re

spectively. The final chapter summarizes the dissertation and contains directions 

for future research including other potential application areas for V'Q-based image 

processing. 
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CHAPTER 2 

VECTOR QUANTIZATION AND IMAGE PROCESSING 

Quantization is inherently a precision reduction procedure. .A quantizer observes 

a number and selects the best approximation to it from a finite pre-determined set 

of numbers. It is usually a mapping from a set of all real-valued numbers (domain) 

to a set consisting of .V distinct values (range). The cardinality of the range. .V. is 

chosen such that a finite number of bits is sufficient to specify the quantizer output. 

The output values themselves, however, can be of arbitrary precision. quantizer 

that operates on one number at a time is said to be scalar. 

2.1 VQ Description and Theory 

Vector quantization is the natural generalization of scalar quantization. It in

volves the quantization of vectors rather than scalars. A vector quantizer Q of 

dimension k and size N is a mapping from a vector in ^•-dimensional Euclidean 

space TZ'' into a finite set C containing N reproduction points, called code vectors 

or codewords. Thus. 

Q-.n'' C. 
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Input Vector Index Quantized Vector 

X = Q{X) 

Vector Quantizer 

Decoder Encoder 

Figure 2.1: A vector quantizer as the cascade of an encoder and decoder. 

where C —  { y i - y j , - "  - y .v} and y, G 'R-^ for each i € J = {1.2. ..V}. The 

set C is called the codebook cind has .V distinct vectors in R}' for its elements. The 

rate of a vector quantizer is r = (log.^iV)/^: and measures the average number of 

bits spent per input vector component. 

.\ssociated with every .V point V'Q is a paiiilion of R'' into .V regions or cells. 

Ri for i € S- The z'*' cell is defined by 

/?. = {x€7^^Q(x)=y,}. 

sometimes called the inverse image of y, under the mapping Q and denoted more 

concisely by /?, = Q~'(yi)-

From the definition of the cells, it follows that 

Ri = 'R'" and /?, fl = (O for i  ̂ j. 

i 

A cell can either be bounded (having finite ^.--dimensional volume) or unbounded. 

•A vector quantizer can be decomposed into two operations; the vector encoder 

and the vector decoder as shown in Figure 2.1. In more concise notation. 

g(x) = D(E(x)). 
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The encoder E is a mapping from V} into the set of indices J. while the decoder 

D maps the index set J into the reproduction set C. Thus. 

E : 7^*•• -> J" and D : J C. 

A given partition of the space TV' into cells completely determines how the 

encoder assigns an index to a given input vector. On the other hand, the output 

vector generated by the decoder from an index is fully determined by the given 

codebook. 

The theoretical rationale for vector quantization can be found in rate-distortion 

theory. This theory provides the basis for the fact that it is possible to perform 

close to the rate-distortion function of a source by quantizing long blocks of its 

output symbols, i.e.. employ a high dimensional V'Q to quantize the source. 

.A special class of vector quantizers, called the nearest neighbor ov Voronoi vector 

quantizers, have the feature that the partition of is completely determined by 

the codebook and a distortion measure, d. nearest neighbor VQ is defined as 

R ,  = {x : (/(x,y.) < t/(x,yj) Vj i  e J ] .  (2.1) 

It is possible that an input vector x is equidistant from two or more code vectors. 

In this case the Ri will not be disjoint. Such a situation can be resolved by as

signing the input vector to one of the cells based on some arbitrary but consistent 

convention. The advantage in using such quantizers arises from the fact that no 

explicit storage of geometrical description of the cells is required. 
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The most popular distortion measure used in designing VQ's is the squared error. 

which is defined as the squared Euclidean distance between two vectors: 

k 

d i x . y )  =  ||x - yll'' = ̂  (x, - y,)'- (2.2) 
1=1 

A nearest neighbor V'Q using the squared error distortion measure is used in this 

work. 

2.2 VQ Design 

The main objectives in nearest neighbor V'Q design are to find a partition (spec

ifying the encoder) and a codebook (specifying the decoder) that will maximize 

an overall measure of performance considering the entire sequence of vectors to 

be encoded over the lifetime of the quantizer. The overall performance is usually 

assessed by a statistical average of a suitable distortion measure, which can be 

e.xpressed as 

E [ d { X . Q { X ) ) \ =  f c/(x.Q(x))/x(x)dx 

where /x(x) is the joint probability density function (pdf) of the random vector 

X. 

Assume that the codebook size N is given, the ^'-dimensional input random 

vector X is statistically specified and that a particular distortion measure d has 

been selected. Now. let us review the necessary conditions for VQ optimality. 

First, the encoder (partition) is optimized for a given decoder (codebook). Using 



20 

the nearest neighbor condition, for a given set of code vectors. C. the optimal 

partition cells satisfy 

R ,  = {x : (/(x.y,) < </(x.yj) Vj 7^ i  6 J ] .  (2.3) 

that is. 

(5(x) = y, if (/(x.y.) < d ( x . y j ) ' i j  i  €  J .  (2.4) 

The possibility of an input vector being equidistant from two or more code vectors 

is handled as discussed previously, .^e.xt. the decoder is optimized for a given 

encoder. For a given partition {/?,:/= 1. • • • . jV}. the optimal code vectors satisfy 

y, = centroid(/?,). (2.5) 

The centroid of a cell R is defined as 

centroid(/?) = arg min {^[(/(X. y)|X G /?]} . 
y 

In the case of the squared error distortion measure, the centroid becomes 

centroid(/2) = £:[X|X 6 R] 

and is empirically computed as 

1 
centroid(i?) = ^ x, 

where |/?| is the cardinality of the set i? = {xi, X2, • • • .X|h|}. 
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Step 1. G iven a coclebook. Cm = {Y i; ' = 1. • • • . -V}. find the 

optimal partition into quantization ceils, i.e.. use the nearest 
neighbor condition to form the cells: 

Ri = {x : £/(x,y.) < d{x,yj); VJ # <}. 

If X yields a tie for distortion, i.e.. if f/ (x .y,) = d { x , y j )  for 
more than one j ^ i. then assign x to the set Rj for which 
j is smallest. 

Step 2. U sing the centroid condition, find codebook 

C'm+i = {centroid(/?,): i= I.-- - ..V}. 

the set of optimal reproduction points for the cells /?,. 

Table 2.1: Vector quantizer codebook design using the LBG algorithm. 

The nearest neighbor and the centroid conditions together form the necessary 

conditions for VQ optimality. These optimality conditions provide the basis for 

iteratively improving a given VQ. The most widely used VQ design technique is 

the generalized Lloyd or Linde-Buzo-Gray (LBG) algorithm as detailed in Table 

2.1 [7]. In this algorithm, it is guaranteed that with each iteration the average 

distortion either decreases or remains unchanged. This implies convergence to at 

least a local optimum. 

The LBG algorithm is in practice applied on a set of observation vectors of the 

source output to be quantized called the training set. 

T  =  { V i , V 2 , - - -  . V m } .  
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Index k-dim. k-dim. 

Codebook 

Decoder Encoder 

Figure 2.2: Vector quantization based coding strategy. 

where M is the size of the training set. The training set describes the true pdf 

of the source better with increasing M. The number J = .V//.V. where .V is the 

codebook size, is referred to as the training ratio. For a given codebook size N. this 

parameter indicates the effectiveness of the LBG algorithm in yielding a codebook 

that will be nearly optimal for the true pdf. 

2.3 VQ-based Signal Coding 

A nearest neighbor vector quantizer based coding system is illustrated in Figure 

2.2. .\ ^--dimensional vector x at the input to the encoder E is compared with 

every available vector in the codebook C and the inde.x corresponding to the best-

approximating code vector is output. The decoder D upon receiving this index 

performs a simple lookup operation on the same codebook C and outputs the 
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corresponding code vector, x. As the codebook size is increased, the vector x 

approximates the input vector x with better accuracy. 

.A. VQ which explicitly calculates the distortion between the input vector and 

each possible reproduction vector exhibits search comple.xity and memory require

ments that grow exponentially with dimension. In order to mitigate this com

plexity barrier, a suboptimal codebook and/or a suboptimal search procedure can 

be adopted. .\ suboptimal codebook can be designed by imposing the constraint 

that code vectors cannot have arbitrary locations as points in ^'-dimensional space 

thereby allowing a much easier search for the nearest neighbor. Lattice VQ and 

polytopal VQ are examples of such a design technique. On the other hand, a sub-

optimal search procedure that does not pick the nearest neighbor but one from a 

collection of approximately nearest neighbors may be used as in the case of the 

tree-structured VQ (TSVQ). In TSVQ, the search is performed in stages. In each 

stage a substantial subset of candidate code vectors is eliminated from considera

tion by a relatively small number of operations resulting in a reduction of search 

comple.xity. 

For a further discussion of vector quantization and its application to signal 

compression, the reader is referred to [8] [9]. 
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2.4 Image Coding using Vector Quantization 

Vector quantization is usually applied to the coding (compression) of images as 

follows. .\n image is partitioned into non-overlapping rectangular blocks of pi.xels. 

These blocks are then treated as the vectors to be quantized. For example, each 

vector could be a 3 x 3 block, i.e.. nine-dimensional. In order to obtain the VQ 

codebook. a suitable design algorithm is run on these 3 x 3 blocks generated from 

a training set of images. Once the codebook is available, the image to be coded is 

first decomposed into x 3 blocks. Then each of these blocks is vector quantized, 

i.e.. transformed into an index. During decompression, these indices are used in a 

lookup procedure performed on the codebook in order to reconstruct the image. 

.'\ typical digital image consists of S bits per pixel (bpp) and is referred to as 

a (jraijscale image. pixel in a grayscale image can therefore take on any one of 

256 different values, usually the integers 0 through 255. The de facto quantitative 

measure used in evaluating a decompressed (reconstructed) image is the peak signal-

to-noise ratio, which is defined in decibels (dB) as 

where MSE is the mean squared error between the original and the reconstructed 

images. The mean squared error between two ^--dimensional vectors x and y is the 

PSNR = 10 log 



statistical average of tlie squared error between them: 

" k 

.1=1 

In practice, the MSE is computed as 

1 
MSE = ^ 51 (-i'i - /A)^-

1=1 

Although this measure does not always relate very well to the visual quality of the 

reconstructed image, it is used because of its simplicity and intuitive appeal. 

2.5 .N'onlinear Interpolative Vector Quantization 

Let X be a random vector of dimension A;. In applications involving high rates, 

unconstrained, exhaustive-search VQ becomes infeasible for large values of i-. Now. 

assume that it is possible to extract from X a suitable vector U of dimension n < k. 

This extraction procedure depends on the physical interpretation of X. i.e.. X could 

be a speech segment, image block, etc. The feature vector U is then quantized 

with an n-dimensional VQ to obtain U. The vector X can now be approximated 

by applying a linear or nonlinear "interpolation" operation on U. This operation 

can be viewed as a generalization of the usual case of interpolation since it maps 

a reduced dimensionality vector U to an approximation to the original vector X. 

If a nonlinear interpolator is used, the structure is appropriately referred to cis 

nonlinear interpolation. 

.V[SE = £[l|x-y f] = E 
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The nonlinear interpolative vector quantization (NLIVQ) strategy is outlined in 

Figure 2.3. The first step is feature extraction, wherein a reduced dimensionality 

vector U is extracted from X. The n-dimensional vector U is then fed to an 

encoder, which compares it to all the n-dimensional vectors in the codebook and 

returns an index corresponding to the best-approximating code vector. The decoder 

upon receiving this index does a lookup operation on a copy of the same codebook 

and produces the quantized vector U. Finally, an appro.ximation X to the input 

vector X is generated at the output of the interpolation step from U. 

The VQ decoder output U can take on only .V possible values corresponding 

to the number of entries in the codebook C. Therefore, only .V distinct vectors 

can come out of the interpolation step. This provides the opportunity to combine 

the decoding and interpolation steps into a new decoder D' with an equivalent 

interpolative codebook C" of dimension k and size .V. This simplified structure in 

Figure 2.4 is fully equivalent to that of Figure 2.3. It is a constrained complexity 

VQ scheme where a high dimensional vector X is quantized using (indirectly) an 

encoder codebook C of dimension n and a decoder codebook C" of dimension k. 

NLIVQ has been successfully employed in a wide variety of applications such 

as joint image restoration and compression [10], nonlinear speech prediction [11], 

lossless predictive image coding [12], multispectral image compression [13], and 

enhancement of transform coding [14]. 
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2.6 NLIVQ for Image Processing 

Some of the image processing tasks considered in this dissertation are accom

plished using vector quantization according to the NLIVQ paradigm discussed in 

the previous section. There is one important difference, namely, no feature extrac

tion (and hence no dimension interpolation) is performed. This means that the 

encoder and decoder codebooks contain code vectors of the same dimension. Such 

a structure would be best referred to as nonlinear estimation. However, the phrase 

nonlinear interpolation is retained for historical reasons and in conformance with 

e.xisting literature. 

The design procedure for the aforementioned NLIVQ is as follows. Let the 

training set for NLIVQ design be {6''.F'}f_p where G' is a raw image and F' 

t h e  c o r r e s p o n d i n g  p r o c e s s e d  i m a g e .  D e c o m p o s e  e a c h  t r a i n i n g  i m a g e  i n t o  M  x  M  

non-overlapping blocks to be used as the training vectors. Let and be the 

image blocks from C and F'. respectively. 

Encoder Codebook Design 

Initially, a VQ with encoder E. decoder D. and associated codebook C. is designed 

to minimize the expectation of the squared quantization error 

.VISE = E II (2.6)  
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The quantized block can then be written as 

g'^ = D(E((7'^)) = arg min{)| ||-} . (2.7) 

where Cm is the entry in codebook C. 

Decoder Codebook Design 

•N'e.xt. a new decoder D' with its associated codebook C" is derived by minimizing 

the conditional e.xpectation 

' = (2.S) 

where f'-' refers to the output of the decoder D' and is given by 

= D'(E(g'n)=c'^^,,y (2.9) 

Let R m  = {/'•' : E ( g ' - ' )  = m} for a given set of training blocks. The conditional 

expectation in Equation 2.S is minimized by 

c; = E [ n f " e R „ ]  

= E[nE(s") = m] 

where c'^ is the entry in C. Every c'^ is therefore simply the centroid of the 

appropriate region and is empirically computed as 

where |iZm| is the cardinality of the set Rm-
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Figure 2.5: Blocli diagram of the NLIV'Q processing paradigm. 

NLFVQ Processing of an Image 

Once the encoder and decoder codebooks have been designed, the system can be 

used to simultaneously quantize and process an image. Let the input image to 

be processed be G. This image does not usually belong to the training set and 

is referred to as the test image in VQ le.xicon. The image is first partitioned into 

blocks g-'. A ciuantized block in the processed output image F can then be written 

as 

p =D^{E(g^))=ci.^.^,y (2.11) 

The processing of image blocks by NLIVQ is illustrated in Figure 2.5. 
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Since C and C are not designed jointly, the resulting VQ will not be optimal. 

While the decoder is optimized with respect to the encoder, there is no encoder 

optimization done based on the decoder. Hence, one of the necessary conditions for 

VQ optimality is violated. However, the advantage in using such a non-iterative 

technic[ue comes in the form of a reduction in computational burden. Therefore, the 

procedure trades optimality for computational savings, which is especially useful 

in designing high rate c(uantizers. 

"2.7 Literature Survey 

Vector quantization has found many applications in image processing. The ad

vantages of combining VQ with an image processing task usually involve features 

such as computational or storage savings. Some major application areas with ex

amples are described below. 

2.7.1 Enhancement 

The principal objective of enhancement techniques is to process an image such 

that the result is suitable for a particular application. Enhancement includes a 

broad range of tasks such as contrast manipulation, noise reduction, edge crispen-

ing, filtering, pseudo-coloring, and interpolation. 

VQ possesses an innate ability to remove speckle noise because of the smoothing 

performed by the centroid operation in its design phase. In fact, it was suggested 
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that in some cases, slightly compressed medical images were more suitable for 

diagnosis purposes than the original images themselves [15]. 

Histogram equalization is a well established tool for contrast enhancement. 

Global histogram equalization does a mapping of individual pixels based on the 

histogram of the entire image. In order to combine VQ with this task, the global 

histogram for the training image set is (irst constructed. This histogram is then used 

to equalize the VQ codebook that was designed using the training images. During 

the decompression procedure, the image is simultaneously contrast enhanced, which 

leads to savings in computations [16]. .Adaptive histogram equalization, which in

volves remapping a pi.xel's intensity using a local context, has also been successfully 

combined with VQ [17]. 

Other examples of using VQ for enhancement include a predictive interpolation 

technique for remote sensing images [IS], a method to enhance transform coding 

[14] and a technique to enhance text images [19]. 

2.7.2 .\nalysis 

[mage analysis involves the study of feature extraction, segmentation, and classi

fication. It is useful in applications like character recognition, speech classification, 

automatic defect analysis, and cartography. Most of these problems require work

ing with blocks larger than those of a typical VQ. However, the algorithms begin 

with low-level operations on small blocks, for which a VQ would be well suited. 



Combining VQ witii classification is natural because both techniques can be de

signed and implemented using methods from statistical clustering and classification 

trees. The goal of such a combination is to incorporate classification information 

into the codewords during codebook design. With such a codebook. certain features 

in an image can be classified automatically as part of the compression process [20] 

[21] [22] [23]. An algorithm proposed by Hilbert achieved joint compression and 

classification of Landsat images comprising eight different crop types [2-1:]. Over the 

years. V'Q has been employed to classify some e.xotic data such as speech sounds 

[25]. proteins [26]. bird songs [27], and oceanic signals [28]. 

Edge detection, line detection, edge linking, region splitting and merging are all 

examples of image segmentation tasks. Edge detection has been extensively com

bined with V'Q. In [29]. VQ was used to implement a fast gradient magnitude edge 

detector. The idea is to apply edge detection to each codeword in the codebook. 

The edge or no edge information is stored along with the codeword. Rapid edge 

detection can then be performed by VQ encoding and table lookup of the edge 

information. 

2.7.3 Visualization 

Scientific visualization is the use of computer graphics techniques to display 

complicated multi-dimensional data such as 3-D volumetric scalar fields. Such 3-D 

arrays of data commonly arise in many fields including medicine, astrophysics, and 
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meteorology. A prime example of a visualization technique is volume rendering, 

which treats the entire 3-D scalar field as a collection of sources and attenuators 

and integrates these contributions along the viewing direction to form a projected 

image of translucent volume. When V'Q is used for volume rendering, it provides 

storage savings as well as faster rendering [30] [31]. 

2.7.4 Reconstruction and Rendering 

Reconstruction involves building an object from images of its projections. It 

encompasses many methods of generating images from raw data. E.xamples include 

reconstruction of medical CT images from 1-D projections and reconstruction of 

synthetic aperture radar (SAR) images from complex radar returns. SAR is used to 

obtain high resolution images of the Earth and planetary bodies from aircraft and 

spacecraft. The system illuminates the target with microwaves and based on the 

reflected waves over a period of time, the target is reconstructed. Since the data 

rates with SAR are very high, compression is desirable. V'Q can be combined with 

the subsequent reconstruction task in order to reduce bandwidth and computational 

requirements [32]. A reconstruction technique for block-based transform-coded 

images transmitted over lossy packet networks was proposed and demonstrated in 

[33]. 

Rendering is the process of converting an image to a form suitable for a device 

or application. Halftoning refers to the rendering of multi-level (usually grayscale) 
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images to binary precision to make them accessible to binary devices such as black 

and white monitors and laser printers. Although the pixels in a halftoned image 

must be either black or white, the illusion of continuous tone can be created by 

carefully choosing the number and pattern of black pixels in a certain region. When 

dealing with large halftone images, data compression plays a critical role in reducing 

transmission delays and device memory requirements. In [34]. an algorithm was 

presented for the joint design of vector quantizer and haiftoner. It was shown that 

for a certain halftoning algorithm, a joint V'Q-halftoner gave better results than 

either first compressing and then halftoning or vice versa. .-\ VQ technique to 

perform inverse halftoning on error-diffused halftone images was presented in [35]. 
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CHAPTER 3 

BLUR IDENTIFICATION 

Blur identification is a crucial first step in many image restoration techniques. 

An approach for identifying image blur using vector quantizer encoder distortion 

is proposed in this chapter. The blur in an image is identified by choosing from a 

finite set of candidate blur functions. The method requires a set of training images 

produced by each of the blur candidates. Each of these sets is used to train a 

vector quantizer codebook. .-\.n image degraded by unknown blur is first encoded 

with each of these codebooks. The blur in the image is then estimated by choosing 

from among the candidates, the one corresponding to the codebook that provides 

the lowest encoder distortion. 

3.1 Blur Identification 

Image restoration is concerned with the removal of degradations with blur and 

noise being the two most common effects requiring treatment [36]. Image blurring 

results from a variety of sources such as the low-pass nature of the optical channel, 

camera or object motion during image acquisition, or defects in the optical system. 

Noise enters the recorded image in many ways, i.e., due to the stochastic nature 

of light, thermal noise in detector circuitry, or film grain noise. Many decades of 
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research in optics has shown that a linear, shift-invariant, mathematical relation 

given by 

provides a good working model for image formation [37]. In this equation. /(<^, f ) 

refers to the irradiance function of the object under observation in object plane 

coordinates and u. h{x,y) is the point spread function (PSF) of the optical 

system, gix.y) refers to the observed image irradiance function in image plane 

coordinates x and y. and n{x.y) is an additive noise process. Image restoration 

deals with the problem of recovering the object / from the degraded observation g. 

In much restoration work, the PSF is assumed to be known, simplifying the 

problem significantly. However, there is considerable interest in the more general 

restoration problem where the PSF is either unknown or only partially known. 

Image restoration must then encompass recovery of both the PSF and the object. 

.A technique for identification of the PSF from vector quantizer encoder distortion 

is presented in the next section. This approach differs significantly from the body 

of prior work in this area. Most e.xisting methods are based on one of the following: 

• Local image characteristics 

• Analysis of PSF spectral nulls 

• Joint estimation of the object and PSF 

-^.iJ - f)d^du + n(x.y) 
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Approaches in the first two categories divide the problem into two steps: blur 

identification and object restoration. In the first category, one attempts to make 

use of a singular feature in the recorded image to estimate the PSF of the optical 

system. In the second category, the methods are founded on an examination of the 

Fourier spectrum of the recorded image (or some nonlinear transformation of it). 

The location of spectral nulls can provide important information about the width 

and shape of the PSF. Many of the early restoration techniques fall into these two 

categories. They generally work well when the signal-to-noise ratio in the observed 

image is high, but, most encounter difficulties in significant levels of noise. .Much 

of the recent work in the area falls into the third category, in which sophisticated 

constrained optimization techniques are employed. Constraints are usually derived 

from prior knowledge about the object and PSF [38]. The only prior work bearing 

similarity to the work presented in this chapter is in [39], where the PSF estimate is 

chosen from a set of candidates according to a residual spectral matching criterion. 

The technique presented below also chooses the PSF from a set of candidates, but 

according to a very different criterion. 

3.2 Vector Quantization and Blur Identification 

In this section, a VQ technique will be presented for identifying blur in images. 

The identification procedure is independent of the restoration step that follows. 
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thereby allowing flexibility in the choice of the restoration technique. Two kinds of 

a priori knowledge are assumed: 

• The nature of the PSF 

• The class of images requiring processing 

The first item indicates the fact that some assumption is made about the blur 

function, e.g.. the blur is due to motion, camera defocus. etc. Given such informa

tion. a set of candidate PSF's can be hypothesized to represent a realistic range 

of possible variation. The second item acknowledges a fundamental fact regarding 

VQ, i.e.. a vector quantizer requires a large amount of training image data and 

the narrower the class of training images the better. Of course, the VQ will be of 

limited utility for encoding images that are dissimilar to the training data. 

Figure 3.1 depicts the overall processing architecture for V'Q-based blur identi

fication. .An array of VQ encoders operate on the blurred input image. Codebooks 

for these encoders are designed from image data blurred by each of the candidate 

PSF's. The procedure is to select from among the blur PSF candidates the one 

corresponding to the VQ encoder with smallest distortion. 

Let {fk}k=i ^ object images. Further, let the sets {hi}^_y and 

I  =  1 L  represent the blur function candidates and the corresponding sets 

of training images produced by blurring the object images with each candidate, 

respectively. Let denote the VQ encoder whose codebook is produced by training 
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Figure 3.1: Schematic of V'Q-based blur identification. Each encoder codebook is 
trained on data produced by a candidate blur function. The encoder providing the 
smallest distortion identifies the candidate closest to the unknown blur function. 
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on the image set The key quantity of interest required in identifying blur 

is the encoder distortion. An image degraded by an unknown blur function is 

subjected to an array of encoders. The performance of each of the encoders. Ei. is 

gauged by the mean squared error distortion measure. The distortion Di resulting 

from encoding an M x N input image g with encoder Ei can be written as 

m=0 n=0 

where g  =  E i { g )  is the vector quantized image. By computing the distortion using 

each of the available codebooks. the encoder that provides the lowest distortion is 

chosen, thereby yielding the best candidate blur function. The blur identification 

process can then be stated as 

h = hi such that i = arg min{D,}. 
'€{1 L }  

In order to ensure good identification performance, the object image subject to the 

unknown degradation should be similar in statistics to the object images in the 

training set. 

3.3 Modeling of Blur Functions 

Image blurs can be divided into two categories, based on the number of param

eters reciuired to specify them, as being single parameter or multiple parameter. 

Many common blurs such as motion, camera defocus, and long term atmospheric 
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turbulence fall into the first category. For simulation purposes, the single param

eter blur due to a diffraction-limited optical system with incoherent illumination 

is considered. A difFraction-limited optical system acts as a linear, shift-invariant, 

low-pass filter with a well understood passband response. The bandwidth of such 

a system is a function of wavelength and aperture (pupil) size and is the parameter 

to be identified in this work, .-\ssuming a circular pupil of diameter '2w. the pupil 

function can be written as 

P ( u .  t ' )  =  <  
I : 11^ + V- < w-

0 : otherwise. 

The optical transfer function (OTF). which is the Fourier transform of the point 

spread function, of a difFraction-limited incoherent imaging system can be e.xpressed 

as the normalized autocorrelation of the pupil function P(u. v) (expressed in pupil 

plane coordinates a and r). Therefore, the blur OTF (expressed in frecjuency plane 

coordinates and f y )  is 

H ( f x ' f y )  =  P { U '  o )  *  P { u ,  u )  

followed by normalization to unit volume [40]. For notational convenience, the 

scaling between the pupil and the frequency planes as a function of wavelength has 

been ignored. In the case of a circular pupil, the OTF expressed in terms of the 
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radial frequency distance. /. becomes 

H { f )  =  

•) 

arccos 
-'/o / 

0 : otherwise. 

The quantity '2fo is referred to as the optical cut-off frequency of the system and 

can be varied by simply changing the diameter of the pupil. It is this quantity that 

is varied to produce the candidate blur functions. 

3.4 Simulation Study 

In order to study the performance of the V'Q-based blur identificatioa technique, 

simulations were performed on blurred images. The LBG algorithm was employed 

to design the VQ codebooks [7]. Of an available fifty three images, twenty were 

used for training and the remaining thirty three made up the test set. The images 

were grayscale (S-bit) and of size 512 x 512. The candidate blur functions were 

chosen to correspond to diffraction-limited optical systems with cut-off frequencies 

of 0.25. 0.5. 0.75. and l.O times the folding frequency of the sampling grid. .A plot 

of the cross-sections of the optical transfer functions of the four candidate blurs is 

illustrated in Figure 3.2. The training set of twenty images was blurred with each 

of these blur functions to produce four corresponding sets of blurred images, which 

in turn were used to design four VQ codebooks (using the LBG algorithm). 

In designing the codebooks. different block sizes (dimensionalities) for the VQ 

were initially considered. Eventually, a block size of 3x3 was selected based upon 
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Figure 3.2: Cross-sections of the optical transfer functions of the candidate blurs 
used to test the V^Q-based blur identification technique. 

its identification performance. Table 3.1 shows the confusion matrices for various 

codebook sizes (bit rates), when no noise was added to the bUirred imagery. The 

confusion matrix, C, is to be interpreted as follows. .An element in the matri.x. 

Cij = P(Blur cut-off is identified as j when it is actually i) 

where the row i £ {0.25.0.3,0.5.0.75, l.O}, the set of test blur functions and the 

column j € {0.25,0.5.0.75,1.0}, the set of candidate blur functions. Each entry 

in the matrix is a probability (relative frequency) and the entries of each row 

add to one. When the system is presented with a blur (of cut-off equal to 0.3) 

that is not among the candidates, it behaves predictably and picks the "closest" 

available candidate (blur with cut-off of 0.25) with the highest probability. It can 
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be seen from the table that the identification accuracy fluctuates with size of the 

codebook (rate of the VQ). However, there is no single codebook that yields the 

best identification performance across all blur functions. For instance, a codebook 

of size 512 performs the best when the true blur cut-off is 0.25. whereas a codebook 

of size 163S4 is superior with a true blur cut-off of 0.5, and so on. Therefore, a 

larger codebook does not necessarily lead to better identification accuracy. The 

normalized VQ encoder distortion curves for test blur cut-ofFs of 0.25. 0.5. 0.75. 

and l.O. obtained by averaging over the entire test set. are in Figure .•}.;{ for a 

codebook size of 409(1. Figure 3.4 is a normalized VQ encoder distortion curve 

corresponding to a test blur cut-off of 0..'}. which is not among the candidates. 

The system behaves predictably in this case and picks the "nearest neighbor" from 

among the candidates. 

Tables 3.2-3.5 reflect the performance of the system at signal-to-noise ratios of 

30 dB. 20 dB. 10 dB. and 0 dB. respectively. The signal-to-noise ratio (.SNR). 

measured with respect to the blurred image, is defined to be 

The noise added to the blurred imagery was white, signal-independent, and Gaussian-

distributed. The VQ codebooks were trained and tested on images at the same 

signal-to-noise ratio. .\s to be expected, the performance of the system deterio

rates with decreasing SNR. The system performance degrades gracefully, however. 

Variance of the Blurred Image 

Variance of the Noise 
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and reasonable identification accuracy is obtained even at an SNR of 10 dB. When 

identification errors are made, they are most often "nearest neighbor" errors, and 

the chosen PSF is "close"' to the true PSF. 

In order to get a deeper understanding of how the SNR of the imagery affects 

the performance of the system, the reader is referred to Figure 3.0. The normal

ized VQ encoder distortion (for a codebook size of 4096 and a test blur cut-off of 

0.5) obtained by averaging over all test images is plotted at different SNR,"s. The 

normalization was performed such that the ma.ximum distortion in the case of each 

S.N'R was made one. It can be seen that as the SNR decreases, the distortion curve 

becomes flatter, rendering the identification process more difficult. 

Table 3.6 reflects the performance of the system, when five blur function can

didates with cut-offs of 0.2. 0..3, O.o. 0.75. and l.O are employed. In this case, an 

element in the confusion matri.x is 

Cij = P(Blur cut-off is identified as j when it is actually /) 

where i . j  € {0.2,0.3.0.5.0.75.1.0}. Comparing this table to Table 3.1. it can be 

inferred that the "confusion" increases with the number as well as the relative 

"closeness"' of the candidates. 

The results presented in this section were obtained from images outside the 

training set used to design the vector quantizers. The test and the training images 

contained aerial views of urban areas and were therefore statistically similar. Good 
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training data is critical to the performance of the system. For example, when the 

system was trained on images with aerial views of urban areas, but tested on facial 

portraits, there was a significant degradation in its performance. 

Comparisons of the results reported here with others from the literature are diffi

cult at best. Many techniques assume a continuum of blur functions parameterized 

in some simple way (such as filter coefficients [41]), while the work reported here 

assumes a (small) finite class of blur functions. In [39], an approach compatible 

to that described here is used, and a finite number of candidate blur functions are 

employed. The performance of that system appears to follow similar trends when 

compared to the system described here. Unfortunately, the results in [39] (as well 

as most results for even the continuous family of blur functions) are reported for 

a single representative image. Thus, statistical statements about the performance 

of that system can not be made. For this reason, the confusion matrix was intro

duced as a figure of merit for this work. From this matrix, it is possible to infer 

the average level of performance that can be expected. 

The complexity of the V'Q-based blur identification system is as follows. Let 

the system employ L candidate blurs and a x-dimensional V'Q with a codebook of 

size A'. Then, the identification procedure requires LX distortion evaluations with 

each such evaluation involving r — I additions and x multiplications for the squared 

error distortion. 
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Codebook Size Confusion Matrix 

128 0.9394 0.0606 0 0 
0.7273 0.2727 0 0 

0 0.9394 0.0606 0 

0 0.1515 0.6970 0.1515 
0 0.0606 0.2121 0.7273 

512 1.0000 0 0 0 

0.S485 0.1515 0 0 
0.0303 0.9697 0 0 

0 0.1515 0.7879 0.0606 
0 0 0.3030 0.6970 

4096 0.9394 0.0606 0 0 
0.8788 0.1212 0 0 

0.0303 0.9697 0 0 
0 0.0909 0.9091 0 
0 0 0.2121 0.7879 

163S4 0.9394 0.0606 0 0 

0.9394 0.0606 0 0 
0 1.0000 0 0 
0 0.1212 0.8788 0 
0 0 0.2727 0.7273 

Table 3.1: Confusion matrices for different VQ codebook sizes. No noise was added 
to the blurred imagery. 
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Figure 3.3: VQ encoder distortion curves (codebook size = 4096) obtained by 
averaging over the entire test set. No noise was added to the blurred imagery. 
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Figure 3.-1: VQ encoder distortion curve (codebook size = 4096) obtained by av

eraging over the entire test set. No noise was added to the blurred imagery. The 
test blur is not one of the candidate blurs. 
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Figure 3.5: Normalized VQ encoder distortion curves (codebook size = 4096) ob
tained by averaging over the entire test set are shown for different signal-to-noise 
ratios. 
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Codebook Size Confusion Matrix 

128 0.9394 0.0606 0 0 
0.7273 0.2727 0 0 

0 1.0000 0 0 

0 0.2424 0.6061 0.1515 
0 0.0303 0.2424 0.7273 

512 1.0000 0 0 0 
0.8485 0.1515 0 0 
0.0303 0.9697 0 0 

0 0.1515 0.7576 0.0909 
0 0.0303 0.3030 0.6667 

4096 0.9394 0.0606 0 0 
0.8788 0.1212 0 0 
0.0303 0.9697 0 0 

0 0.1212 0.S485 0.0303 

0 0 0.2121 0.7879 

16384 0.9394 0.0606 0 0 

0.9394 0.0606 0 0 
0 1.0000 0 0 
0 0.1818 0.8182 0 
0 0 0.2121 0.7879 

Table 3.2: Confusion matrices for different VQ codebook sizes. SNR of the blurred 
imagery = 30 dB. 
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Codebook Size Confusion .Vlatrix 

128 0.9394 0.0606 0 0 
0.7879 0.2121 0 0 

0 1.0000 0 0 
0 0.2727 0.5455 0.18 IS 
0 0.0909 0.1212 0.7879 

512 1.0000 0 0 0 
0.8485 0.1515 0 0 
0.0303 0.9394 0.0303 0 

0 0.1212 0.7576 0.1212 
0 0 0.2424 0.7576 

4096 1.0000 0 0 0 
0.9697 0.0303 0 0 

0.0303 0.9697 0 0 
0 0.1515 0.8485 0 
0 0 0.2424 0.7576 

16384 1.0000 0 0 0 

1.0000 0 0 0 
0.0303 0.9697 0 0 

0 0.2424 0.7576 0 
0 0 0.2727 0.7273 

Table 3.3: Confusion matrices for different V'Q codebook sizes. SNR of the blurred 
imagery = 20 dB. 



Codebook Size Confusion .\Iatri.K 

128 0.9091 0.0909 0 0 
0.6970 0.3030 0 0 
0.0303 0.8788 0.0909 0 

0 0.2424 0.3939 0.3636 
0 0.1212 0.0909 0.7879 

.512 0.9394 0.0606 0 0 
0.8788 0.1212 0 0 
0.0909 0.9091 0 0 

0 0.2121 0.6061 0.1818 
0 0.0909 0.1818 0.7273 

4096 0.9394 0.0606 0 0 
0.8485 0.1515 0 0 
0.0909 0.8788 0.0303 0 

0 0.2424 0.7576 0 
0 0.1212 0.1515 0.7273 

16384 0.9394 0.0606 0 0 
0.8485 0.1515 0 0 
0.1515 0.8485 0 0 
0.0303 0.2424 0.7273 0 

0 0.0909 0.3636 0.5455 

Table 3.4: Confusion matrices for different VQ codebook sizes. SNR of the blurred 
imagery = 10 dB. 
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Codebook Size Confusion Matrix 

12S 0.6364 0.2121 0.0909 0.0606 

0.5152 0.3030 0.0303 0.1515 
0.1212 0.4545 0.1515 0.2727 
0.0606 O.lSlS O.ISIS 0.575S 
0.0303 0.0606 0.1212 0.7S79 

512 0.7576 O.ISIS 0 0.0606 
0.6667 O.ISIS 0.0909 0.0606 
0.3333 0.3636 0.1515 0.1515 

0.1515 0.1212 0.484S 0.2424 
0.0606 0.1515 0.1515 0.6364 

4096 0.S7S8 0.0606 0.0303 0.0303 
0.7576 0.1515 0.0303 0.0606 
0.5455 0.2727 0.0909 0.0909 

0.181S 0.4545 0.1515 0.2121 

0.0909 0.1515 0.4545 0.3030 

163S4 0.S7SS 0.0606 0.0303 0.0303 

0.S1S2 0.1212 0.0303 0.0303 
0.575S 0.2727 0.0606 0.0909 
O.ISIS 0.5152 0.1212 O.ISIS 
0.0909 0.2121 0.4242 0.2727 

Table 3.5: Confusion matrices for different VQ codebook sizes. SNR of the blurred 
imagery = 0 dB. 
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Codebook Size Confusion Matri.\ 
12S 0.7576 0.2424 0 0 0 

0.0606 0.8788 0.0606 0 0 
0 0.0606 0.8788 0.0606 0 
0 0 0.1515 0.6970 0.1515 
0 0 0.0606 0.2121 0.7273 

512 0.9091 0.0909 0 0 0 
0.0303 0.9394 0.0303 0 0 

0 0.0606 0.9394 0 0 
0 0 0.1515 0.7879 0.0606 
0 0 0 0.3030 0.6970 

4096 0.8182 0.1818 0 0 0 
0.0303 0.9394 0.0303 0 0 

0 0.0606 0.9394 0 0 
0 0 0.0909 0.9091 0 
0 0 0 0.2121 0.7879 

16384 0.8485 0.1515 0 0 0 

0.0303 0.9091 0.0606 0 0 
0 0.0606 0.9394 0 0 
0 0 0.1212 0.8788 0 
0 0 0 0.2727 0.7273 

Table 3.6: Confusion matrices from using five candidate blur functions. No noise 
was added to the blurred imagery. 
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CHAPTER 4 

SUPERRESOLUTION 

The VQ-based method to be presented in this chapter is designed to achieve 

restoration and especially superresolution of imagery. In [10]. an NLIVQ technique 

that addressed the classical problem of removing blur caused by a diffraction-limited 

incoherent optical system was presented. The technique could provide simultane

ous compression as well. It was shown to achieve passband restoration as well 

as a modest degree of superresolution. However, since the VQ operated on non-

overlapping image blocks, the restored image was encumbered by the well known 

blocking artifacts. .As a result of the compression and the artifacts, the superreso

lution performance of the technic[ue suffered. refined NLIV'Q is to be introduced 

that makes use of overlapping blocks during the encoding and decoding processes. 

It is therefore able to eliminate the blocking artifacts resulting in superior restored 

images as well as provide impressive superresolution. However, due to the lapped 

nature of the technique, the compression aspect of the original NLIVQ is lost. The 

non-overlapped NLIVQ in [10] as well as the lapped technique to be presented 

make use of the discrete cosine transform to control the comple.xity of the design 

and operation of the VQ encoder. 
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4.1 The Discrete Cosine Transform 

The two-dimensional M  x M  discrete cosine transform (DCT) pair consists of 

a forward relation given by 

M - l  .u-i 

F { u .  I') = a({i)Q(r) EE f { x , y } c o s  
f2x -f 1 ]UT 

W i  r=0 y=0 

for u. t? = 0,1.2. • • • , M — 1. and an inverse relation 

cos 
(2 ;/ -f Ut'TT 

(4.1; 

.V/-1 .U-1 

/ ( x . ( / )  =  ̂  ̂  a { u ) a { v ) F { u .  u ) c o s  
u=0 u=0 

(2J: -h l)u7r 

2 M  
cos 

(•2y + l)fT 

2.\/ 
(4.2) 

for X .  // = 0.1.2. • • • . M — 1. where 

a ( w )  =  < 

: a-= L2.--- ..V/- L 

The discrete cosine transform is typically applied to an image as illustrated in 

F i g u r e  4 . 1 .  T h e  i m a g e  i s  f i r s t  s e g m e n t e d  i n t o  n o n - o v e r l a p p i n g  b l o c k s  o f  s i z e  M  x  M .  

The DCT is then applied to each block as in Ec(uation 4.1. .\n M x .\[ DCT consists 

of Af ' basis images, each representing a unique spatial frequency. The application 

of DCT to an image block is simply the projection of that block onto the basis 

images. The transformed block contains coefficients which are unique to the image 

block, i.e.. the DCT is a one-to-one mapping between the spatial and frequency 

domains. 

The coefficient corresponding to a frequency of zero in both spatial directions, 

i.e., ti = y = 0, is referred to as the "'DC coefficient"'. The remaining coefficients 
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Figure 4.1: (a) An .Vi x .V t image divided into .Vei..Ve'2 blocks, each of size M x .\[. 
(b) An Af X \f discrete cosine transformed block. 

in the DCT block are referred to as the " A C  coefficients'". The DCT derives its 

strength from the fact that it can compact the energy in a typical image block into 

a few low-frec[uency coefficients. 

The inverse DCT reconstructs an image block from the corresponding DCT 

block as indicated in Equation 4.2. The coefficients can be thought of as weighting 

factors for the basis images in the inverse transformation process. 

4.2 Restoration and Superresolution 

The field of restoration deals with the recovery of an image from its degraded 

version [36]. The degradations usually include blur and noise. The image formation 

model considered in this work is of the form 

g i x . y )  =  h { x . y ) *  +  n { x , y )  
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where * refers to 2-D convolution. In the model. f { x . y )  is the object being im

aged. The point spread function, /i(.r.(/). represents the blurring introduced by the 

imaging system. The process. n(x,tj). refers to the noise that enters the recorded 

image. g(x,y). The above model corresponds to a linear, shift-invariant system 

with a well-defined OTF. H{u,v). Estimating /{x.y), given g(x.y), h{x.y), and 

(possibly) some a priori knowledge of f{x.y), is an inverse problem that is ill-posed 

at best with noise and singularities of the imaging system being the culprits. 

There are several techniques that have been developed to restore images afflicted 

by blur and noise. Perhaps, the most well known of these is Wiener filtering. This 

filter owes its popularity to the facts that it is linear and also optimal in a mean 

squared error sense. The general form of the Wiener filter in the frequency domain 

is 

|//(tz. v ) \ ' P j f { u .  v )  -I- P n n i u .  c )  

where H ' { u . v )  is the complex conjugate of H { u . v ) .  P f j { u . o )  and P„n(u.y) refer 

to the power spectral densities of the object and noise processes, respectively. The 

filter is completely determined by the power spectra of the object and noise and 

the OTF of the imaging system. 

Superresolution is most frequently necessary because of one of the fundamental 

properties of practical optical systems, i.e.. diffraction. This phenomenon limits the 

resolution achievable by optical systems of finite aperture. The transfer function of 
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such systems allows only a limited amount of object frequency information to pass 

through (referred to as the passband) while blocking the rest. The OTF determines 

how frequency information in the object is transferred into the image. In such a 

case, superresolution is concerned with restoring the object spectrum within the 

passband of the OTF as well as recovering meaningful information beyond the cut

off frequency of the optical system. In its most general form, superresolution can be 

defined as the process of recovering object information at those spatial frequencies 

where the OTF of the blur function is zero. 

The image formation process with a linear system can be e.xpressed in the fre

quency domain as 

(7(u. t') = H { u ,  u ) F { u ,  t') 

assuming no noise. In order to recover the object, a simple rearrangement of the 

above equation leads to 

n r  ,  G { u . u )  

H ( u .  u )  

The above equation defines object frequency information only for those values of 

H[u. v) ̂  0. This means that the object information at spatial frequencies outside 

the region of support of the OTF cannot be determined uniquely, since any finite 

value for F(u.u) would be consistent with the equation. Fortunately, there is 

more information that can be used to recover F(u. v) from G(u, v). This additional 

information typically includes the support (object has compact support), positivity 
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(object is non-negative due to the physical nature of light), and intensity (bounds 

on the object intensity) constraints. 

The possibility of superresolution is well founded in theory. It is known that 

the Fourier transform of a spatially limited function is analytic over the entire 

frequency plane, i.e.. it is infinitely differentiable everywhere in the plane. For such 

an analytic function, it is possible to recover the entire function unicjuely (by using 

a Taylor's series e.xpansion for instance) with the knowledge of the function over 

only an arbitrarily small region in that plane. This procedure is referred to as 

analytic continuation [-10]. In any imaging system, the image information arises 

only from a finite portion of the object spectrum, namely, that portion passed by 

the transfer function of the system. If this finite portion of the object spectrum 

can be determined exactly from the image, then, for a bounded object, the entire 

object spectrum can be found using analytic continuation. 

Image restoration techniques can be classified as being linear or nonlinear. Lin

ear. shift-invariant techniques such as inverse and Wiener filtering perform well in 

restoring information inside the passband of the imaging system but are incapable 

of extracting any information outside it [42]. This is readily observable in the 

case of the Wiener filter from Equation 4.3 since ^^(u. v) reduces to zero wherever 

H{u, u) = 0. .An interesting example of a linear (but shift-variant) technique capa

ble of superresolving is the iterative Gerchberg-Papoulis algorithm, also known as 
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a projection onto convex sets (POCS) algorithm [43] [44]. However, most super-

resolution methods are nonlinear in nature. E.xamples include Bayesian estimation 

techniques such as ma.ximum entropy and ma.ximum a posteriori estimation [45]. 

For information on the history, principles, and practice of image superresolution. 

the reader is referred to [46]. 

4.;} Lapped .N'LIVQ 

The lapped .^LIV'Q to be presented is a refinement to the technique published 

in [10]. Therefore, it would be instructive to study the original NLIVQ, which was 

developed to achieve restoration of images. The motivation and details of that 

technique are presented below. 

Figure 2.5 illustrates the processing of image blocks through NLIVQ. The design 

of the .NLIVQ can be split into two phases: the encoder codebook design and the 

decoder codebook design. Of these two phases, the design of the encoder codebook 

C is more critical. The decoder codebook C'  is derived directly from C.  The usual 

procedure to design the codebook C is to employ an iterative approach such as 

the LBG algorithm [7]. .Although this algorithm is simple to implement, it comes 

with a heavy computational requirement. .Also, it limits the VQ to small block 

sizes and low encoding rates, which are not conducive for restoration. This was the 

motivation for the authors of [10] to develop their technique shown in Figure 4.2. 

The NLIVQ operates on non-overlapping image blocks and employs the DCT as 
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Figure 4.2: Non-overlapped NLIVQ algorithm for restoration 

a complexity controlling measure in the encoder. The design procedure requires 

a  t r a i n i n g  s e t  c o n s i s t i n g  o f  p a i r s  o f  o r i g i n a l  a n d  b l u r r e d  i m a g e s .  { F ' I t  

is assumed that the original images in the training set are similar in statistical 

characteristics to those that the VQ would be used to restore. Let and (j'-' be 

block j from the images F' and G''. respectively. 

DCT-based Encoder Design 

• Given input blocks g'^ of size M x M from the iV blurred training images, 

determine the DCT of each block. 
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• For an encoding rate of R  bits per pixel, allocate the available R M -  bits 

among the coefficients in a DCT block to minimize the mean squared quan

tization error. 

• If ''mn is the number of bits allocated to the ( m . n )  DCT coefficient, design 

a Lloyd-Max scalar c[uantizer having 2''""' levels assuming a Laplacian distri

bution for that coefficient. 

• Define the fi.xed-length encoder codeword index as the concatenation of the 

binary codes for the scalar quantized coefficients in a block. 

Using the DCT has two noteworthy advantages over the LBG approach. First, 

the above algorithm is non-iterative and thus less computationally intensive than 

the LBG algorithm. The second advantage comes in the form of storage savings 

due to the non-necessity of recording the codebook C. Only the parameters needed 

to define the DCT-based encoder have to be stored. 

The next step is to compute the decoder codebook C". which follows directly 

from the encoder design in a straightforward fashion. 

Decoder Design 

• For each input blurred block, g^-'. compute the index produced by the encoder 

a s  E { g ' ^ )  =  q .  
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• Add the corresponding unblurred block /'•' to the running sum a'^ and incre

m e n t  t h e  c o u n t e r  s ' ^  f o r  t h e  c o d e w o r d  i n d e x  q .  

• Once all blocks in the training set have been exhausted, compute each code

word in C' as the average of the appropriate running sum as 

. I . 
S 

Once the V'Q has been designed, it is used to restore an image as follows. The 

blurred image is first divided into non-overlapping blocks and the DCT applied to 

every block. quantization index is generated for each DCT block in an exactly 

similar fashion to how it is done during the encoder design phase. This index 

is then used to find the appropriate codeword from the decoder codebook C". 

This codeword forms a block in the restored/decompressed image. Therefore, each 

block in the blurred image maps to a block of equal size in the restored image, as 

illustrated in Figure 4.3. 

Restoration of one M  x M  image block requires the calculation of its DCT. scalar 

quantization of the DCT coefficients, and a table lookup operation. With a fast co

sine transform, the computational complexity of these calculations is 0( .V/-log2;V/^) 

a n d  i s  r o u g h l y  i n d e p e n d e n t  o f  t h e  e n c o d i n g  r a t e  { R ) .  

Design of the lapped VQ is exactly as described above. However, the operation 

of the VQ on blurred images is different. The VQ encoding and decoding are done 

on overlapping image blocks. A block in the blurred image maps to a subblock in 
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the restored image. For example. 4x4 input blocks may map to 2 x 2 or 1 x 1 

subblocks of a single block in the restored image. With 3 x 3 blocks in the input 

image, they may map to a single pi.xel (the center pixel of the restored block) in 

the output image. This mapping process is shown in Figure 4.4. 

Restored Blocks Blurred Blocks 

Figure 4.3: .Non-overlapping image blocks used in restoration. 

Blurred Blocks Restored Pixels 

Figure 4.4: Overlapping image blocks used in restoration. 

4.4 Simulation Study 

The simulation experiments involved using a diffraction-limited blur function 

with a cut-off frequency equal to half the folding frequency. The optical transfer 

function of the blur is shown in Figure 4.5. Such a blur function corresponds to an 
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Figure 4.5: Optical transfer function of a difFraction-limited blur function corre
sponding to an incoherent imaging system with a cut-off frequency equal to half 

the folding frequency. 

incoherent imaging system that is linear and shift-invariant. The blur was described 

at length in Section 3.3. 

Since the goal is superresolution. the lapped VQ algorithm was applied to mean-

removed image blocks. This allowed all of the available bits to be used in represent

ing the AC information in a block, resulting in better restored blocks. Estimation 

of the mean of each block was dealt as a separate problem. The blurred image was 

processed with a Wiener filter. The resulting filtered image was divided into blocks 

and the mean of each block was added to the corresponding VQ restored block. 

•A. 3 X 3 block in the blurred image was mapped to one pixel (center pixel of the 

3 X 3 restored block) in the restored image. The training set for the VQ algorithm 
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consisted of fifty three grayscale images of size 512 x 512. The images depicted 

aerial views of residential areas, farmlands, airports, and so on. 

An image (of size 512 x 512) of the same class but outside the training set was 

used to test the algorithm. A 200 x 200 crop of it is shown in Figure 4.6. The 

diffraction-limited version of the test image is at a PSNR of 22.55 dB and a crop of 

it is Figure -1.7. Crops of the restored images from using the non-overlapped and 

lapped algorithms are Figure 4.S and Figure 4.9. respectively. .A. total of 22 bits 

(8 bits for the DC coefficient restored using the Wiener filter and 1-1 bits for the 

.\C coefficients) were allocated to the cjuantization of each DCT block. The step 

artifacts that arc present in Figure 4.8 have been virtually eliminated in Figure 

4.9. resulting in a significant qualitative improvement. This is matched by a PSNR 

improvement of 1.30 dB. Table 4.1 compares the quantitative performance of the 

non-overlapped and lapped VQ algorithms at different bit budgets. The PSNR 

initially increases with the number of bits used per block but then starts to decline. 

.As more bits are spent in quantizing a block, the number of training blocks must 

be increased in tandem to maintain an effective training ratio. However, only a 

fixed number of training blocks was available during the simulations which fettered 

the performance of the VQ. Experiments on various test images showed that the 

PSNR values of images processed using the lapped algorithm usually improved by 

1 to 2 dB over those in the non-overlapped case. 
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^ bits per Non-overlapped Lapped 
3 X 3 block NLIVQ NLIVQ 

12 24.46 25.81 

16 24.91 26.10 

20 25.13 26.32 

22 25.14 26.44 

24 24.86 26.23 

Table 4.1: PSNR((1B) values of the restored images. 

In order to study the superresolution performance of the lapped algorithm, it 

is instructive to compare the spectra of the images rather than the images them

selves. Initial experiments with various natural test images revealed considerable 

difficulty in ascertaining superresolution by inspection of the spectra. This is due 

to the fact that natural images lack strong spectral features at high frec[uencies. 

thereby hampering visual comparisons. This prompted the simulation of the arti

ficial image shown in Figure 4.10. This image has energy distributed throughout 

the entire spectrum as can be seen in Figure 4.11. Figure 4.12 is the spectrum of 

the corresponding diffraction-limited image. The spectrum can be seen to be com

pletely null outside the passband (of the blurring function). Using a Wiener filter 

on the blurred image results in Figure 4.13. It clearly demonstrates the inability 

of the Wiener filter to restore information beyond the passband. Finally. Figure 

4.14 shows the spectrum corresponding to the restored image from using the lapped 
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NLIVQ algorithm. Comparing this to the original spectrum reveals that the infor

mation retrieved beyond the passband is meaningful which implies the occurrence 

of superresolution. 
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Figure 4.6: k crop of the original image. 

Figure 4.7: The difFraction-limited image corresponding to Figure 4.6 



Figure -l.S: The restored image using non-overlapped .N'LIV'Q. 

Figure 4.9: The restored image using lapped NLIVQ. 



Figure 4.10: Simulated test image. 

Figure 4.11: Magnitude of the Fourier transform of the test image plotted on a 

l+logio[-] scale. 
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Figure 4.12: Magnitude of the Fourier transform of the diffraction-hmited image 

plotted on a l + logiof-] scale. 

Figure 4.13: Magnitude of the Fourier transform of the Wiener restored image 

plotted on a i+logipf-] scale. 



Figure 4.14: Magnitude of the Fourier transform of the lapped NLIVQ restored 
image plotted on a l+logio[-] scale. 
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CHAPTER 5 

JOINT COMPRESSION AND RESTORATION 

Combining compression and restoration in one step is challenging because of the 

nature of their goals. While lossy compression trades image fidelity for bit savings, 

restoration seeks to enhance the quality of the image. However, the degradations 

involved are quite different and therefore combining the two tasks is feasible. V'Q 

is a good choice for this problem since it is block-based and because of the inherent 

compression it offers. 

•An .^ILIVQ technique is to be introduced in this chapter that achieves joint 

compression and restoration, as outlined in Figure 5.1. The restoration is performed 

entirely in the wavelet transform domain. If the LBG algorithm [7] is deployed to 

design the V'Q. it would limit the use of the VQ to low encoding rates. In [10]. a 

non-iterative design approach using non-overlapping image blocks was proposed to 

overcome this problem. This approach allowed the use of higher rates and yielded 

good restoration results. However, the decompressed images suffered from the well 

known blocking artifacts. Later, an improved version of the algorithm employing 

overlapping blocks appeared in [3]. This eliminated the blocking artifacts and 

produced restored images of significantly better quality. Only, with the use of 
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Figure 5.1; Restoration in the wavelet transform domain. 

overlapping blocks, no compression was achieved. This provided the motivation for 

the wavelet-based NLIV'Q approach to be described. 

0.1 The Wavelet Transform 

The wavelet transform has in recent years found itself being used in a plethora of 

image processing applications such as coding, denoising, fusion, and edge detection. 

While most transforms provide good time (space for two-dimensional data like 

images) localization or frec[uency localization, the wavelet transformation is capable 

of excellent localization in both time and frec[uency domains. 

0.1.1 The Continuous Wavelet Transform 

Let be a square integrable signal. The continuous wavelet transform of s { t )  

is essentially a collection of inner products of the signal with a set of analyzing 
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functions. 

W { a . b )  =  { s { t ) , i P a . b { t ) )  =  j  (5.1) 

where * denotes complex conjugation. The analyzing functions are derived as the 

scalings and translations of a function referred to as the inolhtr ivavtlel 

The variables a and 6 are real-valued and are referred to as the scaling and transla

tion parameters, respectively. Increasing a stretches tv(t — 6) in time, leading to a 

dilation of the function, while decreasing it causes contraction. Changing b causes 

the function to slide along the time axis resulting in translation. 

In order to reconstruct the original signal s { t )  from its projections, an inverse 

wavelet transformation in the form of 

could be used, where C is a normalization constant determined by iL'(t). 

function e'(0 should satisfy the following conditions in order to be called a 

mother wavelet: 

I. The function integrates to zero: 

(5.2) 
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2. The function has finite energy; 

f \ii'(t)\'dl < cc. 
J  — • »  

3. The Fourier transform ^{w) of is such that 

^ r ^ 

J - y o  l « ^ l  

This is the admissibility condition on i l ' ( t )  that ensures the perfect recon

struction of the signal s{t) from Wia^b) via Equation 5.3. 

To understand the analyzing capability of the wavelet transform, it would be 

instructive to study the effects of a and 6 on the analyzing functions iVa,b(t)- For 

large values of a. the analyzing functions are wide and hence the energy in their 

spectra is concentrated in the low frequencies. .As a result, the low frequency 

information in the signal is captured by the analyzing functions with large values 

of a. Similarly, small values of a cause the analyzing functions to capture the 

high frequency information in the signal. Thus, varying a allows the transform to 

analyze signal information at different scales of frequency. The variable, h. on the 

other hand, allows the transform to analyze the signal at different time scales. 

5.1.2 The Discrete Wavelet Transform 

The wavelet transform in Equation 5.1 with a continuous range of values for a  

and h provides a redundant representation in the sense that the entire support of 
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W { a ,  b )  need not be used to recover the signal. One way to remove this redundancy 

is to restrict a and b to be such that a = 2^' and b = '2^1 where k and I are integers. 

This corresponds to sampling the coordinates (a, b) on a grid such as the one shown 

in Figure o.'2. This process is called dyadic sampling because consecutive values of 

the discrete scales as well as the corresponding sampling intervals differ by a factor 

of two. The resulting transform is then known as the discrete wavelet transform 

(DWT) and is given by 

w { k .  / )  =  J 
The corresponding inverse transform can be written as 

oo 

. s ( / ) = c  ^  ̂  2 * / ( 0  
t=—OO /=—>0 

where c is a normalization constant. 

.\n orthonormal basis is obtained when 

-  l ' )  

where 

I  :  X  —  y  
6 { x  -  I / )  =  ̂  

0 : X  ^  y  
k 

is the Kroneker delta function. 

Methods to construct orthonormal bases are based on the theory of multires-

olution analysis [47] [48]. This theory also provides the crucial link between the 

discrete wavelet transform and filter banks [49] [50] . 
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a  

b  

Figure 5.2: Tiling of the time-frequency plane as a result of dyadic sampling of the 

continuous wavelet transform. 
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Figure 5.3: A filter bank implementation of the discrete wavelet transform. 

The one-dimensional DVVT of discrete sequences can be implemented using dig

ital filters. Figure .5.3 shows a two-band realization. sequence x(n) is input to a 

pair of analysis filters, i.e.. a low-pass filter k(n) and a high-pass filter </(«). The 

outputs of these filters are then downsampled by a factor of two to eliminate the 

r e d u n d a n c y  i n  t h e m ,  t o  f o r m  t h e  r e f e r e n c e  s i g n a l  r ( n )  a n d  t h e  d e t a i l  s i g n a l  c / ( n ) .  

The procedure of generating r{n) and d(n} is known as a one-level decomposition 

of .r(rt). 

During the synthesis phase. r ( n )  and d ( n )  are upsampled by a factor of two. The 

u p s a m p l e d  s e q u e n c e s  a r e  t h e n  f e d  t h r o u g h  t h e  s y n t h e s i s  f i l t e r s  h  ( n )  a n d  g  ( n ) .  

respectively. If the analysis and synthesis filters are designed to achieve perfect 

reconstruction, the sum of the two filtered signals would yield //(n) = A.v(ri — n,i). 

where A and nj are the gain and delay of the system, respectively. 
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Requiring tlie wavelet expansion system to be orthogonal across both transla

tions and scahngs provides a clean, robust, and symmetric formulation. In such a 

case, the corresponding analysis and synthesis filters satisfy the condition. 

I i  ( n )  =  h (  —  n )  and g  (ri) =  g {  —  n ) .  

However, the orthogonality requirement places strong limitations on the possibil

ities of the system. It consumes a large number of degrees of freedom, results in 

complicated design ecjuations. and does not give linear-phase analysis and synthesis 

filters. This motivates the development of a biorthogonal wavelet system using a 

non-orthogonal basis and a dual basis which satisfy 

The corresponding filters have to be related (upto some constant factors) as 

h  ( n )  =  (  — —  n )  and g  (n) = ( —l)"/i(l — n )  

in order to perfectly reconstruct a sequence. 

The separable 2-0 discrete wavelet transform can be applied to an image using a 

filter bank as exemplified by Figure 5.4. The transform is accomplished by applying 

the 1-D transform on each row and column. The rows of the image are first filtered 

using a low-pass and a high-pass filter, followed by downsampling by a factor of 

two. to produce two images at half the original width. The columns of each of these 

images are then subjected to a low-pass and high-pass filtering operation, followed 
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rows 

columns 

L H  

Image rows 

rows 

columns 
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HPF 

h(n) 

LPF 

h(n) 

LPF 

h(n) 

LPF 

g(n) 

HPF 

g(n) 

HPF 

Figure 5.4: Wavelet decomposition of an image using filters. 

by downsampling by a factor of two. This results in four images called subbands. 

each one-fourth the size of the original image. The above procedure is a one-

level decomposition of the image. .\ second level of decomposition would involve 

applying the 2-0 transform to the subband images. The image can be perfectly 

reconstructed from the subbands using a suitably designed bank of synthesis filters. 

•A. variety of wavelet decompositions are possible, depending on the subband 

splitting strategy. One such splitting strategy, which will be used later in this 

chapter, is referred to as the uniform decomposition. Figure 5.5 shows a "i-level 

uniform decomposition of an image. The labeling of a subband in the figure in

dicates the type and sequence of filters that were applied to the original image in 
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LL, LL LH, LL HL, LL HH, LL 

LL LH LH, LH HLLH HH,LH 

LL HL LH, HL HL, HL HH, HL 

LL, HH LH, HH HL, HH HH,HH 

Figure 5.5: A 2-level uniform subband decomposition of an image. 

order to obtain that subband [ L  and //refer to the low-pass and high-pass filters, 

respectively). 

5.2 System Design Strategy 

The restoration is performed entirely in the wavelet transform domain. .-Vn 

appropriate NLIVQ is designed using a set of training images as follows. .\n m-level 

uniform subband decomposition is first performed on each training image resulting 

in 4"^ equal-sized subbands. Spatially corresponding coefficients from each band 

are combined to form blocks of size 2*" x 2"*. These wavelet coefficient blocks 

are treated as the VQ training vectors. The formation of the training vectors is 
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illustrated in Figure 5.6 for the case of 2-level uniform wavelet decomposition of an 

image. 

Two-level Uniform Decomposition r Wavelet Block 

Figure .5.6: Formation of wavelet training blocks. 

Encoder Design 

• Starting with the training set of .V original images F' and the corresponding 

blurred images G\ creatc the 2"* x 2*^" wavelet coefficient blocks /'^ and ifK 

respectively, as described before. 

• Let the target rate be R bits per pixel. In this case, there are R{'2^"^) bits 

available for each block g'-'. The bits are allocated among the wavelet coeffi

cients in a block such that the quantization error is minimized. 

• Let Tfc be the number of bits allocated to a wavelet coefficient from the 

subband. A 2'"*-level Lloyd-Max scalar quantizer is designed for each coeffi

cient assuming a Laplacian distribution. 
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• An encoder codeword index is generated as the decimal ec[iiivalent of the 

concatenation of binary codes for the scalar quantized wavelet coefficients. 

This above design procedure implicitly defines a codebook C  which is never com

puted or stored. .-Vlso. the algorithm is non-iterative and therefore much less com

putationally intensive than the LBG training algorithm. 

Decoder Design 

• For each input wavelet coefficient block g'-'. compute the index produced by 

t h e  e n c o d e r  E ( ^ ' - ' )  =  q .  

• .\dd the corresponding wavelet coefficient block /'•' from the original image 

to the accumulator a'^ and increment the counter 

• Once all training blocks have been exhausted, compute each codeword in C" 

as the average 

. I . 

5.3 Bit .Allocation for Subbands from Biorthogonal Filters 

In the encoder design phase, bits are allocated among the coefficients (from 

the various subbands) in a block in such a way that the quantization error is 

minimized. This bit allocation procedure is actually an important component of 

any subband coding system. .A^ssuming M equal-sized subbands. a straightforward 
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way to optimally allocate bits among them is to minimize the overall distortion D  

in the reconstructed image subject to an overall rate constraint, i.e.. 

min D  = a l  such that 4- r^. <  R  \  a- > 0 

where refers to the number of bits allocated to A,'"* subband and R  is the average 

number of bits per pi.xel in the reconstructed image. The above minimization 

is based on the assumption that the subband filters are sufficiently bandlimiting 

so that the overall distortion D may be written as the sum of the distortions 

(reconstruction error variances) cr^ of the individual subbands [51]. This assumption 

is valid for filters that are half-band symmetric, in which case the low-pass and high-

pass reconstruction filters are mirror images of each other. However, the low-pass 

and high-pass perfect reconstruction filters are not mirror images of each other when 

they are linear-phase, even-order, and FIR. When using such asymmetric filters, 

the quantization noise in the various subbands will not be equally weighted in the 

reconstruction, even if the subbands are of equal size and bandwidth. Therefore, 

the bit allocation procedure has to be modified to include weighting factors Wk as 

min D = ^ Wk ( ^ l  such that ^ <  R :  > 0 
fc • k 

where Wk takes into account the filter set used to generate the subband. The 

weighting factor Wk represents the energy contribution of the A:''' subband to the 

reconstructed image when unit variance noise is injected into that subband during 

the synthesis phase. 
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Figure o.T: One level of upsampling and filtering in the synthesis system. 

\ 
1 

Figure .5.S: Two levels of upsampling and filtering in the synthesis system. 

It has been shown in [52] that with one level of upsampling and filtering, as 

shown in Figure .5.7. the weighting factor for the variance of a particular subband 

I S  

n 

where g i { n )  is the filter that the subband encounters during reconstruction. Sim

ilarly. for two levels of upsampling and filtering, as illustrated in Figure 5.8. the 

weighting factor is 

w 

where 

^(n) = < 
g i { n f ' 2 )  :  n  even 

0 : n odd. 

The weighting factors found for the 1-D case can be used in a separable fashion 

for the 2-D subband coding case as 

W k  =  



90 

where Wk, and refer to the weighting factors for the "i-D subband. its 

horizontal and vertical factors, respectively. The use of such weighting factors to 

allocate bits to the subbands shall be referred to loosely as subband weighting in 

the rest of this chapter. 

5.4 Simulation Results 

Simulations were performed using the algorithms described in a previous section 

with various wavelet transforms. The training set consisted of fifty three grayscale 

images (depicting aerial views of urban neighborhoods, farmlands, airports, and 

so on), each of size 512 x 512. .A diffraction-limited blur function with a cut

off frequency equal to half the folding frequency was used in the simulations. .-\ 

cross-section of the optical transfer function of this blur is illustrated in Figure 5.9. 

Such a blur corresponds to a diffraction-limited system with incoherent illumination 

and was modeled using physical optics. For a detailed description of this blur 

function, the reader is referred to Section 3.3. The blurred training images required 

in designing the VQ were generated using the aforementioned blur function. 

A two-level uniform subband decomposition was performed on each of the train

ing images resulting in 4 x 4 wavelet blocks. A training vector for the VQ design 

procedure was a 4 x 4 wavelet block excluding the low-pass coefficient, i.e.. the 

training vector was 15-dimensionaI. 
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Figure 5.9: Cross-section of the optical transfer function reflecting a cut-off fre

quency equal to half the folding frequency. 

Given the test blurred image, a two-level uniform wavelet decomposition was 

performed, out of which -I x 4 wavelet blocks were formed. Restoration of the 

low-pass wavelet coefficient of each block was carried out independently of the 

NLIVQ procedure as follows. The blurred image was restored using a Wiener 

filter. Following this, a two-level uniform subband decomposition was applied to 

this Wiener restored image and the resulting low-pass coefficients were quantized 

to 8 bits. These quantized low-pass coefficients were then inserted into the NLIVQ 

restored wavelet blocks. With 8 bits assigned to the low-pass coefficient and 20 bits 

to the remaining coefficients, the overall rate of the restored image was at 1.75 bits 

per pixel. This bit rate is that of the quantized image and does not include any 

form of entropy coding. 
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Blurred 

Image 

Haar VBL [53] TVC [54] ABUD [55] 
Subband Weighted 

ABMD [55] Blurred 

Image (2.2) (6,2) (11.13) (18,10) (9J) (9.7) 

22.55 24.28 24.00 23.51 23.27 24.07 25.23 

Table o.l: Peak signal-to-noise ratio (clB) for the blurred image and the restored 
images using different wavelet filters. The restored images are at 1.75 bits/pixel. 

In Table 5.1. peak signal-to-noise ratio numbers are presented for an image that 

was not a part of the training set. All PSNR values are with respect to the unblurred 

original image. The notation {r.s) in the table denotes a wavelet transform with 

a filter bank equivalent using r and d taps for the analysis and synthesis high pass 

filters, respectively. The improvements in PSNR of the restored images over the 

blurred image range from 0.72 dB in the case of (18.10) filter to 2.68 dB using the 

(9.7) filter with subband weighting. By using the ideas described in the previous 

section, weighting factors were computed for the (9.7) filter. These weights as used 

in the bit allocation process are given in Figure 5.10 for a two-level uniform subband 

decomposition. This enhanced the PSNR of the restored image from 24.07 dB (with 

no weighting in the bit allocation process) to 25.23 dB. i.e.. an improvement of 1.16 

dB. 

Figures 5.11 and 5.12 show the original and the corresponding diffraction-limited 

image, respectively. The restored images in Figures 5.13 and 5.14 are those Irom 

using the (9.7) filter without and with subband weighting. It can be observed that 
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subband weighting provides a significant improvement in the visual quality of the 

restored image. 

Table 5.2 indicates the PSNR values for the restored image using the (9.7) filter 

with subband weighting at five different rates. It can be observed that the PSNR 

increases initially but then begins to level off. This is a direct consequence of the 

fixed amount of training data available. In the case of a VQ system, a higher rate 

means a larger codebook. This implies that if the VQ is to be employed at higher 

rates, more training data is required to design a good codebook. i.e.. a reasonable 

value for the training ratio should be maintained. However, in this simulation study, 

only a fi.xed amount of training data was available. Therefore, the performance of 

the system was constrained by this factor. 
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16.9943 15.9491 15.4966 19.0370 

15.9491 14.968! 14.5435 17.8662 

15.4966 14.5435 14.1309 17.3593 

19.0370 17.8662 17.3593 21.3253 

Figure 5.10: Weighting factors for the subbands with a two-level uniform decom
position for the (9.7) filter. 

Rate (bpp) Restored Image 
1.750 25.23 

1.500 25.18 

1.250 25.18 

1.125 24.98 

1.000 24.66 

Table 5.2: Peak signal-to-noise ratio (dB) for the restored image using the (9.7) 
filter with subband weighting at various rates. 



Figure 5.11: Ttie original image. 

Figure 5.12: The difFraction-limited image 
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Figure 5.13: Restored image at 1.75 bits/pixel using the (9.7) filter. 

Figure 5.14: Restored image at 1.75 bits/pixel using the (9,7) filter with subband 
weighting. 
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CHAPTER 6 

COMBINED COMPRESSION AND DENOISING 

Image compression deals with reducing the amount of information needed to 

represent an image. Image compression techniques can in general be dichotomized 

as being lossless or lossy. With lossless compression, the image data can be recov

ered perfectly but the compression offered is usually moderate. On the other hand, 

lossy techniques provide excellent compression, but at the e.xpense of image fidelity. 

Denoising is essentially a process of estimating the original image data from its 

corrupted or noisy version. The noise in the observed image is usually modeled 

as being additive, white, signal-independent and Gaussian-distributed. Such noise 

afflicts each pixel in the image on an additive basis, possesses equal power at all 

frequencies in the spectrum, is independent of the image, and has a Gaussian 

probability density function. 

This chapter introduces a combined compression and denoising technique based 

on nonlinear interpolative vector quantization [56]. The training procedure for the 

VQ is non-iterative and therefore computationally efficient. 
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Figure 6.1; Quantizing a noisy source. 

6.1 Problem Description 

The problem is to quantize (and thereby compress) a noisy source such that 

the distortion or error between the output of the quantizer and the clean (original) 

source is minimized. Consider Figure 6.1 where X is the clean original signal. .V is 

additive, white. Gaussian noise (.WVG.^f), Y is the noisy version of X.  and 's 

the quantized version of V'. Formally stated, the problem is to minimize 

for a given distortion measure d .  

Quantization of a noisy source is a classic problem that has been studied for 

many years. This problem has been considered in various contexts by many re

searchers including Dobrushin and Tsybakov [57]. Fine [58|. Sakrison[59]. Wolf and 

Ziv [60], Ephraim and Gray [61]. and .Ayanoglu [62]. It has been shown in the 

literature that for the squared error distortion measure, the optimal solution to the 

problem is to cascade the optimal estimator for X (given Y) followed by the opti

mal quantizer for the estimate. However, as elegant as this solution may be. two 

significant implementational concerns are associated with it. They are as follows; 

E [ d i . \ . Q { Y ) ) ] .  
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• The optimal estimator is in general not known or may be extremely complex. 

• Realizing the operations of estimation and quantization separately can be 

computationally inefficient. 

These concerns would seem to justify a system design that trades optimality for 

simplicity and computational efficiency. 

One straightforward approach to circumvent the aforementioned problems is to 

combine the operations of estimation and quantization in one step. This was con

sidered by Rao et al.. who implemented an efficient but sub-optimal V'Q system by 

imposing structural constraints on the encoder while using deterministic annealing 

to design the V'Q [63]. Their simulations were done on data from mathematical 

models and therefore prevents any direct comparisons with this work. 

6.2 .\lgorithms for NLIVQ Design 

Given iV  clean training images .V. noise of fi.xed variance is added to each of 

them to simulate the noisy training images Y'. The encoder and decoder of the 

denoising NLIVQ are designed in the following manner. 

DCT-based Encoder Design 

• An image in the training set is first divided into non-overlapping blocks of 

size M X M. Then the DCT is performed on each block in the noisy training 

image set to produce y'-' (corresponding to block j in image V). 
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• Given a budget of R  bits per pixel, allocate the available R M ^  bits for each 

block y'-' so that the error in quantizing the block will be minimized. 

• pdf-optimized scalar quantizer is designed for each of the A/" DCT coef

ficients of based on the rate allocation discussed above. Gaussian and 

Laplacian distributions are assumed for DC and .-\.C coefficients, respectively. 

• Finally, the V'Q codeword inde.x from the encoder is generated by concatenat

ing the binary codes from each of the scalar quantizers employed in a given 

block. 

The above design technique is non-iterative in nature. The only computationally 

intensive part is in computing the block statistics (the mean and variance of each 

DCT coefficient) required for the bit allocation and the subsequent scalar quanti

zation (of DCT coefficients). The bit allocation for the DCT coefficients can be 

done based on the statistics of either the clean or noisy images. Both strategies are 

explored in the next section. In practice, the encoder codebook does not need to 

be stored since it is but implicitly used. 

Decoder Design 

• Compute the codeword index E{y ' ^ )  =  q  for each noisy DCT block y ' ^ . 

• Add the corresponding image block or'-' (block j in image A"') from the clean 

training set to the accumulator a* and increment the counter 5*. 
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• Once all of the training blocks have been consumed, each codeword in C '  is 

computed as the average 

. I . 
S = 

^'1 

With the above algorithms in mind, it would be instructive to look at Figure 

6.2. which provides an overview of the entire system. It is important to observe 

that there is no inverse DCT in the decoder which enhances the computational 

efficiency of the system. 

6.3 Simulation Results 

Simulations were performed using the algorithms described in the previous sec

tion using a training set of fifty three 512 x 512 grayscale images (portraying aerial 

views of urban neighborhoods, farmlands, airports, and the like). .-Ml the results 

to be presented correspond to a test image outside the training set. There are two 

parts to this section. The first part deals with the estimation of the variance of 

the noise in the given image while the second part discusses the compression and 

denoising of this image. 

6.3.1 Noise variance estimation 

The variance of the noise in an image is estimated as follows. For a given block 

size, an estimate of the variance of the highest frequency DCT coefficient, cr^, is 
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Figure 6.2: System overview. 
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.Actual 
noise 

variance 

Estimated noise variance 
using a block size of 

.Actual 
noise 

variance 2 X  2 3 X  3 4 x 4  

200 229 214 208 

400 431 416 398 

800 842 821 807 

Table 6.1: Noise variance eslinuition performance. 

first obtained from the training set of clean images. Similarly, is estimated as the 

variance of the highest frequency DCT coefficient in the given noisy image. Since 

the noise is assumed to be additive, signal-independent, and white, an estimate of 

the noise variance can be found by subtracting cr; from crf^. The highest frequency 

coefficient in the DCT block is used in the estimation process because it is e.xpected 

to contain the least amount of signal energy (for natural images) and result in a 

reasonable estimate. 

Table 6.1 shows the noise variance estimation performance using blocks of dif

ferent sizes. The estimate of the noise variance is seen to improve with increasing 

block size. This is to be e.xpected because the highest frequency coefficient in a 

DCT block from the clean images would contain less signal energy as block size 

increases. This does not mean that the block size can be indefinitely increased in 

order to get better estimates. For. doing so would result in unreliable estimates, 

given a fixed amount of training data. Using the same block size as that used for 
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the processing (discussed later) to follow would be prudent from a computational 

point of view. 

6.3.2 Combined compression and denoising 

The signal-to-noise ratio (SNR). measured always with respect to the clean 

image, is defined as 

/Signal Power\ 

(nL Power) 

Training blocks of size 2 x 2 were employed which resulted in 4-dimensional training 

vectors, with bits allocated to the DCT coefficients depending on the desired overall 

bit rate. For example, to realize a bit rate of 2 bpp. a total of 8 bits were distributed 

among the 4 DCT coefficients. It is important to note that no entropy coding was 

done to the quantized images, i.e.. the bit rates are indicative of the number of bits 

used in the quantization procedure. 

Table 6.2 displays results for the test image corrupted with an .WVGN of vari

ance 400. This noise variance equates to an SNR of 17.02 dB. VQ noisy is a vector 

quantizer designed to minimize ciuantization error without any explicit attempt 

R ^ Q noist/ ^Q clean NLIVQ ,v.4 NLIVQ C.4 

2.0 17.02 18.37 19.01 19.45 

1.0 16.70 18.22 17.43 18.30 

Table 6.2: SNR(dB) of decompressed images at different rates (bits/pixel). SNR 

of noisy image = 17.02 dB. 
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to incorporate denoising. Tliis quantizer was trained using noisy images at both 

encoder and decoder. .Naturally, this system does not produce any significant de-

noising. The ne.xt column shows the performance of VQ dean^ which was similarly 

trained with clean images at encoder and decoder. When this V'Q is used to com

press the noisy test image, it effects moderate denoising but its performance is 

limited by the fact that it has no knowledge of the noise. 

The columns labeled NLIVQ .v..t and .N'LIVQ c.-i are nonlinear interpolative vec

tor quantizers designed as e.Kplained in the previous section (using noisy and clean 

images at the encoder and decoder, respectively) with the bit allocations at the 

encoder based on noisy and clean image statistics, respectively. It is intuitively 

reasonable to e.xpect iN'LIVQ c.-i to outperform .^JLIVQ This is because, in the 

latter case, the noise biases the bit allocation procedure to artificially emphasize 

the high frec[uencies. 

.-Vt a rate of 1.0 bpp. V Qc/ean actually provides a better SNR than NLIV'Q v.-i-

This is due to the fact that the cjuantizers designed in these simulations were not 

optimal. Overall, the NLIVQ ca system performs the best, providing SNR gains 

(over the noisy uncompressed image) of 2.43 dB and 1.28 dB at rates 2.0 bpp and 

1.0 bpp. respectively. 

Three NLIVQ c.4 systems were designed at 2.0 bpp for noise variances of 200. 

400. and 800. respectively. These systems were then applied on test images cor

rupted by noise of variances 200, 400, and 800 (corresponding to SNR's of 20.01 
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Test 
Noise 

Variance 

Noisy 
Image 

NLIVQ c.i Image 
Training Noise Variance 

Test 
Noise 

Variance 

Noisy 
Image 

200 400 800 
200 20.01 20.98 20.65 20.06 
-100 17.02 19.-14 19.-15 19.21 
800 13.98 17.58 17.83 17.90 

Tabic 6.3: Si\R(clB) of denoised images at 2.0 bits/pixel. 

dB. 17.02 dB. and 13.98 dB). respectively. The results of this e.xperiment are shown 

in Table 6.3. It is clear that the systems perform at their best when the test and 

training noise variances are the same. However, the systems are quite robust in 

dealing with other noise variances than the one they were designed for. For e.xam-

ple. in the case of the test noise variance being 400. there is a loss of only 0.01 dB 

incurred by using a system designed for a noise variance of 200 and a loss of 0.2-1: 

dB is suffered by using a system designed for a noise variance of 800. It is also 

interesting to observe that the systems are more sensitive to overestimating (than 

underestimating) the noise variance in a given test image. 

The existing NLIVQ system could be used in a practical scenario as follows. 

Given a noisy image, the noise variance is first estimated. Then a suitable quantizer 

is chosen from a set of pre-designed VQ's (for various noise variances in a useful 

range) and applied on the image to achieve the desired compression and denoising. 
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CHAPTER 7 

SUMMARY AND FUTURE WORK 

Several new techniques to perform image processing tasks using vector quanti

zation were introduced in this dissertation. 

Chapter 2 provided an expository background of the description, theory and 

design of VQ and its application to image coding. .N'LIVQ, as proposed by Gersho 

[.56], was introduced as a less complex alternative to the unconstrained, exhaustive-

search VQ and its applicability to image processing discussed in detail. Finally, 

a literature survey of the existing work on using V'Q for image processing was 

presented. 

In Chapter 3, an approach to identify image blur using V'Q encoder distortion 

was proposed. The blur in an image is identified by choosing from a finite set of 

candidate blur functions. Each of the candidate blurs is used to train a V'Q code-

book. An image of unknown blur is then encoded with each of the codebooks. The 

blur is estimated by choosing from among the candidates, the one corresponding 

to the codebook that provides the lowest encoder distortion. Simulations were per

formed at various bit rates and at different levels of noise. Results indicate that 

the method performs well even at a signal-to-noise ratio as low as 10 dB. 
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Chapter 4 presented an NLIVQ algorithm for restoration that used overlapped 

image blocks to improve on the performance of its predecessor that operated on 

non-overlapped blocks [10]. The VQ is trained on pairs of original and blurred 

images. The encoder and decoder design algorithms are non-iterative and hence 

much less computationally intensive than the traditional LBG training approach. 

Further reduction in complexity is obtained by employing the DCT in the en

coder. Simulation results indicate the superior performance of the algorithm over 

the non-overlapped version both subjectively and ciuantitatively. Furthermore, the 

spectrum of the restored image reveals strong signs of the occurrence of superres-

olution. 

.\ wavelet-based NLIVQ scheme for joint compression and restoration of images 

was presented in Chapter -5. The VQ training set consists of pairs of the original 

image and its blurred counterpart. The designed VQ is then used to compress and 

simultaneously restore blurred images. Results from simulations indicate that the 

image produced at the output of the decoder is objectively and visually superior to 

the blurred image at the input to the encoder. The performance of several popular 

wavelet filters was also investigated. 

Compression of a noisy source is usually a two stage problem, involving the op

erations of estimation (denoising) and quantization. Chapter 6 introduced a simple 

but sub-optimal VQ strategy that combines estimation and compression in one ef

ficient step. The idea is to train a VQ on pairs of noisy and clean images. When 
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presented with a noisy image, the VQ-based system estimates the noise variance 

and then performs combined denoising and compression. Simulations performed 

on images corrupted by additive, white. Gaussian, signal-independent noise showed 

significant denoising at various bit rates. Results also indicate that the system, 

though designed for a particular noise variance, is robust enough to handle a wide 

range of noise variances. 

There are many other image processing tasks that can be accomplished using 

VQ. One such task is the problem of inverse halftoning. Halftoning is the process 

of rendering a grayscale (or other multi-level) image into binary (two-level) form 

such that the resulting halftone image gives the viewer an illusion of multiple levels. 

Inverse halftoning is the difficult inverse problem of recovering a grayscale image 

from a halftone image. .A V'Q system could be designed and used to achieve inverse 

halftoning. 

Summarized below are other potential image processing tasks that can be effi

ciently implemented using vector quantization. 

• Binary image restoration refers to the problem of recovering a binary image 

from a blurred continuous tone image possibly corrupted by additive noise. 

• Processing multi-dimensional data such as hyperspectral imagery and medical 

image volumes puts a severe burden on computing resources. VQ can be used 
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in such situations to effectively control the computational complexity of the 

processing operation. 

• Classifying images into activity classes is a problem where VQ would fit in 

naturally. This is because a VQ codebook can effectively capture the activity 

information in a class of images. 
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