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ABSTRACT 

Image restoration and segmentation are important image processing 

techniques. In recent years, many researchers in the image restoration field have based 

their research methods on calculus of variation and mathematical statistics and do not 

directly incorporate the observed principles of a low-level animal vision. In a previous 

work, based on the principle of low-level mammalian visual system that deals with 

image restoration and segmentation problems from a more direct and easily 

understandable and acceptable aspect, a new algorithm incorporating competitive 

leaming method was developed. This algorithm yields improved performance over 

previous studies in synthetic image restoration. This paper furthers the development 

and application of this algorithm. This paper has purpose that is threefold. First, this 

paper presents results for reconstruction and estimation of uncorrupted images from a 

distorted or a noisy image by using competitive leaming method. This paper 

evaluates the CLRS (Competitive Leaming in image Restoration and Segmentation) 

method by experimenting with this algorithm on a variety of images and a wide range 

of parameters, both based on practices and theories. The meaning and value range of 

some parameters are discussed in detail. Second, we enlarged the size of the 

neighborhood used in CLRS to see the influence of neighborhood range. Third, we 

reviewed the current methods both in image restoration and edge detection, then we 

compared the restoration and segmentation results obtained from CLRS and all the 

other methods. The results showed that CLRS algorithm performances were 

consistently better or equal in edged preservation and comparable performance in 

enhancing within the boundaries. These results are based on simulation experiments 
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on a set of synthetic and real images corrupted by Gaussian noise. We concluded that 

an interactive algorithm for image reconstruction and segmentation, CLRS, has been 

developed. This algorithm is based on the principle of competitive leaming. 
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CHAPTER 1 

INTRODUCTION 

Image restoration techniques are normally used to increase the definition of an 

image. It reduces visual data to stable description. Usually, two fields of research are 

involved in this process- the problem of reconstmction or estimation of the 

uncormpted image from a distorted or a noisy image and the image segmentation. The 

broad applications of image restoration bring many researchers into this area. The 

current applications are in the early vision system, design automation, manufacturing 

automation, vehicle guidance, archaeology, surveillance, intelligent robots and space 

science. For instance, the blurred image of a star, planet or galaxy can be significantly 

improved by image restoration process and results in a sharper and more detailed 

image. 

Many researchers based their image restoration theories and algorithms on 

Bayesian framework [1, 5]. The Bayesian framework is based on the measurement 

model with conditional distribution p(g|f)> vvhere f is the estimated image 

reconstmcted by the given image g. According to Bayesians' mle, the posterior 

distribution can be obtained. If f is formulated as a Markov random field [6, 7], then 

from Clifford-Hammersley theorem [8], f can be described by a probability 

disfribution of the Gibbs form [9, 10]. Then, the estimated value of f can be obtained 

by various methods based on calculus of variations and mathematical statistics. 

In a previous study [1], a new approach was introduced to obtain the value off 

by using competitive leaming method. The principle of competitive leaming is 

derived from the frequently observed ability of preserving neighborhood relations in 
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featiire maps in real brain, as signals are transformed over connections from the sense 

organs to the cortex and over connections between different areas of the cortex. 

Linsker [11] developed a theory of modular self-adaptive networks based on Hebb 

type leaming to simulate the mammalian visual system. The previous work is 

formulated from Linsker's theory with the modification made by neighborhood 

preserving assumptions. Simplifications result from the assumption that observations 

lie in an MRF, since computations can thus be restricted to immediate neighborhoods, 

for example, a pixel fj can only interact with fj+i, fj.], f+ij, and f-ij. According to the 

tea-trade model, the closer of a neighbor in value, more contribution it will make. 

This paper compares the image restoration and segmentation results obtained 

from CLRS [1] (Competitive Leaming for image Restoration and Segmentation, 

which is based on the above principles and formulated by a previous work) and 

Geiger and Girosi's PDAM [2] (Parallel and Deterministic Algorithms from MRF's). 

The Canny and Sobel edge detection are also used to compare the results of the edge 

segmentation made by the CLRS and PDAM. 

In this paper, we also experiment on the enlarged neighborhood system, which 

brings more interactions of pixels. It is reasonable to bring contributions of pixels 

other than immediate neighbors, but the number of cliques increases rapidly according 

to the increase of the neighborhood. The cases become very complicated. We first 

enlarged the neighborhood to the nearest eight neighbors. The formula and the 

interaction terms are given in (3.11) and (3.13). For the real world images, we cannot 

tell much difference between the results obtained from the four-neighbor and eight-

neighbor CLRS algorithms because the correlation function of the real-world images 

does not have a sharp (very low) correlation coefficient. To constmct an image with 

low correlation coefficient, we applied a couple of methods on synthetic images. We 



got the expected results from these synthetic images. Next, we further enlarged the 

size of the neighborhood. The program we made allows us to count any size of the 

contribution of the neighborhood while keeping the line processes of the eight-

neighbor system. The purpose of keeping the same line processes is very 

sfraightforward that we can compare the restoration result from different size of 

neighborhood without the interruption of the edge enhancement process. On the other 

hand, we can keep the workload of the computation in the computable manner with 

our current hardware. 



CHAPTER 2 

LITERATURE REVIEW 

In recently years, various image restoration and segmentation methods [12, 13, 

17, 18, 19, 20, 21] were developed and improved. Surveys on segmentation 

techniques are available in Fu and Mu, Haralick and Sahpiro and Sahoo et al. These 

surveys classify the different type of the method currently used: 

a. Thresholding, relaxation method, edge detection and region growing, spatial 

clustering and region growing, performance evaluation of thresholding algorithm; 

b. Fuzzy set theoretic approach; 

c. Neural network based approach; 

d. Fractals based approach; 

e. MRF model-based approach, among others. 

The appearance and simultaneous development of all these methods are 

because there are pros and cons of each method. It is hard to define which one is the 

best. Our research is based on the MRF model-based approach. By using simulated 

armealing, good results can be obtained but it is computationally intensive. The 

complicated computation process is the main drawback of this approach. Connecting 

to our research, several recently published articles using MRF mode approach are 

reviewed by the following. 

In Sarkar, Biswas and Sharma's paper [14], "A simple Unsupervised MRF 

Model Based Image Segmentation Approach," a simple technique has been suggested 

to obtain optimal segmentation based on tonal and textural characteristics of an image 

using Markov random field (MRF) model is developed. The original image takes an 

initially over segmented image as well as the original image as its inputs and defines 
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and MRF over the region adjacency graph (RAG) of the initially segmented region. A 

tonal-region based segmentation techique due to Kartikeyan and Sarkar has been used 

for initial segmentation. The energy function has been defined over the first order 

cliques of the MRF as what was done in a previous study of CLRS method. The 

essence of this approach is primarily based on quantitative values of the second order 

statistics on region characteristics and consequently deciding upon action of merging 

neighboring demonstrated with wide variety real life examples viz., indoor, outdoor 

and satellite and a comparison of its output with that of a recent work in the literature 

has been provided. 

Algorithm 

Input: Original image and initial segmented image 

Output: Final segmented image. 

Steps: 

1. Adjust the initially segmented image regions so as to eliminate single pixel 

regions by merging them with neighboring regions. 

2. Calculate the statistics of the regions. 

3. Initialize the region adjacency graph with the elements obtained in step 2 and 

compute global energy. 

4. Set the level of significance and the corresponding critical value (Yth) of F-

distribution. 

5. Start exhaustive search. Set flag = true; { segmentation can be improved} 

6. Calculate the mean and sum of squares of all the regions. 

7. Select any one of the nodes, say Ri. 

8. Select any one of the nodes, say Rj. 



9. Calculate the ratio Y = ( ByAVij) 

10. If ( Y < Y,h) merge the two regions R; and Rj and update the energy. 

11. Update the mean and sum of squares of all the regions. Set flag = tme; 

{ segmentation can be improved } 

12. Repeat steps 8, 9, 10,11 for all neighbors Rj and Rj 

13. Repeat steps 7, 8, 9, 10, 11, 12 for all regions Rj until all neighbors Rj and Rj 

are distinct. 

14. Stop, final segmentation has been obtained. 

This methodology has been tested for three types of light intensity images viz., 

indoor, outdoor and satellite. From all the examples, they note that there has been a 

good deal of merging of the regions at final segmentation. A comparison of the output 

of this methodology with that of supervised MRF scheme on multiresolution show 

that the result is comparable. 

In Park and Kurz's paper [15] - "Image Enhancement Using the Modified ICM 

Method," a generalized version of the ICM method for image enhancement is 

developed. This algorithm utilizes the characteristic of MRF in modeling the 

contextual information embedded in image formation. To cope with real images, a 

new local MRF model with a second-order neighborhood is introduced. This model is 

also going be discussed in our paper, and it is the basic for enlarging the 

neighborhood system. Park and Kurz's model extracts contracts contextual 

information not only from intensity levels but also from the relative position of 

neighboring cliques. Also, an outlier rejection method is presented. In this method, the 

rejection depends on each candidate's contribution to the local variance. To cope with 

a mixed noise case, a hypothesis test is implemented as part of the restoration 

procedure. 



This algorithm performs signal adaptive, nonlinear, and recursive filtering. In 

comparing the performance of the new procedure with several well-known order 

statistic filters, the superiority of this algorithm is demonstrated both in the mean-

square-error (MSE) and preserves the details of the images well. It should be noted 

that the blurring effect is not considered in this work. 

Algorithm 

1. Initialize x by maximizing P(ys | Xs) for every s. 

2. To improve computational efficiency, partition L into four coding sets. 

Every pixel in a coding set is simultaneously updated and each set is 

visited iteratively. 

3. For every site s, 

a) Reject outliers in Ns by using the test statistic 

b) Substitute the by a sample variance calculated from cliques where 

outliers are present are not included in Qs 

Update intensity value by maximizing f( ys | Xs). Ps (Xs | ys )• 

4. Repeat step 3 until there is no more change in intensity values or some 

oscillation is found in the number of update pixels. 

Some of the symbols are defined in the following formulas: 

Pst^s I ^^)=^^W{—^llK(^s)} (21) 

I y^) - Ac 1̂  Tol => rejecty^^^ (2.2) 

In Pllak, Willsky and Krim's paper [16], "Image Segmentation and Edge 

Enhancement with Stabilized Inverse Diffusion Equations," a family of first-order 

multidimensional ordinary differential equations (ODE's) with discontinuous right-



hand sides is infroduced. This paper also demonstrates their applicability in image 

processing. An equation belonging to this family is an inverse diffiision everywhere 

except at local extreme, where some stabilization is introduced. For this reason, these 

equations are called "stabilized inverse diffusion equations (SIDE'). Existence and 

uniqueness of solutions, as well as stability, are proven for SIDE's. A SIDE in one 

spatial dimension may be interpreted as limiting case of a semi-discretized perona-

Malik equation. In sharp edges present in the input signal, their application to image 

segmentation is also demonstrated. 

The algorithm of this methodology is described in the following: 

1. Start with the trivial initial segmentation: each sample is a distinct region. 

2. Use the following formula until the values in two or more neighboring regions 

become equal. 

"„, = (^("„„, - " „ , ) - ^("„, - «„,, ))> (2-3) 

"„, =u„ +1 = ... = M„,+w„,-1, (2.4) 

where I = 1, ...., p, 

3. Merge the neighboring regions whose values are equal. 

4. Go to step 2. 

This paper is based on a new class of evolution equations for the processing of 

imagery and signals which have been termed stabilized inverse diffiision equations or 

SIDE'S. These evolutions, which have discontinuous right-had sides, have conceptual 

and mathematical links to other evolution-based methods in signal and image 

processing, but they also have their own unique qualitative characteristics and 



properties that, together with the promising results presented by the paper, suggest the 

merit of several further lines of investigation- such as proving stability in 2D; 

developing methods for choosing the force function F best suited to various 

applications; investigating improved ways of extracting information from the 

sequence of hitting times and corresponding images,; applying SIDE's to image 

restoration (e.g., by filtering the initial condition within each region found by the 

SIDE). 



CHAPTER 3 

FRAMEWORK AND METHODOLOGY 

3.1 Framework 

The outline of the process is to model an image as a Markov random field and 

then use a Bayesian approach for estimating early vision attributes of the image. Next, 

we are going solve a non-convex energy ftinction minimization problem, which can 

be satisfactorily solved using the simulated annealing algorithm. 

We first model the image as a triplet F = (F,H,V), where F is the matrix of 

pixel intensities, H and V correspond to the matrix of horizontal and vertical edge 

elements. Thus, F is referred to as an intensity process, H as horizontal line process, 

and V as vertical line process, i.e., f, h, v are the realizations of the processes F, H, V. 

Then, the problem becomes a minimization problem of the form minp E[(F, H, V)| g] 

according to MRF and Gibb's distribution. Let the collection of fields (F, H, V) be 

given by F, then according to Bayes' theorem 

P(%)P{F) 
F 

P(g) 
(3.1) 

where the collection of field F and the input data are considered random variables. 

Let F be an image over an N x M (400X512 is used in this paper) lattice of sites 

S = {(i,j) •.0<i<N-\,0<j<M}, (3.2) 

in a 2D image, we can also write 

F = 

X, 

X, 
0,0 X 

X, 
0,1 X 

X, 
O.M-1 

Y Y 
•^ N-\.0 -^ N-\.\ 

X N-\.M-\ 

(3.4) 
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We assume that each pixel Xjj takes values from a finite set of P levels. These 

P levels are 256(0-255) intensity levels in a typical 8-bit intensity image. Thus the 

number of possible configurations for X becomes finite, namely, P , but extremely 

large. 

The basic idea behind MRF is for Xjj to have local dependencies. In fact, 

among other properties, it is this locality property, which makes MRF modeling an 

attractive proposition for problems in vision. 

For example, a first-order neighbor [22] of (i,j) consists of sites (i-l,j), (i+Lj). 

(i,j+l), (i,j-l). The neighborhood structure is assumed to be the same over all the 

pixels on the image, except at the boundary, where the free boundary assumption is 

made, namely, the set of neighbors of a boundary site is the intersection of the 

transnational invariant neighborhood with the finite lattice. 

A clique C [23] is defined as a subset of sites in S. It consists either of a single 

site c{i}, or of a pair of neighboring sites C={i,i'}, or of a friple of neighboring sites 

C={i,i ',i"j, and so on. The collections of single-=site, pair-site and triple-site cliques 

will be denoted by Ci, C2, C3, respectively. 

Note that the sites in a clique are ordered, and {i,i'} is not the same clique as 

{i',i}, and so on. The collection of all cliques for S is C = C, +C2 +C3 +... where 

"..." donates possible sets of larger chques. 

The type of a clique for an image pixel is in a regular lattice. The number of 

cliques is determined only by its size. As the order of the neighborhood system 

increases, the number of cliques grow rapidly and so the involved computational 

expenses. 

For a first-order neighborhood corresponding to the site (i,j), the clique set is 
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is 

C={|(i,j)},|(i,j),(i,j+l)|,{(i,j),(i,j-l)M(i,j),(i+l,j)|{(i,j),(i-l,j|} (3.5) 

For a second-order neighborhood, corresponding to the site (i,j), the clique set 

C=ll(i,j)|,{(i,j),(ij+l)l,{(i0),(iJ-l)M(i,j),(i+Lj)i{(i,j),(i-

Lj}},|(i,j),(i+l,j+l)L |(i,j),(i+l,j-l)|, {(i,j),(i-l,j-l)} {(i,j),(i-l,j+l)},{(i,j),(i-

l,j), (i,j-l)|, |(i,j),(i-l,j), (i,j+l)|, |(i,j),(i+l,j), (i,j+l)}, |(i,j),(i+l,j), (i,j-l)}, 

{(i,j),(i-l,j), (i,j-l), (i-l,j-l) | , |(i,j),(i-l,j), (i,j-l), (i-l,j-l) | , {(id),(i-Lj), (ij+l), 

(i-l,j+l)}, |(i,j),(i+l,j), (i,j+l), (i+l,j+l)[, {(i,j),(i+lj), (iJ-1), (i+Lj-l)J, 

{(i,j),(i,j-l), (i-l,j-l) | , {(i,j),(i,j+l), (i-Lj+l)}, |(i,j),(i,j-l), (i+l,j-l)}, 

{(i,j),(i,j+l),(i+l,j+l)}} (3.6) 

Besides locality, another important aspect of MRF models is that their 

distribution can be explicitly stated, and this is what lends real power to the use of 

MRF models. 

Let F be a neighborhood system defined over a lattice Z, then a random field F 

= {fij} defined on Z, with respect to F, if its joint distribution is of the form 

P{F = f) = U'^^f^^ , (3.7) 

where U([f\) = Y..jVfj{\f\), and U is an energy function, and I,,F,,(j/|) is the 

potential associated with clique N, and z = Z,e"^' is the partition fiinction. The 

partition function is normalization constant and is the sum over all possible 

configurations of F. 

Let g = [gij]mn, demote the m x n matrix corresponding to the observed 

intensity values. Here gij denotes the observed intensity value at the (i,j)th point on the 
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lattice. G denotes the prior estimates of the image. Assume, now that we have a two-

layer network, with layers numbered as L and M. I'he priors gjj lie in layer L and 

corresponding to each (i, j) in layer M. Intensity value at point (i, j) in M denoted by 

fij represents the posterior estimate. Let gmk in the neighborhood in layer L compete to 

update the value fij. In layer M. Contribution of each gjj to fj is determined by the 

fiinction C(K,d), where K is the gain parameter and d is given by 

d = fii-S,nk (m,k)&T. (3.8) 

and 

j2 „~,i-2\ 

C{K,d) = e-'''^'''^ . (3.9) 

Normalizing C(K,d) over the neighborhood Fij, we have 

A[{i,j),{m,k),K]= (3.10) 
4(i,j),K] 

where x[(ij),K] = Y g'-'^K.^"') Consequently, when d, the distance between two pixel 

values is small, the contribution function is large, hence, the closest contributing the 

most. This concept is analogous to the leaky leaming form of competitive leaming. 

The update mle is given by the following equation. 

A/;.. =al K{{i,j),{m,k).K){g^^j^ - f--) 
mk 

dE, dE. 

•'ij •'iJ 

The first term of this equation has been discussed above where a denotes the 

leaming rate. The second term is to smooth the discontinuities between the posterior 

neighbors, where 
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E,=llfu-fJ(^~l'.,)+Ljj^i 

is the line process term, and 

^/ ='ch-'\jlhj+X^lcr'^\fi^XJ 

^^/ ,S^, / ( ' -^+l„/-V, , - ' / ,y+l» '^( ' -Vl„/-V-l , rVl ,y+l ' ' ] 

+^ •S ' ^ / ( l - - , , , . l - ^ , ; - ' ' / + l , ; » '+ ( ' - ' • , , i - rVr^+ l ,y - l ) ' ] (3.13) 

^•kh^~Y'-'\j^^'kv^^;j('--y^ 

is the interaction term. The line processes are given by 

/.^.=tanh( C ^ I A V ^ I ) (3.14) 

'y =tanh(C^, \^'f.j I). (315) 

The coefficients^ and A: take care of keeping fy's close to one another. The 

coefficient " ^^((.iJ)lm,k).K) specifies how strongly, fj is pulled toward gjj. The first 

and third term in (7) are the smoothing terms. The second term in (7) represents the 

cost that must be paid for the introduction of creating a horizontal line. Similarly, the 

fourth term indicates the cost that must be paid for the introduction of a vertical line. 

PDAM derives deterministic approximations to MRF's models. The advantage 

of PDAM by using MRF is that this model allows for specific inclusion of 

discontinuities or edge effects. The equations using in PDAM are derived in the 

framework of statistical mechanics and mean field techniques, comparing to CLRS, 

which uses competitive leaming method. By using gradient descent technique, the 

update mle of PDAM is 
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f:T-f"j-cou.j-g,i) 
+ 2a^[{f.-f._^){\-v,.) 

~(fi.h\~ fij )(1 ~''/, /-n) (3.16) 

+(f.j-f-,i)(^-Ki) 

-(^,,,-A.)(i-^..,v)]}" 

where 

K,=-

and 

;̂../ = -

In the equations, co denotes the size of the time step in the gradient descent 

algorithm, the parameter a gives the standard deviation of the noise, and ^ controls 

the balance between the "tmsf in the data and the smoothing term, p denotes the 

optimal temperature term. The process then is to first estimate the line processes 

based on g. Then the iteration method involves successively estimating the surface f 

and then updating the line processes. The iterations are continued until 

2. (f."*' _ŷ .")̂  <^, where ^ is a pre-assigned constant. Since F, H, and V exist on dual 

lattices, the method provides the estimate of F as well as the line processes H and V. 

Therefore, the outline of the two algorithms is as follows: 

1. Initialize {fij} with the prior estimate {gij}. 

2. Select the parameters and number denoting frequency of line process update. 

3. Compute h,j, v,j, using (3.14) and (3.15) for CLRS, (3.17) and (3.18) for 

PDAM. 

4. While (difference in successive image estimate > f ) do 
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4.1) Update fij with the update mle given in (3.11) for CLRS and (3.16) for 

PDAM at even pixel sites (like the white squares in a chessboard) 

4.2) Update fij with the update mle given in (3.11) for CLRS and (3.16) for 

PDAM at odd pixel sites (like the black squares in a chessboard) 

4.3) if [(iteration mod Number] =0] then {compute hij and Vij using (3.14) 

and (3.15) for CLRS and (3.17),(3.18) for PDAM} 

1 . 
p 

5. The matrix of estimates fj, contains the reconstmcted estimated value while 

hij, and Vij contain the horizontal and vertical line processes. 

3.2 Further Discussion on Parameters 

There are parameters in both CLRS and PDAM. These parameters are set 

totally based on the experience and experiments. In this thesis, the function and the 

value range of these parameters will be fiirther explained. Some ways to choose the 

parameters are: 

3.2.1 Choice of / 

tanh(/1 A/1) is a function, in which y controls the slope of the linear region. A 

large value of / makes the function like an on-off switch. If y is small, the ti-ansition 

from 0 to 1 is slow. Here 0 indicates no edge and 1 indicates an edge. We want the 

function to get to one of these two states but not too rapidly. 

We can choose a preliminary value of y by choosing a difference in pixel 

values A/ to make an edge. This value can usually be made by visual inspection. We 

found 10 is a good starting value for A/. We used 
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/ = C h = Cv; I-, - tanh(/|A/|) 

If I', = - and tanh-'(^) = 0.549> 

and A/ is the value to create an edge, then y = ^•'^^^ 

A/ 

For a noisy image A/ might be smaller than for a high signal to noisy ration 

(S/N) image in order not to create edges based on noise. For a high S/N image, keep 

y relatively larger or A/ small to create edges. 

3.2.2 Choice of K 

K is a parameter that determines how much averaging is done on the pixel by 

its local neighbors. If K is small, then ^^(/^ ~g..>)" is large and e"' = 0 ; if K is large 
IK-

then .\ = 0 and e"' s 1. If the image is a high S/N image, the pixel values are tmsted 

and do not need much of any averaging, so that K should be small. If on the other 

hand, S/N is low, then a given pixel is not to be so tmsted and the pixel should be 

averaged to be brought into line with its neighbors. In this case, K should be large. 

Since e"* = 0 , then for averaging, we would need for a nearby pixel's value to 

be such that 

^ < 8 ord^< 16K^ 
2K' 

so K > .1 . We can visually check for a reasonable value of d, then K is determined. 
4 

A/" is the value of difference of pixels to make an edge and determined by 

visual inspection. For high S/N images, for example. Figure 2.1 has 10 percent 

Gaussian noise in it. It is a modestly high S/N image. We determined A/=2 by 

inspection. We set A/" ^ g, then K=0.5. 
IK'' 
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3.2.3 Selection of T and jo. 

// controls the trust. In high S/N images, // is small; while in low S/N images, 

// is large. Y is used in the threshold for creating lines. Combining with / / , nr is the 

threshold for creating a line. Geiger and Girosi[3] found that in general a good set of 

discontinuities for [7 . So, if we set a value of Y or / / , the other value can be 

estimated by [7 

16 

= 16 
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3.3 Enlargement of the Neighborhood System 

In most previous researches on the image restoration, the contribution of the 

neighbors to a pixel is limited to the closest four pixels, because in a large 

neighborhood system, the situation of the cliques will become very complicated. To 

enlarge the neighborhood system, there will be three or more pixels involved in a 

clique, the line processes will become "shape processes," so new concept has to be 

given and proved. On the other hand, the calculation of the derivatives will become 

very complicated, for example, the interaction terms of the CLRS algorithm will be 

huge. So, either large amount of calculation will be involved or a new derivative-free 

method should be applied. 

We enlarged the neighborhoods to the nearest 8 pixels, as can be seen in the 

following chart. There are two more line processes added, s and t. To make things 

easy to understand, we regard these two lines processes as the horizontal and vertical 

line process turning 45 degrees anticlockwise. 
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i-lJ-1 

1-lj 

i-lj-H 

ij-1 

iJ+1 

i-Hj-l 

i-Hlj 

i-i-lj-H 

Figure 3. 1 Eight-neighbor system 

,.j =tanh(C, I A 4 . I) Â  = / , . - / _ , , 
y-i (3.19) 

t.j =tanh(C, l A ^ . I) A ' = y : . - / . . 
1,7+1 (3.20) 

Then the update mle will remain exactly the same as previously defined in 

(3.11), except that the line process term E, and interaction term Ei become more 

complex as can be seen in (3.21) and (3.22). 

(3.21) 
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(3.22) 

^i =^ch^\j\j+\ ^Ic^^\j''i+\J +^c,v^-V,V^/+l,y-l +^c/^'/,//+l,7+l 

+(l-/',-i,y -^i_ij -^/-i,y+i -'i-\.j --Vy+i -'/-i,y -'/,y-i )^ ] 

+/,, Y.y,j [(!-'•, /+i -/^ J -hi^^j -s,j -5,„,y„ -/,y -/,„,^_, )2 

+(l-v^,,-i - / ' / j - i -^/+i j - i -*/,y-i -^,+1,, -'/,y-i -',.1,7-2 )^ ] 

^'s ^%j [(i-/+y+1 -'V,; -^/+i,, -\j -\j+i -h,j -U+x,j-i)' 

^^'-'i-\,j-X -'Uj-l -\j-l -'i-l,j-l --i-lj -h-\,j-X -hj-2 )^ ] 

+ ^ ^ ' / , / ( i - ' / + i , y - i - \ j -^+\,j -\j -\j+^ -'i, -^/..,7+i) 

+(l-?,_,,,v, -^/_i,y+i -^/,y+i -v,-i,,>i -v,-i,,^2 -̂ /-i.y+i - /̂,y-2 )^ ] 

^^/ ,^^/( i-^H^^^(i-^)+^2:^^(i-^)+/^, i /^(w^) 

From the above definition of E,, we see the 5 , 6 , 7 and the 8 terms, which 

are the interaction terms, are complicated, because we need to take all the 

contributions of the line processes into consideration. In an even larger neighborhood 

system, the interaction terms are going to be huge. To avoid the complicated line 

processes further enlarged the neighborhood to the nearest 24, 35 to 120 pixels but 

kept the same line processes as used in 8-pixel neighborhood system. 
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CHAPTER 4 

RESULTS AND DISCUSSION 

In a nearest four-neighborhood system, we found that both methods, the CLRS 

and PDAM seem to have equally good performance, while PDAM is better in 

restoration, and CLRS is better in edge preservation and edge enhancement. Although 

most of work has been done by the previous research, we reprogrammed the CLRS 

and PDAM algorithms and received good results from both of them, especially for 

CLRS, we got better results than the previous work. The values of the parameters of 

the results are recorded. Some good results can be seen from the following figures. 

4.1 Results Based on Real-world Images 

The following figures (Figures 4.1^.14) are restoration results based on some 

real-world images. 

Figures 4.1-4.5 show the restoration results from CLRS and PDAM 

algorithms. We can easily conclude from the results that CLRS is better in getting rid 

of noisy pixels on the images and the images are not much blurred. 

Figures 4.5^.14 compare the restoration results from CLRS 4-neighbor and 

8-neighbor programs. We can see that they both work well in getting rid of the noise 

and the 8-neighbor program blurs the image more than the 4-neighbor program does. 
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Figure 4. 1 Noisy Image of Fred 

Figure 4. 2 Restored by CLRS 
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Figure 4. 3 Restored by PDAM 

4. 4 Degraded Photo of Lubbock 
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Figure 4. 5 Restored by CLRS 4-Pixel Neighborhood System 

Figure 4. 6 Restored by CLRS 8-Pixel Neighborhood System 
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Figure 4. 7 Restored by PDAM 

Figure 4. 8 Original Lena Picture 
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Figure 4. 9 Distorted Lena Image 

Figure 4. 10 Restored by CLRS 4-Pixel Neighborhood System 
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Figure 4. 11 Restored Lena Image by CLRS 8-Pixel Neighborhood System 

Figure 4. 22 Distorted Pentagon Image 
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Figure 4. 3 Restored by CLRS 4-Pixel Neighborhood System 

Figure 4. 34 Restored by CLRS 8-Pixel Neighborhood System 
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It is hard to distinguish the results obtained from the CLRS four-neighbor 

program and eight-neighbor program. So, to discuss the merits of enlarging the 

neighborhood system, we have to analyze the results numerically. 

The following pictures are made by the difference of the pixel values of two 

corresponding pictures. This is the way we analyze the results (Figures 4.15-4.18). 

Figure 4. 15 Difference between Lena Original and Distorted Picture 
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Figure 4. 16 Difference between Lena Original and Restoration from CLRS 4-N 
Picture 

Figure 4. 47 Difference between Lena Noisy and Restoration from CLRS 4-N Picture 
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Figure 4. 58 Difference between Lena Original and Restoration from CLRS 8-N 
Picture 

Figure 4.15 is obtained from comparing the original Lena image (Figure 4.8) 

and the noisy Lena image (Figure 4.9), which contains 10 percent of noise. We can 

see that the noise is random distributed and has nothing to do with the original image. 

The sum of the squared pixel difference on these two images is 99075283, the average 

pixel value difference is 21.977. 

Figure 4.16 is obtained from comparing the original Lena image (Figure 4.8) 

and the restoration result from CLRS 4-Neighborhood System program. (Figure 4.10). 

The parameters are used to obtain this result can be found in the following table. 
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Table 4. 1 Comparison of original Lena image and the restored result from CLRS 4-
neighbor program 

Original Image 

Figure 4.8 

a 

0.2 

Restored Image 

Figure 4.10 

P 

0.001 

Sum of the squared 

pixel difference 

21530078 

K 

5 

Average Pixel Value 

Difference 

10.246951 

Number of iterations 

20 

From the above results, we can see that the CLRS program reduced the noise 

and restored the noisy image much close to the original one. The average pixel value 

difference is reduced by 50 percent. 

Figure 4.17 is obtained from comparing the Noisy Lena image (Figure 4.9) 

and the restoration result from CLRS 4-Neighborhood System program. (Figure 4.10). 

This result shows us what has been changed from the noisy image by the CLRS 

program. The changes are mostly happened on the corresponding noise pixels. It 

means the CLRS program recognizes noises and averages them by the CLRS 

algorithm. We can also see that the changes are also happened on the edges. This is 

because CLRS restores the image and preserves the edges at the same time. 

Figure 4.18 is obtained from comparing the original Lena image (Figure 4.8) 

and the restoration result from CLRS 8-Neighborhood System program. (Figure 4.11). 

The parameters are used to obtain this result can be found in the following table. 
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Table 4. 2 Comparison of original Lena image and the restored result from CLRS 8-
neighbor program 

Original Image 

Figure 4.8 

a 

0.2 

Restored Image 

Figure 4.11 

P 

0.001 

Sum of the squared 

pixel difference 

26241245 

K 

5 

Average Pixel Value 

Difference 

11.3185 

Number of iterations 

20 

We see that the outline of the Lena image appear clearer on Figure 4.18. than 

on Figure 4.16. This means that there is more averaging occurring during the CLRS 8-

Neighbor program, this effect can be reduced by decreasing the value of parameter 

alfa. More edges appearing on Figure 4.18 answers why 8-Neighbor program does not 

show better result than the 4-Neighbor program, although we see less noise on the 8-

Neighbor result. 

We did not show the image from comparing the 8-Neighbor restoration result 

and the noisy image, because it has the similar result as shown on Figure 4.17 except 

for more averaging on it. 

We also tried the same way above on the Pentagon and Lubbock images. The 

pixel value comparison results showed that the CLRS algorithm performs very good 

ability of image restoration and edge detection. The average pixel value difference of 

the original image and the noisy image are all reduced by more than 50 percent. 

However, the enlargement of the neighborhood range did not show any 

improvement of the restoration results, it reduced more noise while blurred the image 

as well. We thought it could be the problem that the real-world images, which are 

used above, have high correlation coefficient on it, because of which, the 4-neighbor 

and 8-neighbor cannot show any difference. To solve this problem and show the result 
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of the influence of the enlargement of the neighborhood range, we have to constmct 

some synthetic images with lower correlation coefficient. 

Theoretically, more line processes should make better edge detection. Let us 

think about a synthetic image made by only horizontal, vertical and both positive and 

negative 45-degree lines. When we use a neighborhood system of 8 nearest pixels, 

we should receive a better result than on by the nearest 4 pixels, because in the 8-

pixel neighborhood, we have all these four line processes. On the other hand, when 

we do the edge detection and enhancement, we simply add all the lines, which we get 

from the line processes, to the restored image. This way, more fine processes will 

bring better and more detailed results. However, for the synthetic image we 

mentioned above, if we use a very large neighborhood system and apply more 

various degree line processes on it, it will not help much probably. Then, the 

calculation will become huge, and the update process has to be very slow, or some 

lines will be mislead into the wrong line process and results in the wrong direction. 

As a result, the enlargement of the neighborhood system may or may not enhance the 

performance of the CLRS and PDAM algorithms. The conclusion will be made by 

the comparison of the results of different level of neighborhood system. There should 

be a specific level of neighborhood system applying to a specific image, the level is 

decided and depends totally on the complexity of the image. In this thesis, we are 

going to apply different level of neighborhood systems to three different images, a 

human photo, a city photo and a space object photo for the comparison. 

In addition, according to the tea-trade model, the closer of a neighbor in value, 

more contribution it will make. So, the weight of contribution of the pixels should be 

taken into consideration according their distance from the updated pixel. Since the 

weight will decrease rapidly when the distance increases, a large neighborhood 
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system becomes meaningless. This thesis will limit the neighbors within a radius 

of 2V2 for practical purpose. In another word, there will be at most 24 neighbors 

taken into consideration in this thesis. 

Furthermore, in a large neighborhood system, the relations of pixels - cliques 

is going to be complicated. Sometime, there are "shape processes" formed by these 

cliques instead of line processes, so the new concepts for the "shape processes" 

should be defined, explained and applied into the update process. Also as mentioned 

above, the calculation of derivatives is going to be huge and almost hard to be done 

by hand. So, new algorithms for non-derivative methods should be used as well. 

4.2 Constmct Synthetic Images with 2D Separable Correlation Model 

According to 2D separable correlation model [24], 

x{m,n) - ptix{m -\,n) + pvx{m,« -1)-pphpvx{m -\,n-\) + Tj{m,n) (4.1) 

where Tj{m,n) is the zero-mean, white noise source with unit variance, and ph,pv 

denote the first-order horizontal and vertical prediction or correlation coefficients, 

respectively. 

We constmcted an image based on the above formula and set ph = fM=Q.l and 

initialize the top and left lines of the image to be 190. See the following figures 

(Figures 4.19-4.25). 
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Figure 4. 20 The Synthetic Image with 5 Percent of Random Noise 
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Figure 4. 21 Restored by CLRS 4-Neighbor Program (40 iterations) 

Figure 4. 72 Restored by CLRS 8-Neighbor Program (25 iterations) 
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Figure 4.23 Pixel Difference between the Original and the Noisy Images 

Figure 4. 24 Pixel Difference between Original and Restored by CLRS 4-N program 
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Figure 4. 85 Pixel Difference between Original and Restored by CLRS 8-N Program 

Figure 4.24. shows the pixel difference between the original image and restored 

by CLRS 4-Neighbor program. From the following figure we can see the image is 

well restored. 

Table 4. 3 Comparison of the image generated by 2D Separable Correlation Model 
and the restored result from CLRS 4-neighbor program 

Original Image 

Figure 4.19 

a 

0.2 

Restored Image 

Figure 4.21 

P 

0.001 

Sum of the squared 

pixel difference 

1428435 

K 

5 

Average Pixel Value 

Difference 

7.815967 

Number of iterations 

40 
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Figure 4.25 shows the pixel difference between the original image and 

restored by CLRS 8-Neighbor program. From the following figures we can see the 

image is well restored. However, the restored result is not improved by the 

enlargement of neighborhood range from 4 to 8. 

To do the fiirther comparison, we need to change the value of the correlation 

coefficient. 

Table 4. 4 Comparison of the image generated by 2D Separable Correlation Model 
and the restored result from CLRS 8-neighbor program 

Original Image 

Figure 4.19 

a 

0.2 

Restored Image 

Figure 4.22 

P 

0.001 

Sum of the squared 

pixel difference 

14045007 

K 

5 

Average Pixel Value 

Difference 

8.246211 

Number of iterations 

25 

The restored result is not improved by the enlargement of neighborhood range 

from 4 to 8. To do the fiirther comparison, we need to change the value of the 

correlation coefficient. 
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4.3 Synthetic Images with the Contribution of the Nearest Eight Neighbors 

To test the influence of the enlargement of the neighborhood range on CLRS 

algorithm restoration ability, we consfructed the following formula simply by adding 

the contribution of the neighbors in the 45-degree direction. 

.\(i>i,u) = plix{m -\,>i) + pvx(m,n -]) + ps{m -\,n -\) + tj{m,n) (4.2) 

We set/yi = /7v=0.4, /a? =0.2, and initiahze the border pixels to be 190. The synthetic 

image looks like the following (Figure 4.26). 

Figure 4. 96 Synthetic Image Generated by Formula 4.2 

42 



Figure 4. 107 The Synthetic Image with 10 Percent of Random Noise 

Figure 4. 118 Pixel Value Difference between the Original Image and the Noisy 
Image 
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Figure 4. 129 Pixel Difference between Original and Restored by CLRS 4-N Program 

Figure 4. 30 Pixel Difference between Original and Restored by CLRS 8-N Program 
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Figure 4.28 shows the pixel difference between the original image and the 

noisy image which has 10 percent random noise on it. The sum of squared pixel 

difference is 101890023 and the average pixel value difference is 22.2934. 

Figure 4.29 shows the pixel difference between the original image and the 

image restored by CLRS 4-Neighbor program. From the following tables we can see 

the image is well restored. 

Table 4. 5 Comparison of synthetic image generated by formula 4.2 and the restored 
result from CLRS 4-neighbor program 

Original Image 

Figure 4.26 

a 

0.2 

Restored Image 

Figure 4.29 

P 

0.001 

Sum of squared 

pixel difference 

25903598 

K 

8 

Average Pixel Value 

Difference 

11.224972 

Number of iterations 

20 

Figure 4.30. shows the pixel difference between the original image and 

restored by CLRS 8-Neighbor program. From the following figures we can see the 

image is well restored. 

Table 4. 6 Comparison of synthetic image generated by formula 4.2 and the restored 
result from CLRS 8-neighbor program 

Original Image 

Figure 4.26 

a 

0.2 

Restored Image 

Figure 4.30 

P 

0.001 

Sum of squared 

pixel difference 

16905038 

K 

8 

Average Pixel Value 

Difference 

9.055386 

Number of iterations 

20 
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To compare the results from Figures 4.29 and 4.30, we found the 8-

neighborhood system returns better restoration results. 8-neighbor system improved 

the restoration result by around 10 percent. 

The synthetic image above seems to contain lots of 135-degree lines, it is 

because it is generated from the top left pixel. To add the contribution of all the 8 

nearest neighbors more accurately, we need to constmct the other three synthetic 

imager generated from the other three comers and then add them together. The other 

three synthetic images look like the following. 

>-J i t . j ' r mW 

Figure 4. 31 Synthetic Image Generated from the Top-right Pixel 
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Figure 4. 132 Synthetic Image Generated from the Bottom-left pixel 

Figure 4. 143 Synthetic Image Generated from the Bottom-right Pixel 
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Figure 4. 154 Synthetic Image by Averaging the Images Generated from 4 Comers 

Figure 4. 165 10 Percent Random Noisy Image 
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Figure 4. 176 The Pixel Value Difference between Original and the Noisy images 

Figure 4. 187 Pixel Difference between Original and Restored by CLRS 4-N Program 
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Figure 4. 198 Pixel Difference between Original and Restored by CLRS 8-N Program 

Figure 4.36 shows the pixel difference between the original image and the 

noisy image which has 10 percent random noise on it. 

Table 4. 7 Comparison of synthetic image on Figure 3.34 and the noisy image on 
image 4.35 

Original Image 

Figure 4.34 

Noisy Image 

Figure 4.35 

Sum of squared 

pixel difference 

107585831 

Average Pixel Value 

Difference 

22.912878 

Figure 4.37. shows the pixel difference between the original image and 

restored by CLRS 4-Neighbor program. From the following figures we can see the 

image is well restored. 
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Table 4. 8 Comparison of synthetic image on Figure 4.33 and the restored result from 
CLRS 4-neighbor program 

Original Image 

Figure 4.34 

a 

0.2 

Restored Image 

Figure 4.37 

P 

0.01 

Sum of squared 

pixel difference 

18422857 

K 

5 

Average Pixel Value 

Difference 

9.433981 

Number of iterations 

40 

Figure 4.38. shows the pixel difference between the original image and 

restored by CLRS 8-Neighbor program. From the following figures we can see the 

image is well restored. 

Table 4. 9 Comparison of synthetic image on Figure 4.34 and the restored result from 
CLRS 8-neighbor program 

Original Image 

Figure 4.34 

a 

0.2 

Restored Image 

Figure 4.38 

P 

0.01 

Sum of squared 

pixel difference 

10674470 

K 

5 

Average Pixel Value 

Difference 

7.211102 

Number of iterations 

40 

To compare the results from Figures 4.37 and 4.38, we found the 8-

neighborhood system returns better restoration results. Eight-neighbor system 

improved the restoration result by around 10 percent. 
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4.4 Synthetic Images Constiiicted by Using Toeplitz Matrix 
Like Correlation Function 

The above method is very straightforward to add the contribution of the pixels 

from ±45 and ± 135-degree directions. The results show that the enlargement of 

neighborhood improved the restoration ability of the algorithm. It is because when 

the image is restored by setting the neighborhood to the nearest four pixels which are 

the first-order cliques, it simply ignores the contributions from other pixels. In most 

cases, the contributions from other pixels are trivial and can be neglected, and four-

neighbor algorithm saves lots of computing time and is relatively easier to constmct 

and test. However, since we set the contribution from 45-degree pixels mandatory 

high, which account for 30 percent of the total contributions from all the neighbors, 

the ignorance of the 45 degree pixels would lose 30 percent of information during the 

restoration process. Due to the correlation between the diagonal direction pixels and 

the coordinate direction pixels, the eight-neighbor CLRS program brings 10 percent 

improvement over the four-neighborhood program instead of 30 percent. 

However, the above method has two limitations. Firstly, it can only generate 

an image from a specific comer and calculate the adjacent pixels and spread to the 

opposite comer. The generated image does not look like a totally random image. It 

seems to have directional lines on it (see Figure 4.26). This can also be seen from the 

edge detection results from the artificial image that there are edges on 135 degree 

direction for Figure 4.26. Second, the border pixels and the start comer pixel have to 

be initialized to static values, in the above example, they were set to be 128. So, the 

border pixels are not random values. These two limitations prevent our assumption 

that the enlargement of neighbors involved improves the restorations ability of CLRS 
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from applying to general cases and make the conclusion of improvement not very 

convincing. 

Actually, we need to construct a random image whose pixels are totally 

random chosen and by the meantime, the correlation fiinction matrix of the image has 

a relatively higher correlation coefficient than the real-worid images. This makes us 

remember the form of the Toeplitz Matrix [25, 26]. 

R 

1 P 

P 1 

P" 

P 

P 1 

(4.3) 

p is the correlation coefficient. To make the problem more explicit, we need 

to constmct a random image with the following correlation matrix. 

R = Pc 

PrPc 

Pc 

PrPc 

2 

Pr 

Pre 

1 

Pr 
2 

Pr 

PrPc 

Pc 

PrPc 

2 
Pc ••• (4.4) 

p^ and p^ are the coefficient of column and row. The size of the matrix can 

be as big as the whole image if we do not ignore the coefficient with high powers. 

Let x(i,j) be a pixel of the random image at i,j position in a two-dimensional 

random field. Also, let us assume Toephtz forms for correlation coefficients as 

p[x{i,j),x{i + k,j)] = pl'' (4.5) 
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p{x(i,j),.x(ij + l)] = pj'-^ (4.6) 

p[x(i,j),.x{i + k,j + l)] = p['^pl^^ • (4.7) 

That is, the correlation coefficient between x(i,j) and x(i+k,j), which is called 

the column correlation coefficient, pi''' ,depends only on k. The same is tme for the 

row correlation coefficient, /7*" . The correlation coefficient between x(i,j) and 

x(i+k,j+l) is assumed to be the product of /?{,''' and p,'"' 

Here, we assume p^ = p^.= p If pis small enough, say 0.2, then p^ =0.04 

and /7^ =0.008. We can ignore p^ and all the coefficients with the power higher than 

3. To do this, we can compare the restoration results from four-neighbor and eight-

neighbor CLRS programs without considering the confributions from fiirther pixels. 

Now, we know what kind of the random image we want; the problem becomes 

how we can go in refro-direction with the coefficient matrix to generate the image. 

We implement the generation of the image by using convolution mask [27]. 

The most elementary combination of the pixels in a neighborhood is given by 

an operation which multiplies each pixel in the range of the filter mask with the 

corresponding weighting factor of the mask, adds up the products, and writes the 

result to the position of the center pixel. This operation is known as a discrete 

convolution and is defined as: 

r r r r 

G'r„r,= X Yj^n,wG^-„:„-„'= ^ Z ^ - ' " • . - " ' ^ m + ' " > + " ' " ^^'^^ 

m=~r n=-r m=~rn=-r 

This equation assumes an odd-sized mask with (2;- +1) x (2r +1) coefficients. 

The convolution mask can also be written as a matrix of the same size as the image to 

which it is applied as illustrated in (4.4). 
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A mask, for instance with constant coefficients, will essentially spread out a 

point to the size of the mask and thus filter out all small scales which are smaller than 

the size of the mask. An image stmcture which is most similar to the mask gives the 

maximum response. The reason for this behavior lies in the fact that convolution is 

very similar to correlation which is defined as : 

A / - 1 W - l 

(H*G) =yyH ..G . . f4 9) 
m'=On'=0 

The only difference between correlation and convolution is that the mask is 

not mirrored. For a symmetric filer mask correlation and convolution are identical 

operations. 

Let us assume that we perform the convolution line by line and from left to 

right as illustrated in Figure 4.39. When we apply the convolution mask onto the point 

(2,4), the gray values at all pixel positions above and to the left of the current pixel 

[(1,3),(1,4),(1,5) and (2,3)] are already having the correlation properties we expect by 

the previously computed results. The pixels lower and to the right of the current pixel 

[(2,5),(3,3),(3,4) and (3,5)] do not have the correlation properties. Consequently, the 

calculated result of the pixel (2,4) does not have the perfect match of the correlation 

properties as the mask since half of the pixels in the mask do not have the desired 

values and are going to be updated right afterwards. This problem is common to all 

kinds of neighborhood operations, not only convolutions 
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Figure 4. 39 Image convolution by scanning the convolution mask line by line 
over the image. At the shaded pixels the gray values already matches the 

properties of the mask while the pixels in the unshaded area do not. 

Although the calculated pixel point (2,4) does not have the perfect match of 

the correlation properties, the gray pixels in the mask do pull (2,4) towards the desired 

result. So the solution to this problem is to apply the mask to the image multiple times. 

Each time the mask applied, the calculated pixel gets closer to the desired result. Until 

the update of the pixel values is smaller than a threshold, we can say that the image 

has the correlation properties of the mask as illustrated in 4.4. Theoretically, more 

iteration, more prefect the image matches the mask. But practically, if we apply too 

many iterations, the pixel values are close to one constant value, and the variance of 

the pixel values becomes very small. By experiments, we found that 10 is a good 

number for the application of the masks. Following is the image which is generated 

by applying corresponding mask 10 times. 

Suppose the correlation coefficient p^ = /?,..= p= 0.8. For the purpose of 

testing, we only consider the nearest eight neighbors. Actually, since p is high, we 
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cannot ignore the contribution from the neighbors beyond the nearest eight. A more 

detailed example is shown later. The weight of the each neighbor is given by 

Weight 

(4.10) 

Hpir 
Then the convo 

"O.lll 0.139 0.111 

0.139 0 0.139 

0.111 0.139 0.111 

57 



Figure 4. 40 A Random Image with 
Pixel value Range from 0-255 
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Figure 4. 201 The Histogram of the 
Random Image on Figure 4.40. The pixel 

Values are Evenly Distributed. 

Figure 4. 212 Apply the Mask to the 
Random Image 10 times Figure 4. 223 The Histogram of 

Figure 4.42 
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Let us randomly take a pixel value out of the matrix after the lO"" loop before 

tmncating the number. The value of the pixel (5,5) is 141.421. The values of its 

neighbors are shown in the following table (Table 4.10). 

Table 4. 10 Pixel values of the nearest 8 neighbors of (5,5) after applying 
convolution mask on a random image 10 times 

140.528 
146.123 
149.466 

136.105 
141.421 
144.838 

133.621 
138.74 

142.204 

To test if pixel (5,5) has the desired correlation properties to its neighbors, we 

can calculate the pixel value of (5,5) again by applying the convolution mask. 

(5,5) = (4,4) X 0.111 + (4,5) x 0.139 + (4,6) x 0.111 -f (5,4) x 0.139 + (5,6) x 0.139 

+ (6,4) X 0.111 + (6,5) X 0.139 + (6,6) x 0.111) = 141.515 

We can see the desired value 141.515 is close enough to the calculated result, 

141.421 after applying the mask 10 times. 
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Figure 4. 234 Degraded Figure 4.40 
Image with 10 Percent of Noise 

» • " " _ i t • 

\n.'^jm^M^ 

Figure 4. 245 Restored by CLRS 4-
Neighbor Program 

Figure 4. 256 Restored by CLRS 
Neighbor Program 

To compare the restoration result, we compare Figure 4.42 with Figure 4.45 

and Figure 4.46, respectively: 
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Table 4. 11 Comparison of original image on Figure 4.42 and the restored result from 
CLRS 4-neighbor program 

Original Image 

Figure 4.42 

a 

0.2 

Restored Image 

Figure 4.45 

P 

0.01 

Sum of squared 

pixel difference 

1353835 

K 

5 

Average Pixel Value 

Difference 

2.44949 

Number of iterations 

20 

Table 4. 12 Comparison of original image on Figure 4.42 and the restored result from 
CLRS 8-neighbor program 

Original Image 

Figure 4.42 

a 

0.2 

Restored Image 

Figure 4.46 

P 

0.01 

Sum of squared 

pixel difference 

1027483 

K 

5 

Average Pixel Value 

Difference 

2.236068 

Number of iterations 

20 

To compare the above to tables, we can easily find that the 8-neighbor 

program reduces the sum of squared pixel difference by 24.106 percent and average 

pixel value difference by 8.713 percent. 

The above example shows good restoration result improvement after the 

enlargement of size of the neighborhood of CLRS algorithm. However, since the 

correlation coefficient is set high, 0.8, if we use a mask of 3x3 matrix, we would lose 

lots of contributions made from the pixels fiirther than the nearest eight. /?=0.8, then 

p'' =0.26, so even the pixel which is 6-pixel away from the center can still contribute a 

portion of its value to the center pixel. In this case, if we enlarge the size of the mask 
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mati-ix to 6x6, and use a CLRS 36-neighbor program to restore the noise image, we 

can obtain a much better improved result. 

On the other hand, if we really want to compare the restoration result between 

the nearest 4 pixels and the 8 pixels, we have to constiaict an image with a relative low 

correlation coefficient. 

Let us assume/?^ = p^ .= p= 0.2, then p^ = 0.04 . The coefficient with power 

higher than 2 can be ignored. The convolution weight mask is 

0 0 0.042 0 0 

0 0.042 0.208 0.042 0 

0.042 0.208 0 0.208 0.042 (4.11) 

0 0.042 0.208 0.042 0 

0 0 0.042 0 0 

Then, we fiirther ignore the outer values of the matrix due to their 

insignificance and reduce the 5x5 matrix to the following 3x3 matrix. 

0.042 0.208 0.042 

0.208 0 0.208 

0.042 0.208 0.042 

(4.12) 
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Figure 4. 267 Apply the Mask to the 
Random Image 10 Times 

Figure 4. 289 Restored by CLRS 4-N 
Program 
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Figure 4. 278 Degraded Figure 4.47 
Image with 10 Percent of Noise 

Figure 4. 50 Restored by CLRS 8-N 
Program 

Table 4. 13 Comparison of the image applied mask on Figure 4.47 and the restored 
result from CLRS 4-neighbor program 

Original Image 

Figure 4.47 

a 

0.2 

Restored Image 

Figure 4.49 

P 

0.01 

Sum of squared 

pixel difference 

1756067 

K 

5 

Average Pixel Value 

Difference 

2.828427 

Number of iterations 

40 
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Table 4. 14 Comparison the image applied mask on Figure 4.46 and the restored result 
from CLRS 8-neighbor program 

Original Image 

Figure 4.47 

a 

0.2 

Restored Image 

Figure 4.50 

P 

0.01 

Sum of squared 

pixel difference 

1582296 

K 

5 

Average Pixel Value 

Difference 

2.645751 

Number of iterations 

40 

To compare the above to tables, we can easily find that the 8-neighbor 

program reduces the sum of squared pixel difference by 9.9 percent and average pixel 

value difference by 6.5 percent. 
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CHAPTER 5 

RESTORATION AND SEGMENTATION MODELS 

5.1 Other Edge Detection Models 

Edges are basic image features. They carry useful information about object 

boundaries which can be used for image analysis, object identification and for image 

filtering applications as well. Despite their fundamental importance in digital image 

processing and analysis, no precise and widely accepted mathematical definition of an 

edge is yet available. This fact is explained by the mechanisms in the human 

perception of the boundary of an object. In the paper, we use the definition of edges 

from Springer's book that "edges are defined as intensity gradients or intensity 

discontinuities of an image." We suppose that the edges are points with a high gray 

value difference in the local neighborhood. Edges, or their values and directions, can 

be used as features for fiirther image processing. Edge detection generally results in a 

considerable reduction of image data. In this paper, we experiment on two most well-

know edge detectors. Canny edge detector [28] and Sobel edge operator [29, 30]. 

5.1.1 Canny Edge Detection 

Carmy edge detection is a three-step process: applying Canny Enhancement, 

applying Nonmax suppression and applying Hysteresis Thresh. 

There are three criteria for Canny edge detection. 

1. Good Detection: Reduce the no-edge points and keep the real edges. 

2. Good Localization: The edge detected must be as close as possible to the 

tme edges. 
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3. Single Response Constraint: For each edge point, there should be only one 

pixel returned, which means the edges should be single-pixel lines. By 

Hysteresis thresholding, the lines are reduced to one pixel wide. 

Canny edge detection use gradient method to get the edge strength and edge 

normal (edge orientation). 

Edgesti-ength e,{iJ) = p]{i,j) + Jl{i,j) (5.1) 

Edge normal e^{i,j) = a r c t a n ^ (5.2) 

Hysteresis thresholding reduces the probability of false contours, as they must 

produce a response higher than r to occur, as well as the probability of streaking, 

which requires now much larger fluctuations to occur than in the single-threshold case. 

5.1.2 Sobel Edge Detector 

Soble edge operator is relatively easier in implementation. It is implemented in 

a 3x3 neighborhood with the calculated pixel in the center. The vertical and horizontal 

Sobel operator masks are given below. 

1 2 1 - 1 0 1 

OPx= 0 0 0 OPy= 0 0 0 (5.3) 

- 1 - 2 - 1 - 1 - 2 - 1 

The 45 degree and 135 degree edges can be detected by 

2 1 0 0 1 2 

OPs= 1 0 - 1 OPt= - 1 0 1 (5.4) 

0 - 1 - 2 - 2 - 1 0 
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5.2 Edge Detection Results 

Figure 5. 1 Edges from CLRS 

Figure 5. 2 Edges from Canny 

Figure 5. 3 Edges from Sobel 
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Figure 5. 4 Horizontal Edges from CLRS 

Figure 5. 5 Horizontal Edges from Canny 

Figure 5. 6 Horizontal Edges from Sobel 
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Figure 5. 7 Vertical Edges from CLRS 
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Figure 5. 9 Vertical Edges from Sobel 
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Figure 5.10 45-degree Edges from CLRS 

Figure 5.11 45-degree Edges from Canny 

Figure 5.12 45-degree Edges from Sobel 
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Figure 5.13 135-degree Edges from CLRS 

Figure 5.14 135-degree Edges from Canny 
• :'! ,•• •,' . • ^' • • \:K \ ' ^ . \ v : ; . ' • • • > ' • • , ^ -
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Figure 5.15 135-degree Edges from Sobel 
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Figure 5.16 Edges from Noisy Image by CLRS 

ST^ 

Figure 5.17 Edges from Noisy Image by Canny 

Figure 5.18 Edges from Noisy Image by Sobel 

72 



CHAPTER 6 

CONCLUSIONS AND FUTURE WORKS 

The purpose of this thesis was to implement and evaluate an image restoration 

and segmentation algorithm, CLRS, developed by a previous research. This algorithm 

is based on the principle of competitive leaming: observations and demonstrations of 

early vision. And this has been done. The objectives achieved in this research are as 

follows. 

1. The image restoration and segmentation algorithms: CLRS and PDAM have been 

implemented and reprogrammed. 

2. The restoration performance of CLRS has been tested in a wide range of 

parameters, and compared to the restoration results obtained from PDAM. 

3. The size of the neighborhood used in CLRS has been enlarged to the nearest eight 

pixels, and the CLRS 8-neighbor algorithm has been developed and tested in a set 

of images. The performance of the CLRS 8-neighbor algorithm has been 

compared with the previous CLRS 4-neighbor algorithm on seveal real-world 

images. 

4. Several ways to constmct synthetic images based on mathematic and statistical 

principles have been developed. The performance of the restoration based on these 

synthetic images has been compared between CLRS 4-neighbor and 8-neighbor 

algorithms. 

5. The edge detection performance of CLRS on a set of real-world images has been 

compared with the edge detection performance of two well-known edge detection 

algorithms: Canny edge detector and Sobel operator. The comparison was 

extended to horizontal, vertical, 45-degree, 135-degree edges and noisy images. 
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6.1 Conclusions 

The following conclusions can be drawn from the research report in the 

preceding sections. 

• In a nearest neighborhood system, we found that both methods, the CLRS and 

PDAM seem to have equally good performance, while PDAM is better in 

restoration, and CLRS is better in edge preservation and edge enhancement. 

Although most of work has been done by the previous research, we 

reprogrammed the CLRS and PDAM algorithms and received good results 

from both of them, especially for CLRS, we got better results than the 

previous work. Compare Figure 4.5 and Figure 4.6, which are the restoration 

results from CLRS and PDAM, we can see that CLRS did a great job to get rid 

of all the noises on the image and the restored image is not too much blurred. 

It shows better restoration result than PDAM. 

• From the results obtained from the synthetic images restoration, we can see 

that the enlargement of the size of the neighborhood from the nearest four 

pixels to the eight pixels improved the restoration ability of CLRS algorithm. 

When the correlation coefficient p is lower than 0.2, the improvement is not 

explicit. Since most real-world images we tested in the thesis have a p lower 

than 0.2, we cannot find the improvement of restoration ability on these 

images. On the contrary, the increased line processes blurred the image. The 

higher the correlation coefficient, the better the restoration results from the 

enlarged neighborhood size. When p is as large as 0.8, the 4-neighbor 

algorithm could lose up to 70 percent of the information of a pixel which are 

contributed from neighbors other than the nearest four, while the 8-neighbor 

algorithm loses only 30 percent. So, to deal with the images with high 
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correlation coefficient, a large size of neighborhood can bring better 

restoration results. The size of the neighborhood can be determined by the 

highest power of p that we cannot ignore. For example, if /C'=0.6, we suggest 

that we can use the nearest 24 neighbors for CLRS restoration. When p is 

close to 0.8, we suggest the nearest 80 neighbors. When p is smaller than 1.5, 

the nearest 4 neighbors are quite enough. 

The noisy image converges much faster by CLRS 8-neighbor algorithm than 

CLRS 4-neighbor algorithm. It took a loop of 60 iterations by CLRS 4-

neighbor program to restore, the pentagon noisy image (see Figure 4.13). 

While it only took CLRS 8-neighbor program 40 loops (see Figure 4.14). It is 

because CLRS 8-neighbor algorithm takes larger range of pixels for averaging, 

and the updates of the pixels in each loop are larger than the updates by CLRS 

4-neighbor algorithm. So, the enlargement of the neighborhood size brings a 

faster algorithm. However, because the derivatives of the line processes 

become much more complicated by the enlargement of the neighborhood size, 

the actually computation time is big than the 4-neighbor algorithm. 

CLRS, Canny edge detection and Sobel operator are all good algorithms to 

find edges in images. They show similar results in non-noisy images. But 

when working on the noisy images, there are a few problems with the Sobel 

algorithm. Firstly, the Sobel detector is incredibly sensitive to noise in the 

picture. Most real-world pictures will have noise in them and the Sobel 

algorithm effectively highlights them as edges. This can yield horribly 

ineffective results: Both CLRS and Canny averages the noise before searching 

for the edges, so they show better results than Sobel. From the result of the 

noisy image, we can also notice that the Sobel edges are very thick. This can 
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occur for a few reasons; one possibility is if the edge is one pixel thick, the 

Sobel detector will thicken it because there are two consecutive intensity 

changes. The Canny edge detector solves these problems by firstly blurring the 

image slightly then applying an algorithm that effectively thins the edges to 

one-pixel. 

6.2 Future Works 

During this research, there are several fields needing further exploration and 

some new research directions opened up. Some of them are listed in the following. 

• Exploration of the CLRS for a wider range of parameters is needed. During 

our research, we discussed the main parameters of CLRS such as / , K in 

detail. We also tried a wide range of / , K,a, and P in this research. However, 

there are other parameter to control the line processes such as Ih, L, Lh, lev, Ikh, 

and Lv.. And as the enlargement of the neighborhood size, the number of this 

kind of parameters increases rapidly. Proper setting of these parameters will 

enhance the restoration and segmentation results of the CLRS algorithm. To 

fiirther study and control the value of these parameters can help obtain the 

details of the restoration results which are of interests. 

• A method to determine the appropriate size of the neighborhood for a specific 

noisy image is needed. In this research, we suggest to do the autocorrelation of 

the original image. But if the image has noise on it, how to predict the 

autocorrelation fiinction of the original image? It is a problem needs to be 

solved. 
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Object recognition based on the edges obtained from the CLRS may be an 

interesting new research direction. The key process for object recognition is to 

compare the image data with a database of models. So, we must first setup a 

database against which the matching takes place. For each object, we need to 

take a number of images to cover the different camera angles, object regions 

and viewing spheres. Next, CLRS algorithm is used to extract potential key 

features from the image. Then, we can access the database with the features as 

the primary key. The mathematical model will be established to use 

information retrieved from database, and concludes the object detected. 

A combination of CLRS and other algorithm in image restoration and 

segmentation needs to be studied. This is due to the previous study result that 

union of edges produced by CLRS algorithm and the fractal dimension has led 

to discernible details and clear detection of some images, while taken the edge 

by the two algorithms separately, all the details for these images are not clear. 

The approach of combining the edges from different edge detection methods 

could show a definite potential in improving the edge detection and area 

identification by statistical properties. 
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APPENDIX 

Due to the space limit, I can only list the names of the programs used in this 

thesis. For requesting of these grograms, send me email to Ii@cs.ttu.edu. 

1. Clrs4p.c 

2. ClrsSp.c 

3. Histogram.c 

4. Comparelmage.c 

5. Cor_synthetic.c 

6. Con_synthetic.c 

7. Teoplitz_synthetic.c 

8. Caimy.c 

9. Sobel.c 
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