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1.1 Introduction

During the last five decades or even more a large number of researchers are
trying to design intelligent systems to perform tasks at which human beings
are more efficient at present. One of the most important behavioral tasks in
which human beings show their expertise is image analysis or recognition; where
a large amount of pictorial data is processed in a very small amount of time
(called real time). Widespread attempts have been made to develop intelligent
systems (under different names, like pattern recognition system, image under-
standing system, computer vision system etc.) for pictorial pattern analysis and
recognition. The importance of these subjects is due to their extensive use in

a broad range of scientific and commercial application areas such as :

o document processing : recognition of printed and hand written characters;

biology and medicine : cytology (blood cell counting, chromosome anal-

ysis, etc.), radiology, ECG analysis, EEG analysis and cancerous growth

detection;

o criminal identification : ‘finger print analysis, hand written character

recognition and face recognition;

military applications : target detection, missile guidance and airport de-

tection;

industrial automation : robotics, micrographic image analysis and non-

destructive testing;

remote sensing : land surface determination, earth surface classification,

radio astronomy, meteorology and environment monitoring;

man-machine communication : processing of visual information for image

understanding and scene analysis.

In addition to the classical mathematical techniques (deterministic and prob-

abilistic) new technologies, like fuzzy set theory and artificial neural network

2



models are suggested for designing such systems. The theory of fuzzy sets pro-
vides an approximate and yet effective means for describing the characteristics
of a system which is too complex or ill-defined to admit of precise mathematical
analysis. Fuzzy sets can model the human thinking process and behavior, and
is reputed to handle (to a reasonable extent) uncertainties arising from deficien-
cies of information available from a situation, the deficiencies may result from

incomplete, ill-defined, not fully reliable, vague and contradictory information.

Artificial neural networks are signal processing systems that try to emulate the
human brain, i.e., the architecture and working principle of human nervous
systems, by providing a mathematical model of combination of numerous neu-
rons connected in a network. These models are reputed to have the following

characteristics : adaptivity, speed, fault tolerance and optimality.

The aim of this thesis is to present some results of investigations, both theoreti-
cal and experimental, that demonstrate the effectiveness of some of the concepts
of fuzzy set theory and artificial neural network models in formulating various

image segmentation/object extraction methodologies for image analysis. The

rest of this chapter is organized as follows. In section 1.2 preliminaries of im-

age processing and analysis are described in short. A survey on existing image
segmentation techniques is given in section 1.3. A discussion on the integration
of the merits of fuzzy set theory and neural networks is made in section 1.4.

Scope of the thesis is provided in section 1.5.

1.2 Preliminaries of image processing and

analysis

An image (monochrome image) is a two dimensional function f'(x,y); where
(w,y) denotes a point in the two dimensional plane (image plane) and f'(z,y)
(0 < f'(z,y) < oc) is called the gray value or gray level at that point. The gray

value at (z,y) is proportional to the light intensity or brightness value at this

al image f(z,y) is obtained by discretizing an image f'(z,y) in

point. A dig



both spatial domain and brightness values. Thus a digital image can be viewed
as a two dimensional matrix whose row and column indices identify a point in
the image and the value at this point shows the intensity value (gray value) at
that point. Throughout this thesis an L level digital image X of size M x N
will be represented as

X = [f(m,n)lmxn (1.1)
where: f(m,n) € G = {1,2,..., L}, the set of gray levels (having a maximum
value of L); m =1,2,...,M;n=1,2,...,N.

Each element of an image matrix is called an image element, picture element,
pizel or pel. From now on the terms gray level image or image and pizel will be
used to refer to a digital image and its elements, respectively.

Image processing refers to operations that transform an input digital image
into other image forms which are, in some desired sense, improved versions of
the input image. Image analysis, on the other hand, deals with description
of shapes, positions, colors, sizes and relationships among the different regions
or parts in the image, and their recognition. The major image processing and
analysis tasks are :

digitization of input image,

image quality improvement (e.g., restoration and enhancement),

feature/primitives extraction (e.g., segmentation of different regions,
edges or contours detection, image thinning),

e image coding and data compression for efficient storage and transmission,

representation and description of image data for analysis and recognition.

A short description of these tasks is given in the following sections.



1.2.1 Digitization

Digitization is a process which converts the continuous brightness value (light
intensity) and spatial coordinates into discrete components. The quality of the
processed image depends, obviously, on the resolution of digitization both in
gray levels and spatial coordinates. The higher the resolution in either scale,
the better is the quality of the processed output. However, nothing can be
gained by increasing the resolutions beyond the spatial and gray scale resolution
capabilities of the receiver. For details one can see [1]-[4].

1.2.2 Image quality improvement

In practical situations, often it is noticed that the available image is not of the
desired quality that is necessary or not suitable for some specific purpose. The
quality of these degraded images can be improved either by enhancement or
by restoration. In enhancement techniques some suitable transformations are
applied on the input image so that the result is more suitable than the original
for a particular purpose. Various methods have been suggested for this task
both in spatial and frequency domain (see [1)-[4], [5]-(12]). The objective of
restoration is the same as that of enhancement; but in this technique either the
degradation function is known or can be estimated by modeling the degradation
process in order to restore the information that has been lost in the image.
(Note that in case of enhancement the information is not lost, but needs to be
highlighted.) Thus some apriori knowledge about the degradation function is a
must for restoration. Further information can be obtained from [1]-[4], [13, 14].

1.2.3 Primitive extraction

Segmentation
The process of partitioning a scene into connected non-overlapping meaningful
regions (representing the naturally occurring components in an image) is known

as image segmentation. This is one of the most important components of an



image analysis/computer vision system. Various approaches, like histogram
thresholding, clustering and iterative pixel classification have been suggested
for this task. Once the meaningful regions have been extracted, the relationship
among various components can be cstablished and their properties (features)
can be computed. Since the present thesis is on image segmentation, a detail
discussion on its characteristics, strategies involved and performance evaluation

is provided in section 1.3 while reviewing the existing methodologies.

Edge detection

Another widely known process of region separation uses information of intensity
change. If the gray levels are relatively consistent in each of the two adjacent
extensive regions and if they change abruptly as the border between the regions
is crossed, then such a border is called an edge. The higher the difference in
intensity between two regions, the stronger is the edge intensity between them
and the easier is their detection. Thus, the regions in a scene can be separated

by extracting edges. A large number of techniques for edge extraction are

available in the literature [1]-[4], [15]-[24]. Some of them are explained in section

1.3.1.D while deseribing the review on image segmentation techniques.

Thinning

Thinning or skeletonization is a process of transformation that extracts the
core lines of images preserving their shape and topological information to a
great extent. A considerable amount of data reduction could be obtained while
retaining the essential properties of the original image by thinning. Thinning

s also necessary for image representation and efficient handling of complex

image analysis algorithms. For example, the thinned version (or the skeleton)

can be used cither as a prototype for efficient matching of the image, or for
extracting its constituting arcs, lines, curves and branches representing the
structural primitives of the image for its recognition. Details can be obtained

in (2], (25]-32).



1.2.4 Image data compression

Image data compression means the suppression or rejection of redundant infor-
mation from the total information contained in the given image. Depending on
the purpose and the context of application the meaning of redundancy varies.
Data compression is needed to reduce the storage requirement and for effi-
cient transmission. If the purpose is reduction of storage, then the compression
technique should be such that a perfect reconstruction is possible. In image
transmission applications, interest lies in techniques which achieve maximum
reduction in the quantity of data to be transmitted subject to the constraint
that a reasonable amount of fidelity is preserved. It is mainly achieved by image
coding and image thinning/skeletonization. A good coverage of various aspects

of image data compression can be found in [1)-[4], [33]-[37).

1.2.5 Image representation and description

Segmentation decomposes a picture into meaningful regions. Different geomet-
rical properties such as size, shape, position, connectedness, border information
etc. are then used to represent these regions. Picture description, on the other
hand, specify the relationship among these parts. Different models (namely,
relational, declarative and procedural) have been suggested for picture descrip-
tion. In the relational model structures such as graphs (in which nodes corre-
spond to regions and arcs correspond to relation between parts) are used for
image description. Declarative models put constraints on properties and rela-
iption. In procedural or syntactic model

tions among parts at the time of des

grammars are used to describe images. For more details one can refer [1, 2],

[38]-[44].



1.3 Review of image segmentation techniques

Segmentation is an important step of a pattern recognition, image analysis
and machine vision system [1]-[4], [17, 47). For example, in a vision guided
car assembly system the robot needs to pick up appropriate components from
the bin. For this, segmentation followed by recognition is required. Segmen-
tation' [48, 49, 50] is a process of partitioning the image space into some non-
intersecting meaningful regions such that each region is homogeneous and union
of no two adjacent regions is homogeneous. Formally, it can be defined [39] as
follows. If F is the set of all pixels and P() is a uniformity (homogeneity) pred-
icate defined on groups of connected pixels, then segmentation is a partitioning
,S,) such that

of the set I into a set of connected subsets or regions (Si, Sz, -
USi=F with S$iNS; =6, i#j. (1.2)
i=1

The uniformity predicate P(S;) =true for all regions (S;) and P(S;US,) =false,

when S; is adjacent to Sj.

There are various ways in which one can attempt to extract the image seg-

ments. These can be categorized broadly into two groups, namely, classical

approach and fuzzy mathematical approach. Under the classical approach we
have segmentation techniques based on histogram thresholding, edge detection,

iterative pixel classification, and semantic and syntactic approaches. Similarl

fuzzy mathematical approach also has techniques based on thresholding, edge

detection, and iterative pixel classification. Besides these, a few attempts have
also been made using neural network models for pixel classification and his-
togram thresholding. It may be mentioned here that there is no single method
which can be considered good for all images; nor all methods are equally good

for a particular type of image.

Though many algorithms are available for color image segmentation, the liter-
ature is not that rich as it is for gray level images. In this context it may be
mentioned that the literature is quite rich on the methods of segmentation, but
not many attempts have been made for the objective evaluation of segmented

outputs. The following subsections present a critical review and summary of

8



some of the existing methods including color image segmentation and objective

evaluation.

1.3.1 Classical methods

A. Gray level thresholding

Thresholding is one of the old, simple and popular techniques for image seg-
mentation. Thresholding can be done based on global information (e.g., gray
level histogram of the entire image) or local information (e.g., co-occurrence
matrix) of the image. Taxt et al. [51] refer to the local and global informa-
tion based techniques as contextual and non contextual methods, respectively.
Under each of these schemes (contextual/non contextual) if only one thresh-
old is used for the entire image then it is called global or bilevel thresholding.
Here bilevel thresholding means the image is partitioned into two regions say,
object (black) and background (white). On other hand, when the image is
partitioned into several sub-regions and a threshold is determined for each of
the sub-regions, it is referred to as local or multi-level thresholding [51]. In this
casc one tries to get a st of thresholds {13, 7%, .. ., T} such that all pixels with

FGm,n) € [T, Tipr)yi = 1,2, k — 1; constitute the ith region type.

If the image is composed of regions with different gray level ranges, i.c., the
regions are distinct, the histogram of the image usually shows different peaks,
cach corresponding to one region; and adjacent peaks are likely to be separated
by a valley. For example, if the image has a distinct object on a background, the
gray level histogram is likely to be bimodal with a deep valley. In this case, the
bottom of the valley (7') is taken as the threshold for object background separa-
tion. In other words, gray levels less than or equal to 7" are taken as parts of the
object (background) and others are considered to be its background (object).
Therefore, when the histogram has a (or a set of) deep valley(s), selection of
threshold(s) becomes easier because, it becomes a problem of detecting valleys.

Various methods are available for this.

For example, Otsu [52] used a measure of class separability. He maximized the

ratio of the between class variance to the total variance for obtaining thresh-
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olds. Nakagawa and Rosenfeld [53] assumed that the object and the background
populations are distributed normally with distinct means and standard devi-
ations. Under this assumption they selected the threshold by minimizing the
total mis-classification error. This method is computationally involved. Kittler
and Illinworth [54], under the same assumption of normal mixture, suggested a
computationally less involved method. The method optimizes a criterion func-
tion related to average pixel classification rate that finds out an approximate

minimum error threshold.

Pun [55] assumed that an image is the outcome of an I symbol source. Fe

maximized an upper bound of the total aposterior entropy of the partitioned
image for the purpose of selecting the threshold. Kapur et al. [56], on the other
hand, assumed two probability distributions, one for the object region and the
other for the background region. They then, maximized the total entropy of
the partitioned image in order to arrive at the threshold level. Wong and Sa-
hoo [57] attempted to maximize the aposterior entropy of a partitioned image
subject to a constraint on the uniformity measure of Levine and Nazif [58]
s2)

e s; and s, are the

and a shape measure. They maximized the aposterior entropy over min (s

and max(sy, ;) to get the threshold for segmentation; wher

threshold levels at which the uniformity and the shape measure attain the max-
imum values, respectively. Pal and Pal [59] modeled the image as a mixture of
two Poisson distributions and developed several parametric methods for seg-
mentation. The assumption of the Poisson distribution has been justified based
on the theory of image formation. The algorithms maximize either entropy or
minimize the x* statistic. Though these methods use only the histogram infor-
mation, they are found to produce good results due to the incorporation of the

image formation model

All these methods have a common drawback, they take into account only the
histogram information (ignoring the spatial details). As a result, the algorithm

in the

may fail to detect thresholds if these are not properly reflected as valley
histogram, which is normally the case. There are many thresholding schemes

which use spatial information, instead of histogram information. For exam

a and Rosenfeld [2, 60] is dependent on the

ple, the busyness measure of Wesz



co-occurrence of adjacent pixels in an image. They minimized the busyness

imeasure in order to arrive at the threshold for segmentation. Deravi and Pal
(6] minimized the conditional probability of transition across the boundary
between two regions. This method also uses the local information contained
in the co-occurrence matrix of the image. However, finally all these methods
threshold the histogram, but since they make use of the spatial details, they
result in a more meaningful segmentation than the methods which use only
the histogram information. Pal and Pal (62, 63] proposed measures of contrast
between regions and homogeneity of regions using the brightness perception as-
pect of human psychovisual system, and applied them to segmentation. They
also defined the higher order local entropy and conditional entropy of an im-

age (63, 64] giving measures of homogeneity and contrast, respectively. These

measures are finally applied to develop object extraction algorithms. A con-
cept similar to the second order local entropy of Pal and Pal [64] has been

used by Abutaleb [65] for segmentation. Gray value of a pixel and the avera

of its neighboring pixels have been used there for the computation of the co-
secnrrence matrix. As a result the boundary of the segmented object usually

becomes blurred.

I'he philosophy behind gray level thresholding, pizels with gray level < T fall
into one region and the remaining pizels belong to another region, may not be
{rie on many occasions, particularly, when the image is noisy or the background
is uneven and illumination is poor and improper. In such cases the objects will
still be lighter or darker than the background, but any fixed threshold level for

the entire image will usually fail to separate the objects from the background

This leads one to the methods of adaptive thresholding and pixel classification
3, 66, 67] nor-

mally the image is partitioned into several non-overlapping blocks of equal arca

(deseribed in the next subsection). In adaptive thresholding [2, ¢

and a threshold for each block is computed independently. Chow and Kancko
(6] nsed the (sub)histogram of each block to determine local thresholds. These

shold

local thresholds are then interpolated over the entire image to yield a thr
surface. They [66] used only gray level information. Yanowitz and Bruckstein
[67) extended this idea to use combined edge and gray level information. They

computed the gray level gradient magnitude from a smooth version of the im-
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age. The gradient values have then been thresholded and thinned using a local
maxima directed thinning process. Locations of these local gradient maxima are
taken as boundary pixels between object and background. The corresponding
gray levels in the image are taken as local thresholds. The sampled gray levels
are then interpolated over the entire image to obtain the adaptive threshold

surface.

B. Iterative pizel classification

i) Relaxation

Relaxation [2, 68, 69] is an iterative approach to segmentation in which classi-
fication decision about each pixel can be taken in parallel. Decisions made at
neighboring points in the current iteration are then combined to make decision
in the next iteration. There are two types of relaxation : probabilistic and

furzy.

Suppose a set of n pixels {p1,p2,...,pa} are to be classified into m classes

{C1,Ca, o

pair of class assignments p; € C; and p, € Cy, there

C,.}. For the probabilistic relaxation we assume that for each

ex

sts a quantitative

measure of compatibility C(i,j;k, k), i.c., the class assignment of pixels are
Thok)

indicates the compatibility of p; € C; and py € Cx, while a negative value

interdependent. It is reasonable to assume that a positive value of C(i,

and a zero don’t care situation. The function C

represents incompadtibilit

need not be symmetric. Let p;; represent the probability that p; € C; and

pr € Cp with 0 < p; < 1, and D _p;; = 1, Vi. Intuitivel
5

i pa is high

and C(i, j; b, k) is positive, we increase py; since it is compatible with the high

probability event p, € Cy. Similarly, if pux is high and C(i, j; h, k) is negativ

we reduce p;; as it is incompatible with py € Cy. On the other hand, if py is

low or C(i,; h, k) is near

y zero, p;; is not changed as either p, € Cy has a low
probability or is irrelevant to p; € ;. Since this technique has been compared
with two of the proposed algorithms in Chapters 5 and 6 some discussion on

the updation rule of pi; is made in Chapter 5.

In case of fuzzy relaxation the probability estimates p;;’s are replaced by fuzzy

class membership (explained in section 1.3.2) values 1;(¢)’s. Unlike probabilis-



tic relaxation there is no restriction like 3° p;(é) = 1, Vi. This approach is

7
applicable when the classes are not mutually exclusive or not exhaustive.

ii) Markov random field based approaches
There are many image segmentation methods which use the spatial interac-
tion model like Markov Random Field (MRF) or Gibbs Random Field (GRF)
[701-{74] to model digital images. Geman and Geman (73] have proposed a hi-
erarchical stochastic modeél for the original image and developed a restoration
algorithm, based on stochastic relaxation and annealing, for computing the
maximum a-posterior estimate of the original scene given a degraded realiza-
tion. Because of the use of annealing, the restoration algorithm does not stop
at local maxima but finds the global maximum of the a-posterior probability. It
may be mentioned here that the probabilistic relaxation [2, 68] and stochastic
relaxation, although share some common features like parallelism and locality,
are quite distinct. Relaxation labeling is essentially a non stochastic (determin-
istic) process which allows movements only to states (configurations) of lower
energy. On the other hand, in stochastic relaxation transition to a configu-
ration which increases the energy (decreases the probability) is also allowed.
In fact, if the new configuration decreases the energy the system transits to
that state; whereas, if the new configuration increases the energy, the system
accepts that state with a probability. This helps the system to avoid the local
minima. Relaxation labeling usually gets stuck to local minimum. Moreover,
in relaxation labeling there is nothing corresponding to an equilibrium state or

even a joint probability law over the configurations.

Derin et al. [72] extended the 1 — D Bayes smoothing algorithm of Askar and
Derin [75] to 2 — D to get the optimum Bayes estimate for the scene value at
every pixel. In order to reduce the computational complexity of the algorithm,
the scene is modeled as a special class of MRF model, called Markov mesh

random fields which are characterized by causal transition distributions. The

processing is done over a relatively narrow strips and estimates are obtained at
the middle section of the strips. These pieces together form overlapping strips
and yield a suboptimal estimate of the scene. Without parallel implementation

these algorithms become computationally prohibitive. Derin and Elliott [74]
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used a doubly stochastic hierarchical model for image data. At the top level a
Gibbs distribution is used to characterize the clusters of the image pixels into
regions with simlar features. At the bottom level, the feature or textural prop-
erties of the region types are modeled by a second set of Gibbs distribution,
one for each region type. The segmentation algorithms are derived by using
the maximum aposterior probability (MAP) criterion. To reduce the'computa-
tional overhead of the exact MAP estimate, they derived sub-optimal solutions
through simplifying assumptions in the model. The problem of MAP estima-
tion of a scene is described in detail in Chapter 6 where a neural network based

computationally efficient MAP estimation method is suggested.

C. Surface based methods

This section mainly discusses a few selected techniques developed for range
image segmentation (77]-[80]. Besl and Jain [78] have developed an image seg-
mentation algorithm based on the assumption that the image data exhibits
surface coherence, i.e., image data may be interpreted as noisy samples from
« piecewise smooth surface function. Though, this method is probably most
useful for range images the method can be used to segment any type of im-
age that can be modeled as a noisy sampled version of a piecewise smooth
graph surface. This method is based on the fact that the signs of Gaussian
and mean curvatures yield a set of eight surface primitives : peak, pit, ridge,
saddle ridge, valley, saddle valley, flat (planar) and minimal. These primitives
possess some desirable invariant propertics and can be used to decompose any
arbitrary smooth surface. In other words, any arbitrary smooth surface can
be decomposed into one of those eight possible surface types. These simple
surfaces can be well approximated for the purpose of segmentation by bivariate
polynomials of order < 4. The first stage of the algorithm creates a surface
type labeled image based on the local information (using mean curvature and
Gaussian curvature images). The second stage takes the original image and the
surface type labeled image as input and performs an iterative region growing
using the variable order surface fitting. In the variable order surface fitting,
it has been tried to represent the points in a seed region by a planar surface.
If this simple hypothesis of planar surface is found to be true then the seed

region is grown on the planar surface fit. If the simple hypothesis fails, then
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the next more complicated hypothesis of biquadratic surface fit is tried. If this
is satisfied, the region is grown based on that form, otherwise the next compli-
cated form is tried. The process is terminated when either the region growing
has converged (same region obtained twice) or when all pre-selected hypotheses
fail. In the later case, possibly a higher order surface should be tried.

Hoffman and Jain [77) have developed a method for segmentation and classifi-
cation of range images. They have used a clustering algorithm to segment the
image into surface patches. Different types of clustering algorithms including
methods based on minimal spanning tree, mutual nearest neighbor, hierarchical
clustering and square error clustering have been attempted. The square error
clustering has been found to be the most successful method for range images.
The feature set used contains the co-ordinate position (m,n), the depth value
f(m,n) and the estimated unit surface normal vector. The unit surface normal
vector is normal to the tangent plane at a point which is obtained by finding
the best (in the least square sense) fitting plane over a neighborhood. In the
second phase of the method this patches are classified as planar, convex or
concave. In order to make the method of classification more effective they have
combined three different methods, namely, non parametric trend test for pla-
narity, curvature planarity test, and the eigen value planarity test. In the final
stage, boundaries between adjacent surface patches are classified as crease or
noncrease edge, and this information is then used to merge adjacent compatible
patches to result in reasonable faces of the object. For this type of methods,
the choice of the neighborhood to compute the local parameter is an important
issue and no theoretical guideline has been provided for this.

Yokoya and Levine [80] used differential geometric technique like the method
of Besl and Jain (78] for range image segmentation. They combined both re-
gion and edge based techniques. They approximated object surfaces using
biquadratic polynomials. As in [78] signs of Gaussian and mean curvatures
(curvature sign map) have been used to get the initial region based segmenta-
tion. Two edge maps are formed : one for the jump edge and the other for the
roof edge. The jump edge magnitude is obtained by computing the maximum
difference in depth between a point and its eight neighbors; while the roof edge



magnitude is computed as the maximum angular difference between adjacer;t
unit surface normals. These two edge maps and the curvature sign map are then
fused to form the final segmentation. This method too requires the selection of
threshold levels for edge maps and the curvature sign map. Improper choice of
these parameter values is likely to deteriorate the quality of the segmentation
output.

Rimey and Cohen [79] formulated the problem as a mazimum likelihood seg-
mentation problem. Here also the objective is to divide the range image into
windows, classify each window as a particular surface primitive, and group
them into surface regions. Homogeneous windows are classified according to
a generalized likelihood ratio test. The test uses information from adjacent
windows and is computationally simple. Once each window has been classified,
similar windows are merged using maximum likelihood clustering analysis.

D. Methods based on edge detection -
Segmentation can also be obtained through detection of edges of various re-
gions, which normally tries to locate the points of abrupt changes in gray level
intensity values. Since edges are local feature, they are determined from local
information. Various methods are available in the literature (1]-[4), [15]-[24],
[81)-[84] for edge finding. Davis [19] classified edge detection techniques into
two categories: sequential and parallel. In sequential techniques the decision
whether a pixel is an edge pixel or not is dependent on the result of the detector
at some previously examined pixels. On the other hand, in parallel methods
the decision whether a point is an edge or not is taken based on the point
under consideration and some of its neighboring points. As a result of this the
operator can be applied to every point in the image simultaneously. The per-
formance of a sequential edge detection method is dependent on the choice of
an appropriate starting point and how the results of previous points influence
the selection and result of the next point.

There are different types of differential operators such as Roberts gradient,
Sobel gradient, Prewitt gradient and the Laplacian operator [1]-[4]. These
difference operators respond to changes in gray level or average gray level. The
gradient operators, not only respond to edges but also to isolated points. For
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Prewitt’s operator the response to the diagonal edge is weak, while for Sobel’s
operator it is not that weak as it gives greater weight to points lying close to
the point under consideration. The above mentioned operators are called the
first difference operators. Laplacian, on the other hand, is a second difference
operator. The Laplacian operator is given by
&f  *f
Bz2 " By?’

The digital Laplacian being a second difference operator, has a zero response

(1.3)

to linear ramps. It responds strongly to corners, lines, and isolated points.
Thus for a noisy picture, unless it has a low contrast, the noise will produce
higher Laplacian values than the edges. Moreover, the digital Laplacian is not

orientation invariant.

A good edge detector, should be a filter with the following two features. First,
it should be a differential operator, taking cither a first or a second spatial
derivative of the image. Second, it should be capable of being tuned to act
at any desired scale, so that large filters can be used to detect blurred shadow
edges, and small ones to detect sharply focused fine details. The second require-
ment is very useful as intensity changes occur at different scales in an image.
According to Marr and Hildreth [16] the most satisfactory operator fulfilling
these conditions is the Laplacian of Gaussian (L-G) operator. It is normally

denoted by V2G; where the Laplacian is given by

*f | f
2 - 2L —_—
V= Ta o (1.4)
and L,
G =T (1.5)

is a two dimensional Gaussian distribution, with standard deviation o. The
Gaussian part of the L-G operator blurs the image, wiping out all structures

at scales much smaller than the o of the Gaussian.

The Gaussian blurring function is preferred over others because it has the de-
sirable property of being smooth and localized in both the spatial and the
frequency domain. In order to find the intensity change at a given scale, Marr
and Hildreth, first filtered the image with the V2G filter and then found the
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sero crossings in the filtered image. The space described by the scale parameter
o and the zero-crossing curves is called the scale space.

The behavior of edges in the scale space produced by the L-G operator has
been studied by Lu and Jain [84]. In order to formulate rules for reasoning in
the scale space they studied dislocation of edges, false edges, and merging of
edges with nice mathematical framework.

Canny [22] gave a comprehensive set of precise goals for computation of edge
points namely detection, localization and single response for an edge point.
The operator due to Canny is a nonsymmetric (directional) one, which uses
Gaussian smoothing before detection. It also uses multiple thresholds (23], the
value of which may be estimated from the busyness measure [2] of the edgy

image.

In case of a noise free image, the edge angle can be measured accurately, but in
real life images, noise cannot be avoided and it is difficult to estimate the true
edge angles. Kittler et al. [83] suggested three methods to improve the edge
angle estimate obtained from Sobel’s operator. All the three methods involve
averaging of the outputs of the Sobel operator over a 3 x 3 window. One of
the methods, which ignores the effect of the central pixel, at which the angle
estimate is to be made, is found to produce the best result. They have justified

this counter intuitive view also.

Haralick [21) attacked the problem of edge and region detection from a new
angle. He assumed that the observed image is an ideal image with noise added.
Fach region in the image is a sloped plane. In order to determine the edge
between two pixels, best fitted sloped planes over a neighborhood of each pixel
are found. Edges are declared at locations having significant different planes on
cither side of them. The least square error procedure has been used to estimate
the parameters of a sloped surface for a given neighborhood. An appropriate F-
statistic has been used to test the significance of the difference of the estimated
slope from a zero slope or the significance of the difference of the estimated

slopes of adjacent neighbors.
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An iterative algorithm has been developed by Gokmen and Li [85] using the
regularization theory. The energy functional in the standard segmentation has
been modified to spatially control the smoothness over the image in order to
obtain the accurate location of edges. An algorithm for defining small, opti-
mal kernel conditioned on the important aspects of the imaging process has
been suggested by Reichenbach et al. [86] for edge detection. This algorithm
takes into account the nature of the scene, the point spread function of the
image gathering device, the effect of noise, and generates the kernel values
which minimize the expected mean square error of the' estimate of the scene

characteristics.

All the edges produced by the above mentioned operators are, normally, not
significant edges when viewed by human beings. Therefore, one needs to find
out prominent (valid) edges from the output of the edge operators. Kundu and
Pal [18] have suggested a method of thresholding to extract the prominent edges

chovisual phenomena. Haddon [24] also developed a technique to

based on psy

derive a threshold for any edge operator, based on the noise statistics of the

image.

1.3.2 Fuzzy set theoretic methods

Fuzzy sets were introduced in 1965 by Lofti Zadeh [89] as a new way to represent
vagueness in everyday life. They are generalizations of conventional (crisp)
set theory. Conventional sets contain objects that satisfy precise properties
required for membership. Fuzzy sets, on the other hand, contain objects that
A fuzzy set A in

satisfy imprecisely defined properties to varying degre
a space of points X = {z} is a class of events with a continuum of grades
of membership and is characterized by a membership function s4(x) which
associates with each point in X a real number in the interval [0, 1] with the
value of y14() at @ representing the grade of membership of z in A. Formally,

a fuzzy subset A of the universe X is defined as a collection of ordered pairs

A = {(jta(z),7), ¥z € X} (1.6)



where the support of A is the subset of X and is defined as
S(A) = {z | z € X & pa(z) > 0}. 1.7)

This characteristic function g4 (z), (0 < pa(z) < 1) in fact, can be viewed as a
weighting coefficient which reflects the ambiguity in a set, and as it approaches
unity, the grade of membership of an event in A becomes higher. For example,
pa(z) = 1 indicates a strict containment of the event = in A. If on the other
hand, = does not belong to A, pa(z) = 0. Any intermediate value would
represent the degree to which z could be a member of A. If pa(z) = 0.5,
then z is called a cross over point. Some aspects of fuzzy set theory including
membership functions, basic operations [90]-[96] and measures of fuzziness [90],
[97)-(101] are discussed in detail in Appendix A.

A. Image definition and ambiguities

A gray tone image possesses ambiguity within each pixel because of the possible
multi-valued levels of brightness. If the gray levels are scaled to lie in the range
0, 1], we can regard the gray level of a pixel as its degree of membership in the
set of high-valued bright pizels - thus a gray tone image can be viewed as a fuzzy
set. Regions, features, primitives, properties, and relations among them that

are not crisply defined can similarly be regarded as fuzzy subsets of images.

An L level image X (M x N) can therefore be considered as an array of fuzzy
singletons, each having a value of membership denoting its degree of possessing
some property (e.g., brightness, darkness, edginess, blurredness, texture etc.).
In the notation of fuzzy sets one may therefore write that X = {px(Tmn) :m =
1,2,...,M;n = 1,2,...,N}; where ptx(¢mn) denotes the grade of possessing
such a property u by the (m,n)th pixel. This property p of an image may be
defined using global information or local information or both depending on the
problem. Basic principles and operations of image processing and recognition

in the light of fuzzy set theory are available in [93].

Incertitude in an image pattern may be explained in terms of grayness ambi-
suity or spatial (geometrical) ambiguity or both. Grayness ambiguity means
indefiniteness in deciding whether a pixel is white or black. Spatial ambigu-
ity refers to indefiniteness in the shape and geometry of a region within the
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image. Grayness ambiguity measures as reflected by index of fuzziness [90]
and entropy [97, 98, 99, 101] are provided in Chapter 7 (also in Appendix
A) whereas the spatial ambiguity measures represented by fuzzy geometrical
properties [102, 103] are described in Chapter 3.

B. Relevance of fuzzy set theoretic methods

Relevance of fuzzy set theoretic methods in pattern recognition problems has
adequately been addressed in the literature [90]-[95], [104]-[108]. Fuzzy set
theories are reputed to handle uncertainties (96, 105, 109], to a reasonable
extent, arising from deficiencies of information available from a situation (the
deficiency may result from incomplete, ill-defined, not fully reliable, vague and
contradictory information). As mentioned before, the basic concepts of image
analysis, e.g., the concept of an edge, or a boundary or a corner or a relation
between regions do not lend themselves well to precise definition [5, 102, 106,
107, 110]. This realization motivated the researchers to develop fuzzy image
processing and recognition systems (6, 92, 93, 94, 95, 105, 108, 111, 112, 113,
114].

Conventional approaches to image analysis and recognition [1, 2, 17, 102]
2s mentioned in section 1.2 consist of segmenting the image into mean-
ingful regions, extracting their edges and skeletons, computing various fea-
tures/properties (e.g., area, perimeter, centroid etc.) and primitives (e.g., line,
corner, curve etc.) of and relationships among the regions, and finally, develop-
ing decision rules/grammars for describing, interpreting and/or classifying the
image and its sub-regions. In a conventional system each of these operations
involves crisp decisions (i.c., yes or no, black or white, 0 or 1) to make regions,

features, primitives, properties, relations and interpretations crisp-

Since the regions in an image are not always crisply defined, uncertainty can
arise within every phase of the aforesaid tasks. Any decision made at a particu-
Jar level will have an impact on all higher level activities. An image recognition
(or computer vision) system should have sufficient provision for representing
and manipulating the uncertainties involved at every processing stage; i.c., in
defining image regions, features, matching, and relations among them, so that

{he system retains as much of the information content of the data as possible.
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If this is done, the ultimate output (result) of the system will possess minimal
uncertainty (and unlike conventional systems, it may not be biased or affected

as much by lower level decision components).

For example, consider the problem of object extraction from a scene. Now,
the question is how can one define ezactly the target or object region in a
scene when its boundary is ill-defined? Any hard thresholding made for the
extraction of the object will propagate the associated uncertainty to subsequent
stages (e.g., thinning, skeleton extraction, primitive selection, etc.) and this
might, in turn, affect future analysis and recognition. Thus, it is convenient,
natural and appropriate to avoid committing ourselves to a specific (hard)
decision (e.g., segmentation/ thresholding, edge detection and skeletonization),
by allowing the segments or skeletons or contours to be fuzzy subsets of the
image, the subsets being characterized by the possibility (degree) to which
cach pixel belongs to them. Prewitt [5] first suggested that the results of image
segmentation should be fuzzy subsets, rather than ordinary subsets.

We shall describe here in brief a few methods of fuzzy segmentation (both
gray level thresholding and pixel classification) and edge detection using global

and/or local information of an image.

C. Fuzzy thresholding
Different histogram thresholding techniques in providing both fuzzy and non-
fuzzy versions of segmented output by minimizing the grayness ambiguity
and geometrical ambiguity of an image have been described by Pal et al. in
(111, 115, 116]. These algorithms use different ‘S’ type membership functions
(described in Chapter 2 and also in Appendix A) to define fuzzy object regions
and then select the one which is associated with the minimum (optimum) value
of the aforesaid ambiguity measures. The optimum membership function thus
obtained enhances the object from background and denotes the membership
values of the pixels for the fuzzy object region. Note that the cross-over point
(the level for which the membership value is 0.5) of the optimum membership
function may be considered as a threshold for crisp segmentation. Its extension
to multi-thresholding has also been made. The mathematical framework of the

algorithms including the selection of ‘S’ functions, its band width and bounds
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has been established by Murthy and Pal [117). Pal and Pal [118] introduced a
measure called higher order entropy of a fuzzy set and applied it in a similar
way to object extraction problem using an adaptive membership function.

The problem of determining the appropriate membership function in image
processing drew the attention of many researchers. Reconsider the problem of
gray level thresholding using ‘S’ function. If there is a difference in opinion in
defining an S’ function (i.e., instead of a single membership function we have
a set of monotonically nondecreasing functions), the concept of spectral fuzzy
sets [119] can be used to provide soft decisions (a set of thresholds along with
their certainty values) by giving due respect to all the opinions. In making such
a decision, the algorithm minimizes differences in opinions in addition to the
ambiguity measure; thereby managing the uncertainty. The bounds for ‘S’type
function has also been defined recently based on the properties of fuzzy correla-
tion [120] so that any function lying within the bounds would give satisfactory
performance. It, therefore demonstrates the flexibility of fuzzy algorithms. Xie
and Bedrosian [121] have also made attempt in determining membership func-
tions for gray level thresholding. The concept of fuzzy thresholding is described
in detail in Chapters 2 and 3 where correlation between membership functions
and fuzzy geometrical properties have been used for developing new segmenta-

tion algorithms.

D. Fuzzy clustering
The fuzzy c-means (FCM) clustering algorithm [92] has also been used to im-
age segmentation [112, 123]. The fuzzy c-means algorithm uses an iterative
optimization of an objective function based on a weighted similarity measure
between the pixels in the image and each of ¢ cluster centers. A local extremum
of this objective function indicates an optimal clustering of the input data. The

objective function that is minimized is given by
Wi (U, V) = 37 5 (wir) ™ (dir)? (1.8)
et

where jix is the fuzzy membership value of the kth pixel in the ith cluster, d
is any inner product induced norm metric, m controls the nature of clustering

with hard clustering at m = 1 and increasingly fuszier clustering at higher
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values of m, n = number of pixels, V is the set of c cluster centers and U is the
fuzzy c-partition of the image.

Trivedi and Bezdek [124] proposed a fuzzy set theoretic image segmentation
algorithm for aerial images. The method is based on region growing principles
using a pyramidal data structure. The algorithm is hierarchical in nature.
Segmentation of the image at a particular processing level is done by the FCM
algorithm. In a multi-level segmentation experiment, the regions at ith level are
considered homogeneous when image elements have cluster membership values
greater than a prescribed threshold. If the homogeneity test fails, the regions
are split to form the next level regions which are again subjected to the FCM
algorithm. This algorithm is a region splitting algorithm, but the acceptance

of a region is determined by a fuzzy membership values to different regions.

Some recent results on image segmentation using the fuzzy c-means algorithm
and fuzzy integral (125] have been reported in [113, 123, 126, 127). Hall et
al. [128] segmented magnetic resonance brain images using the unsupervised

FCM and also by a supervised neural network, a dynamic multi-layer per-
ceptron trained with the cascade correlation learning algorithm. The different
aspects of both approaches and their utility for the diagnostic process have
been discussed. However, the computational complexity of FCM algorithms
is too high to apply it for real time applications. To get rid of this problem
Cannon et al. [123] suggested an approximate version of the algorithm. One
of the advantages in using fuzzy clustering algorithms is that one can dynam-
ically select the appropriate number of clusters depending on the strength of
memberships across clusters (123].

Backer [129] developed a very general clustering strategy which has been ap-
plied to different types of data including images. The set of samples S is first

partitioned into ¢ (number of classes) disjoint sets as an initial guess of the de-

sired partition. Then a membership function is assigned to those initial clusters
according to some point to point subsct affinity mechanism for all points in .
In fact, he suggested a number of affinity mechanisms based on the distance
concept, the neighborhood concept, and the probabilistic concept. Updating of

the partitions (re-partition, reclassification) is then done under the guidance of
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some criterion function which characterizes the partition. Three different types
of criterion fi i based on of fuzzi inter fuzzy set distance,

and measure of fuzzy similarity have been considered there. If changes occur
in the earlier step, the process of assigning membership function and updating
is repeated otherwise, the algorithm terminates.

We emphasize here that these developments are mainly based on the appli-
catiox&s of fuzzy operators, properties and mathematics. Segmentation based
on the theory of approximate reasoning (i.e., based on.if-then rules) should
constitute another field of research in the near future.

E. Puzzy edge detection
Pal and King [111, 130] used a non-symmetrical membership function G to get
fuzzy property plane from the intensity plane. The function G is defined as

G(f(m,n)) = (1 +|f — f(m,n)|/Fa)~F (1.9)

where f is a reference level, F, and F; are the exponential and denominational
fuzzifiers, respectively. If f = finaz, the maximum gray level, then G approxi-
mates the standard ‘S’ function [89] of Zadeh and when f = some other level,
0< f < fmaz it approximates the standard ‘=’ function [89]. (Both the ‘S’ and
‘r’ functions are described in Appendix A.) The G functions under the above
cases are denoted by G's and G,, respectively. They used this G5 and G, func-
tions in conjunction with a contrast intensification operator INT (described in
Appendix A) to intensify the contrast in the image. Note that the non-fuzzy
thresholds obtained automatically from fuzzy segmentation techniques can be
used in defining Gs and G,. Finally, an inverse transformation is applied to
get the enhanced spatial domain image. Edges of this enhanced image can then
easily be found with any spatial domain technique.

Edge detection operators based on maz and min operations are available in
(130, 131]. Pal and Pal (63] used the second order entropy of a fuzzy set, defined
by an adaptive membership function over a neighborhood of a pixel (m,n), as
a measure of edginess at (m,n). The use of an adaptive membership function
makes the edge detection algorithm robust. The framework of the algorithm is
quite general and works with any measure of ambiguity (fuzziness).

25



1.3.3 Neural network based methods

For any image analysis/vision system, one desires to achieve robustness of the
system with respect to random noise and failure of components. Moreover, a
system can probably be made artificially intelligent if it is able to emulate some
aspects of human information processing system. Another important require-
ment is to have the output in real time. Artificial neural network (commonly
known as neural networks) [134)-[165) based approaches are attempts to achieve
these goals. A neural network can formally be defined as massively parallel in-
terconnected network of simple (usually adaptive) processing elements which
are intended to interact with the objects of the real world in the same way as

biological systems do.

Neural networks (NN) are designated by the network topology, connection
strength between pairs of neurons (called weights), node characteristics and
the status updating rules. Node characteristics mainly specify the primitive
types of operations it can perform, like summing the weighted inputs coming
to it and then amplifying it or doing some fuzzy aggregation operations. The
updating rules may be for weights and/or states of the processing clements
(neurons). Normally an objective function is defined which represents the com-
plete status of the network and the set of minima of it corresponds to the set
of stable states of the network. The neurons operate asynchronously (status
of any neuron can be updated at random times independent of the other) or
synchronously (parallely) thereby providing output in real time. The architec-
ture of the network depends on the goal one is trying to achicve. The massive
ing

enables the system to produce output in real time. Since there are interactions

comnections usually make the the system robust while the parallel proces

among the neurons the collective computational property inherently reduces
the computational task and makes the system fault tolerant. (For more de-
{ails on preliminaries of neural network theory and some of the commonly used

neural network architectures see Appendix A.)

Major areas in which the neural networks have been applied in order to exploit

its high computational power and to make robust decisions are : supervised
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classification (166, 167, expert system design [168, 169], complex optimization
problems (like traveling salesman problem (139, 170, 171] and minimum cut
problem [133]), analog to digital conversion (172, 173], clustering (174, 175],
toxt classification (176], cloud classification [183], pixel classification [184], his-
togram thresholding [185), image compression [186, 187, 188], image segmenta-
4ion [159, 100], image restoration [196, 197}, object recognition (198, 199] and
scene Jabeling [200].

A fow preliminary attempts [184, 185, 189, 190, 201, 202, 203, 204, 205, 206)
have been made to develop segmentation algorithms using artificial neural net-

work models. A brief description of them is given below.

Several texture segmentation algorithms based on deterministic and stochastic
relaxation principles and their implementation on neural networks are sug-
gested by Manjunath et al. [203]. The segmentation problem is posed as an
optimization task and two different optimality criteria (namely the maximum
aposterior probability estimate and the maximization of posterior marginal dis-
{ribution) are considered for its solution. The texture labels are modeled by a
Gibbs Markov random field (73, 7). A neural network architecture having k
layers (k=number of textures present in the image) and M x N neurons per
laer-(for an M x N image) is used. The dynamics of the network is same
as that of Hopfield’s discrete model [137). An energy function is designed in
such a way that its local minima correspond to optimal segmented versions.
In the converged state, the set of ON neurons in different layers correspond to

different textures.

An image segmentation system which uses a multi-layer perceptron as a cen-
tral building block is deseribed in [184]. The complete system consists of Lwo
parts. First module is called feature extractor and the second one connection-
<t classifier. The feature extractor basically defines pixel descriptors which
capture the distinguishing features of objects and background (may be in gray
Jevels, texture or both). Different features such as local maxima, gradient, me-
dian, variance are used. A set of important features are then selected. These
feature values are then used as input to the input layer of the fed-forward

sulti-layer perceptron classifier. Labeled pixels (pixels with known classes) are
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wsed for learning the network parameters (weights and node biases) using back-
propagation learning. After the network has learned (i.e., weights have settled)
test images are used to measure the performance of classification. Demonstra-
tions are given on ‘real images’ of combustion chamber, textures and printed

circuit boards.

In [185) Babaguchi and others used a three-layer perceptron architecture for
image binarization. Binarization is basically a task of converting a gray level
image to a bilevel image. In particular they applied it to document (news paper
clipping, technical papers etc.) binarization. The input to the network is the
gray level histogram (mapped on to [0,1)) and the output is the corresponding
threshold. Number of units in the input layer is equal to the maximum number
of gray levels available, and number of units in the output layer is two. Number
of units in the hidden layer is variable. A set of images (with known thresholds)
is used to adjust the parameters (weights and biases) of the feed forward multi-
layer back-propagating network. The known thresholds are given in different
forms (c.g., a single threshold, a mimber of thresholds with varying degree in

an interval). The algorithm has been demonstrated on a set of images.

Silverman (201, 202] suggested a method for using both back-propagation neu-
1l networks and competitive learning networks in segmentation of ultrasonic
images. A four layer back propagation neural network is used for learning the
operation of a gradient opcrator using the gradient image as teaching signal
and median image as input for a number of images. After the learning is com-
plete, if an unknown input image is presented the system provides a gradient

Jersion as output. He also used a competitive learning network in image s

mentation using a single image as input. An extension to 3-dimensional image

segmentation is also attempted using competitive learning scheme.

Shah [204] formulated the problem of cdge detection in the context of an energy
minimizing model. The method is capable of eliminating weak boundaries
and small regions. Cortes et al. [205] proposed a neural network to detect
potential edges in different orientations. The performance of the system has
been investigated through simulation studics using simulated annealing and

mean field annealing. Tn (190] image segmentation problem has been formulated
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as a constraint satisfaction problem (CSP), and a class of constraint satisfaction
neural network (CSNN) is proposed. A CSNN consists of a set of objects, a
set of labels, a collection of constraint relations and a topological constraint
describing the neighborhood relationships among various objects. The CSNN
is viewed as a collection of interconnected neurons. The architecture is chosen
in such a way that it represents constraints in the CSP.

A mapping method that makes the Hopfield neural network perform the prob-
abilistic relaxation is suggested in [207]. In such a network the neurons/nodes
are used to represent various possible hypotheses and pieces of evidence in the
relaxation process; and the links embody the relationship among them. Exper-
imental results demonstrating the feasibility of the proposed mapping process
by performing a pixel classification task are also given.

At present a large number of researchers are concentrating to make fusion of the
concepts of fuzzy set theory and neural network technologies in order to exploit.
their merits for designing more efficient pattern recognition and computer vision

systems. A discussion on this issue is made in section 1.4.

1.3.4 Segmentation of color images

Color is a very important perceptual phenomenon related to human response
to different wavelengths in the visible electromagnetic spectrum [208]-[211].
The image is usually described by the distribution of three color components
R(red), B(blue) and G(green). Color image is often also represented by three
psychological qualities hue, saturation and intensity. These color features can
be calculated from the R, B& G by either a linear or a nonlinear transformation.

Ohta et al. [209] attempted to find a set of effective color features by systematic
experiments in region segmentation. They applied an Ohlander type segmenta-
tion algorithm [210] for the experiment. At every step of segmenting a region,
calculation of the new color features is done for the pixels in that regions by
Karhunen Loave transform of R, B & G data. Based on extensive experiments,

it has been found that three orthogonal color features /1 = (R+ B+ G)/3,
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I2=(R-B)/2or (B—R)/2and I3 = (2G — R — B)/4 constitute an effective

set of features for segmentation.

Spectrum analysis is one of the old techniques of color image segmentation in
which prior knowledge about object colors is used to classify pixels. However,
in many real life applications prior knowledge about the colors of the object
may be difficult to gather. Under this situation clustering techniques can be
used. Ohta et al. [210] instead of using the R, B & G color coordinate directly,
used I1, 12 and I3. Lim and Lee [212] developed a two stage color image
segmentation technique based on thresholding and fuzzy c—means (FCM) [92)
methods. This method [212] can be viewed as a coarse to fine technique which.
tries to reduce the computational overhead of FCM. The method is similar to
the iterative algorithm proposed by Huntsberger et al. [112] except that it uses
the scale space filter for finding the number of clusters. The coarse segmentation
attempts to segment using thresholding and then the FCM algorithm is used
to classify the pixels which have not yet been assigned to any class in the
coarse segmentation phase. Though the method is claimed to find the number
of classes automatically, it docs have some subjective choices. For example,
in the coarse segmentation phase if the number of pixels in a class exceeds a

pre-specified number, then only it is taken as a valid class.

1.3.5 Objective evaluation of segmentation results

We have already discussed several methods of image segmentation. It is known
that no method is equally good for all images and all methods are not good
for a particular type of images. Here an important problem remains to be
discussed is how to make a quantitative evaluation of segmentation results.
Such a quantitative measure would be quite useful for image analysis/vision
applications where automatic decisions are required. This also will help to
justify the utility of an algorithm. Unfortunately, human being is the best
judge to evaluate the output of any segmentation algorithm. However, some
attempts have already been made for the quantitative evaluation.

Levine and Nazif [213] used a two dimensional distance measure that quantifies
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the difference between two segmented images, one proposed by human being
and the other by an algorithm. Later on, they [58] defined another set of per-
formance parameters such as region uniformity, region contrast, line contrast
etc. These measures have also been used for the quantitative evaluation of seg-
mentation algorithms. Lim and Lee [212] attempted to do this by computing
the probability of error between the manually segmented image and the seg-
mentation result. Pal and Bhandari [214] used the higher order local entropy as
an index to measure the quality of the output. They also suggested the use of
symmetric divergence between two probability distributions, one for the output
gencrated by an algorithm and the other for the manually segmented image.
The correlation measure [215] between the original image and the segmented
one has also been used for the purpose of quantitative evaluation. We have al-
ready mentioned that human being is the ultimate judge to make an evaluation
of the result. However, one can use a vector of such measures for objective eval-
uation. For example, if for some segmented image, the correlation, uniformity
and entropy are high and divergence is low then one can consider the output
to be good.

1.4 Integration of the theories of fuzzy sets

and neural networks

Fuzzy set theory provides an approximate but effective and more flexible means
of describing the behaviors of the system which are too complex or too ill-
defined to admit of precise mathematical analysis by classical methods and
tools. Its effectiveness in handling real life problems (mainly in environments
where the information is ill-defined, defective, incomplete or uncertain) is ad-
equately demonstrated in [90]-[95], [104]-[117]. The approach has some draw-
backs. The choice of membership function to represent a fuzzy set is normally
heuristic. Since the operations involved in fuzzy logic based system are set op-
crations, it becomes computationally prohibitive. Though the approach tries
to model the human thought process in a decision making system, it has no

relation with architecture of the human neural information processing system,

31



nor does it take into consideration the information storage technique of human

beings.

Human intelli and discriminating power are mainly attributed to the mas-

sively connected network of biological neurons in the human brain. Recently at-
tempts have been made to emulate electronically the architecture and informa-.
tion representation scheme of human neural network under the name artificial
neural network models. The collective computational abilities of the densely in-
terconnected nodes or processors may provide a material technique, at least to a
great extent, for solving highly complex real life problems in a manner a human
being does. The technique is highly robust (with respect to random noise and
failure of components) and parallely implementable. Impressive demonstra-
tions of the technique have been shown in various problems of image processing
183]-(200], pattern recognition (105, 149, 166, 167, 174, 175, 176, 221, 222, 223
and computer vision [224]-[229).

We see that the fuzzy set theoretic models try to mimic human reasoning and
the capability of handling uncertainty, whereas the artificial neural network
models attempt to emulate the architecture and information representation
schemes of human brain. Integration of the merits of these two technologies,
therefore promises to provide, to a great extent, more intelligent systems to
handle real life processes.

A large number of researchers are now concentrating on exploi ing these mod-

ern concepts in the field of pattern recognition and machine vision. The fusion
is mainly tried out in two different ways [105, 230]. The first way is to incor-
porate the concepts of fuzziness into an artificial neural network framework,
i, to build fuzzy neural networks. For example, the target output of the
neural network during training can be fuzzy label vectors [231]. In this case
the network itself is functioning as a fuzzy classifier [167). Another way to
incorporate fuzziness into the standard neural network is by altering the inte-
gration/transfer function at each node so that they perform some sort of fuzzy
aggregation (i.e., fuzzy union, intersection etc.) [232). A different way to in-
corporate fuzziness into a pre-existing neural network frame work is through
the input data, which can be fuzzified in one or several ways. Attempts are
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also made in [194] to use fuzziness measures of a fuzzy set for modeling error
of neural networks. More over, there are suggestions in the literature about
4].

making individual neurons fuzzy (233

The second fusion methodology is to use neural networks for a variety of com-
putational tasks within the framework of a pre-existing fuzy model. In this
category, for example, attempts are made to have membership function repre-
sentation by neural networks [235] and implementation of fuzzy logic operations
with neural networks (236, 237, 238]. A great deal of effort is also given to de-
rive neural network driven optimal decision rules for fuzzy controllers [239]. For
further references on this issuc one can refer [149, 221, 222, 223), [240}-[259].

Note that these attempts of integration are mainly in the field of control theory
and pattern recognition. No literature on image segmentation is yet available

to the knowledge of the author.

1.5 Scope of the thesis

The objective of this thesis is to present some results of investigations, both
theoretical and experimental, that demonstrate the cffectiveness of some of
the concepts of fuzzy set theory and neural network models as tools in image
segmentation/object extraction problem. Initially, a sct of fuzzy set theoretic
thresholding and pixel classification algorithms using some new measures on
image correlation and fuzzy image geometry has been described along with the
expesimental results. Then some neural network based algorithms for extract-
ing objects from noisy environments are presented using self-organizing feature

map, auto-associative memory model and a multi-lay al network. An

T e

attempt is made to incorporate some measures of fuzziness in neural network
framework in this context. Robustness of these algorithms with component
failure has also been studied using a stochastic model. The performance of the
proposed methods has been compared with those of several related techniques.
The results of investigations are summarized below on the basis of chapter

headings.



15.1 Gray level thresholding using fuzzy correlation
[122]

A concept of correlation between two properties (fuzzy representations) of an
image is introduced in Chapter 2 based on the definition of correlation between
two membership functions (120]. Some new measures called transitional corre-
lation and within-class correlation are then defined which involve information
on co-occurrence of pixels. A set of algorithms for image thresholding (both
fuzzy and non fuzzy) has been formulated based on these measures. It has been
proved that the criterion of mazimizing correlation is able to detect valleys in

a histogram.

A relation between the fuzzy correlation and the quadratic index of fuzzi

is theoretically established and experimentally verified. The effectiven
the algorithms is illustrated on images having different types of histograms,
and compared with algorithms based on fuzziness-minimization (111, 115] and

co-occurrence matrix 62, 64].

1.5.2 Gray level thresholding and pixel classification
using fuzzy geometry [273,275,276)

Chapter 3 consists of two parts. In the first part, some new fuzzy geometrical
propertics namely, length, breadth, index of area coverage (I0AC), major axis,
minor axis, center of gravity and density are described with illustration. The
concepts of Rosenfeld’s adjacency and degree of adjacency [102) have been crit-
ically examined and their new versions are defined. The second part consists of

defining various algorithms based on these properties for providing both fuzz

y

and nonfuzzy segmentation outputs through gray level thresholding and pixel
classification. Gray level thresholding is based on optimization of the mea-
sures JOAC and degree of adjacency. Adjacency measure is considered for pixel

classification.

Incorporation of co-occurrence matrix and/or local histogram (over rows and
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columns) in computing the geometrical properties makes their conceptual real-
ization easier and computation faster. The effectiveness of the algorithms has
been demonstrated on various types of images. As expected, pixel classification
technique is seen to be more suitable for noisy images than gray level threshold-
ing. The JOAC minimization is seen to provide better results for non-compact
objects over compactness minimization [116].

1.5.3 Kohonen type self-organizing neural network for
object extraction [180,192]

The object extraction problem is viewed as a self-organizing task and is solved
by employing a modified version of Kohonen’s neural network model in Chapter
1. A single neuron (node) is assigned to each pixel and is connected to its
nearest neighbors in order to implement the concept of self-organizing feature
map. Both global and local information have been used as input features.
Statistical criteria (such as least square error and correlation maximization)
are used for obtaining the optimal output. The proof for the convergence of
the algorithms is given. The algorithms are found to work well even for noisy

input.

1.5.4 Hopfield type neural network for object back-
ground classification [181,193]

In Chapter 5 the task of image segmentation is formulated as an optimization

problem and solved by a Hopficld type network. An objective function has

been formulated for object background separation which is similar to the ex-

pression of encrgy of a Hopfield type network. A modified version (architecture

wise) of Hopfield’s model is then proposed where a single neuron (processor)
is assigned, as in the case of Chapter 4, to each pixel and is connected to its
nearest neighbors. The weights and input biases are given in such a way that

the network self-organizes to form compact clusters,



Both the discrete and the continuous dynamics of the network are used for this
purpose. Guidelines for initialization of weights for different types of images
are also provided. Performance of the proposed methods has been compared
with that of the probabilistic relaxation technique. This model is found to be

more suitable for noisy images compared to that in Chapter 4.

1.5.5 Gibbs distribution and Hopfield type neural net-
work for object extraction [182,191]

The maximum aposterior probability (MAP) estimate of a scene from a noise
corrupted realization (modeled by Gibbs random field) is found to be compu-
tationally exponential in nature [74]. A modified version (both architecture
wise and neuron characteristic wise) of Hopfield’s model has been designed for
solving this problem in Chapter 6. Here also, a single neuron is assigned to
every pixel and it is connected only to all of its nearest neighbors. The energy
function of the network is designed in such a way that its minimum value cor-

responds to the MAP estimate of the scene. A possible hardware realization of

the neurons is then suggested.

The technique is implemented on a set of noisy images and is found to be
highly robust and more noise immune than the method described in Chapter 5.
A comparative study with the probabilistic relaxation algorithm is also given.

1.5.6 Multi-layer neural network with fuzziness mea-

sures for object extraction [194]

y sets and

An attempt is made in Chapter 7 to integrate the ¢
1ess measures in a multi-

neural network models by incorporating various
layer network for object extraction. Since a feed forward multi-layer perceptron
(MLP) with back-propagation of error requires a set of labeled input patterns
(training samples), as such it can not be used for image segmentation, partic-
ularly when only one image is available. (However, if images to be processed
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are of similar nature, one can use a set of known images for learning and then
use the network for processing of other images.) Therefore, besides describing
a method of integrating the concept of fuzzy sets and neural networks, the
present work also demonstrates a way of using a multi-layer neural network for
performing (unsupervised) self-organizing task in image processing, in general,
and object extraction in particular.

A self-organizing multi-layer neural network architecture suitable for image pro-
cessing operations is designed. The architecture is also a feed forward one with
back propagation of error; but unlike conventional MLP it does not require any
supervised learning. Each neuron is connected to the corresponding neuron in
the previous layer and its neighbors. Another structural difference from the
conventional MLP is that there exists a feed-back path from the output to the
input layer. The status of neurons in the output layer is described as a fuszy
set. A fuzziness measure of this set is used as a measure of error in the system
(instability of the network).

Learning rates for various measures of fus

iness (e.g., index of fuzziness and

entropy) have been theoretically and experimentally studied. An application
of this network in extracting objects from noisy scenes is also demonstrated.
The results are scen to be comparable to those of the methods described in
Chapters 4-6.

1.5.7 Robustness analysis of neural network based seg-
mentation techniques under component failure
[195]

Neural network based systems are believed to be robust with respect to both
noise and component failure. The robustness of the proposed neural network
based segmentation algorithms has been studied with respect to noise in Chap-
ters 4-7. In Chapter 8 the robustness of these algorithms with respect to compo-
nent failure (damaging of nodes/links) has been investigated. For this purpose,

we have formulated, first of all, a theory for investigating the robustness of

37



neural network based information processing systems in general, and then ap-
pled it on the segmentation algorithms. The damaging process is modeled as
+ Poisson process. In order to choose the instants or moments of damaging,
a statistical sampling technique is used. The nodes/links to be damaged are

determined randomly.

The performance of the object extraction algorithms is evaluated in terms of
percentage of pixels correctly classified under different noisy environments and
different degrees of damage. The deterioration in the output is scen to be very
wnall even when a large number of nodes/links are damaged; thereby demon-

strating the ruggedness (with respect to component failure) of the systems.

1.5.8 Conclusions and further scope of work

e concluding remarks with further scope of research are presented in Chapter
9.



Chapter 2

Gray level thresholding using

fuzzy correlation



2.1 Introduction

We described in brief the different approaches (namely classical, fuzzy set the-
oretic and neural network based) to image segmentation or object extraction
in Chapter 1. Since the regions in an image are not always crisply defined, it is
convenient, natural and appropriate to avoid committing ourselves to a specific
(hard) thresholding. This can be achieved by allowing the segments to be fuzzy
subsets of the image space, the subsets being characterized by the possibility
(degre) to which each pixel belongs to them. The present chapter provides a
set of new measures based on correlation between membership functions {120
and a few algorithms based on them, for multi-level fuzzy thresholding of an

image.

A concept of correlation between two fuzzy properties (called fuzzy correlation)
of an image s first of all introduced. The properties may be brightness, edgi
ness, texture, color, blurredness etc. As a special case, correlation between a
fuzzy property and its nearest two tone property is then computed. It is to
be mentioned here that correlation defined in [120] did neither consider the
number of supports of a set, nor the dependencies (order) of their occurrence.
Both the factors have been taken into account while implementing it on an
image. In the second part, some new measures called transitional correlation
and within class correlation measures have been defined which involve infor-
mation of co-occurrence of pixels. All these measures have been maximized for
obtaining optimal fuzzy and nonfuzzy segmented output. A theoretical proof
shows that mazimization of fuzzy correlation can be considered as a criterion of
detecting valleys in a histogram. Finally, a relation between fuzzy correlation
and quadratic index of fuzziness [90] has been established. The effectiveness of
the algorithms (with crisp outputs) is demonsirated on images having differ-
ent types of histogram, and compared with a fuzziness-minimization [115] and

some co-occurrence matrix based techniques (62, 64].

40



2.2 Correlation between two membership
functions [120]

In real life phenomena we come across many characteristics and attributes
which are similar in nature, e.g., tall and very tall, glamorous and beautiful
etc. representing two fuzzy sets. The distinguishing factor between the fuzzy
membership functions of tall and very tall is the degree of tallness; whereas,
glamorous and beautiful are two distinct characteristics, but has correlation.
If the value of one membership function is quite high the other one cannot
be very low. Correlation provides a measure of such relationship between two

membership functions representing fuzzy sets.

Let © be a closed interval in R. Let gty : @ — [0,1] and gz : © —» [0 1] be two
continuous fuzzy membership functions. Let the correlation between the fuzzy
membership functions gy and g, (defined on the same domain) be represented
by C(p1, t2). Then the mathematical formula for C(siy, 1) as defined in [120]

is

4 2 . - -
1- m/(m(x) — pa(2)}de i Xy 4 X, £0
if X1+ X,=0

Clpurs p2) = (2.1)

where Xy = [ {2u1(z) — 1}?dz and Xz = [ {2p2(z) — 1} da.

Now C(u1, 1) gives a measure of relation between the natures of zy and s,
i.e., with change of @ what happens to u; and pz. C(u1,2) satisfies a number

of properties. Some of them are :
o If for higher values of ji;(x), 2(z) takes higher values and the converse
is also true then C(uy, ;) must be very high.
o If with increase of & both p; and g increase then C(jir, 1) > 0

o If with increase of @, u; increases and u, decreases or vice versa then
Clp1, p2) < 0.

o Cpr, ) = 1.
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o Clpr, 1 —m) =—1
. C(thh) = C(M?I»h)»
o —1<C(p1,m2) S 1.
o Cpr,p2) = —C(L— p1, f2)-
o Clpr,p2) = C(L— g1 = pa)-
Correlation between two continuous membership functions is defined in equa-

tion (2.1). 1f the functions are discrete in nature (a3 applicable to digital image),
the expression takes the form [120]

1— w2 e) — o)}y i X+ X
C(l‘h#z):{ x,+x,;{u () — m2(2)} +X2#0 @2

1 if X1+ X2=0

where Xy = 3 {2m(z) — 1}? and Xp = 3 {2m2(2) — 1)

3

For the sake of convenience, we will be using the first part of equation (2.2)

while referring it in the following discussion.

2.3 Correlation between two fuzzy represen-
tations (properties) of an image

s I lovel image X (M x N) can be considered as an array of fuzzy singletons,

each having a membership value denoting its degree of possessing some property

(e, brightness, darkness, edginess, blurredness, texture ete.). In the notation

of fuzzy sets one may therefore write that
X = {px(Tmn) 1 m = 1,2,...,M; n= 1,2,...,N};
where px(zmn) denotes the grade of possessing such a property g by the

(myn)th pixel. Let i and jiz denote two such properties of X.
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1t may be noted that the expressions of correlation (equations 2.1 and 2.2) do
10t consider the number of supports in the set. In an image a particular gray
level occurs many times. In such cases correlation between two representations

characterized by g1 and g, may be defined as follows.
Case [ : Correlation in terms of pixel intensity

Let h(i) be the frequency of occurrence of the gray level i. Let f and g be two

functions such that

@) = (@) x k()
9(3) = (i) x h(3) (2.3)

where ji(¢) represents the membership value of possessing some property g by

the ith gray level.

Now the correlation between f and g will be given by the expression

Clhy) = 1= +\z§“‘ )= 9(0)}
= -5 x \ﬁ P L(um)—uz( OF x a0 (2.4)

L L

where X1 = S {2/ () — A(1)}? and X5 = 3 {29() — h()}"
= =

Case 2: Correlation in terms of pixel position

The correlation between ji; and iz may also be expressed as

Cpr, p2) = =37 ST {p(myn) — pa(m,n))? (2.5)

with Xy = 305" {2pm(m,n) — 117 and Xo = 323 {2pa(m,n) — 1}? where
i(m,n) and iz(m, n) denote the degree of possessing the property puy and ji

respectively by the (m,n)th pixel.

Ifthe (m, n)th pixel has intensity i, then gy (m, n) = ju(§) for a particular choice

of i(i = 1,2,...,L). In that case summing over all the pixels is nothing but
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summing over the gray levels after multiplying it by the number of occurrences.
Hence we can write

L
Clunin) = 1= 3 2 @) = ma(D) 4D 26)

i=1

L L
with X1 = 3 {201(5) — 1}2 h(3) and Xz = 3 {2ma(8) = 1)% h(3).

Note that the expression in equation (2.4) differs from that in equation (2.6)
by a factor of h(i) only.

2.3.1 Correlation between a fuzzy representation of an

image and its nearest two tone version

Let iz be the nearest two tone version of 1 such that

() = { 0 if 0< :“m <05

1 other

Let i1 denote a fuzzy bright image plane of X having cross over point at s, say,
and be dependent only on gray level. Then jip represents its closest two tone

cersion thresholded at s. In this case (from equation 2.4)

Cfg) = 1= %, +X Z{(m()ﬂﬂ V(D)) + Z (D) = DAEY

1- < +X Z{IH(’ )R()}* + Z {(1 = m(@)hG )
= C(X;,X) (2:8)

whete X is the fuzzy representation (bright image planc) of the image X and
L

Vs its closest two tone version with Xy = 3~ {(2p1(&) — 1)h(i)}* and
=

Z{(”m( i) = Dh()
(2.9)
= Zh( i) = constant; [since pz = 0 or 1].
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£ the membership value is expressed in terms of pixel position, similar expres-
sion can also be obtained with the exception that instead of i, the summation

will be taken over (m,n). In such cases we get (from equation 2.6)

€T = 1= e 3 U@ RO + {0 - m@OPF RO} 210)
1 2 i=1 i=s+1

L
with Xy = Z[zp,(z) —1)% h(3)

=

and X, = Z[v,lzu»u h(3)

= Zh( i) = M x N = constant.

{n section 2.4 we will show the way of using equation (2.8) and equation (2.10)

s a criterion for optimum segmentation of an image.

The fuzzy correlation C(X;,X) between a fuzzy representa-

Proposition 1 :
(X) and the nearest two tone version (X) satisfies the

tion (X;) of an image
velation 0 < C(X;, X) < 1.

Proof -
Let s be the cross over point of the men
£ i< sand (i) > 0.5 if @ > s] and gz be as defined in equation (2.7).

wbership function s [ie., p(i) < 0.5

Then in the range [1,s], (i) < 0.5 and hence {p (1)} < 0.25; and in the
s+ 1, L), {1 — (6} < 0.5 and hence {1 — i (1)}* < 025,

range 3
Let T = 4 fj{m(i)h(z))z+ Z {(14,“(1))11(1‘)}2]
h(i)? + L Ohh()}

i oy
!

i=st

IN
‘M“N

IA

(from equation 2.9).

I
i
I
o
s

Thus, T < Xa, i€, 75 S 1



L
Now X3 = > {(2m() — 1)h(i)}? is a positive quantity. Hence =< L
=
and thus from equation (2.8) we get C(X;,X)=21-1=0.
From above it is evident that T > 0, i, zix; = 0- Thus from equation
28 C(X;,X)<1-0=1

Note1: In case of membership functions expressed in terms of pixel position,

Proposition 1 can also be shown to be valid.

2.4 Histogram thresholding by maximization

of fuzzy correlation

The eriteria regarding the selection of membership functions along with the win-
dow size in image processing problems have recently been reported by Murthy
and Pal [260]. The criteria involve symmetry in ambiguity around the cross
ation [120]. Zadeh's

over point and is bounded by the properties of fuzzy co

‘¢’ function (as defined below) satisfies the aforesaid criteria.

Let us construct, say, a fuzzy subset bright image characterized by a member-

ship function p using the standard ‘S’ function of Zadeh [89] defined as

w(z) = S(z;a,b,c) = 0 if c<a
= 2{(z—a)/(c—a)}’ if a<z
— 1—2{(z—)/(c—a)}® if D<=
= 1 if e

< (2.11)
<ec ’

where b= %2 is the crossover point of the membership function 1.

From the properties of correlation we notice that if two functions sz, and sz
are very close then C(ju, ) is very high whereas, C (1, a) is least when
j2 = 1 — p1. Since piz is the nearest two tone version of 1y, C(Xy, X) gives a

neasure of closencss of the two images Xy (a fuzzy bright image planc of an
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image X) and X (the corresponding two tone version).

Now if we vary the cross over point (keeping the window w = ¢ —a of the
membership function ; fixed), both X; and X will change and we will get
different values of C(X;,X). Among them the image Xy for which C(X,X)
s maximum can be viewed as the optimum fuzzy segmented version of the
image X (this is optimum in the sense that for any other selection of cross over
point of 1, the value of C(Xy,X) will be lower). The corresponding X can be

taken as the non-fuzzy (crisp) segmented output.

For a multi-modal image, the algorithm will result in a set of maxima corre-
sponding to different boundaries. Of them the global one corresponds to the
boundary between object and background. The concept is summarized below

in algorithmic form.

Algorithm 1

Step 1: Construct the fuzzy membership planes X, = {(m(=), ), Vz)} and
X = {(u2(2), z), ¥Yx)} using equations (2.11) and (2.7) respectively.

Step 2 : Find the correlation coefficient C(Xy, X) using equation (2.8) for a
fixed threshold 4,1 < b < L.

Step 3: Vary b’ and select those s for which C(X ,X) has local maxima.
Among the local maxima, let the global one correspond to X§ and X”. X}
then can be viewed as a fuzzy segmented version of the image X such that
i (x) denotes the degree of possessing brightness property (or the degree of
belonging to object, say) of the pixel intensity z. On the other hand, X’

denotes the non-fuzzy (crisp) segmented output.

Proposition 2 :  If the cross over point of the membership function p1 is
moved along the histogram, then C(puy, ji2) will have local mazima at the valleys

of the histogram.
To prove this let us have the following assumptions :

i+ histogram h is continuous;
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i+ h(a

— h(c), a <c and h has local maxima (peaks) at points a and ¢;
i+ at g = <, b has a local minimum (valley);
iv: his symmetric in [a, c] about yo;
v+ his convex in [a,d]-

Let gy ¢ [0,w] — [0,1]. Thus we get 1 (putting a = 0 and ¢ = w in equation

2.11) as
m(z) = S(z,w)

-0 if 2<0
= 2(2) if 0<z<® (2.12)
= 1-2(=e)

1 if

From the definition of of s, we notice that

At is continuous, p1(0) = 0 and pu(w) = 15

BB 1 is monotonic non decreasing; and

(@) =1 — p(w—x). Ve e low).

o be mentioned here that Murthy and Pal [260) has established that a valley
of a histogram will be detected only if one chooses w < (¢ — a). Thus we will

choose w < (¢ — ).

To prove, C(u1, p2) has a local maximum at any point yo, it suffices to prove
(from equation 2.6) that N = [ {j1(#) = #z(z))?h(z)dw has a local minimum
at o (we will refer it as Part A) and D = X) + Xz has a local maximum at

{he same point yo (we will refer it as Part B).

1 has already been shown in equation (2.10) that Xz is constant. Note that
outside the range of w, ju(z) = fiz(x). Hence the numerator of equation (2.6)
is equivalent to

NG = [D (r(z) — o)} h(w)d (2.13)

% as the cross over point of i1

with %



Before going into the details of the proof let us have a few definitions and
lemmas.
Let us define the functions g(z) = {2u1(z) — 1}7;
q(z—€) =g(z), Yz €[0,w]; and
alz) = g(z), Vz €[0,w]
Thus g2(2) = g1(z — ©)-
Lemma 1: g(z) is symmetric about the point %, Va € [0,w].
Proof :
9(z) = {2m(x) -1}
= {201 = py(w —2)) — 1}*
= {2m(w—a)—1}?

— gw=2)

Hence, g(x) = g(w — ©). Thus g(x) is symmetric about = ZF§== = ¥.

Lemma 2 : g(x) is conver in [0, w].
Proof
g(z) = {2m(x) — 1}7.
Hence
g(z) = 2{2m(z) =1} 2u(2).

Now from equation (2.12)

W) = 0 if
= T
= a4z if
= 0 if

For z € [0,%]), m(x) <05
Thus, {20(z) — 1} <0 and gj(z) = 15 = 0.
Henee ¢/(z) < 0. The equality holds only for @
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Forc € [2,w], 0.5 < p(e) S 1.0
Thus, {2i1(z) = 1} 2 0 and 4 (c) = —42

>0.
W

—w
2
Hence ¢'(z) > 0 with the equality at = = ¥

Thus, g(z) is monotonically decreasing in [0, %

] and monotonically increasing

in [¢,w]. Hence g(z) is convex.

Lemma 3 : ga(z) = g1(z), Vz €[0,% — §); the equality is at & = »

ol

Proof :

From the definition of g1(z) and ga(x) we can write, g2(z) = gi(e — €); and

() is monotone decreasing in [—€,% —d, ie,in (0,5~

Now
g2(z) — 91(2)
=gz —¢) —a(z) >0, ¥z €[0,3 — ¢

[since g,(z) is monotone decreasing in (0,% — ¢]-

Forz € [2 —¢,% — 5] au(e) is increasing and ga(z) is decreasing. Also
(2 — ) > u(% —©). Thus the difference g;(2) = m(x) gradually decreases.
Again,

(E _ i) - w 5) [since g, is symmetric around %]
g2 2 3 g2 ) 3 c g2 Y 2
w €
= a(gtz-c
_ w s)
= a(%-3)

Hence, g2(x) = g1(z) for @ € [ — ¢, % — 5] with the cquality at @ = % — 5.
Lemma 4 : g1(z) > g2(2), Vz €[4 — 5w —d.

Proof : Similar as in Lemma 3.

Lemma 5 : Letd(z) = lg2(z)—:1(2)], Va € [0,w—d]. Then d(x) is symmetric
about (% — %)-



Proof :

(c) is defined in [—¢,w — ¢] and is symmetric about % —e. g2(z) is defined in

(0,w] and is symmetric about %. Thus,

g2(z) = qu(z—¢)
— gw—z—¢).
ai(z) = gz +e)

ga(w —z —€).

Now,
d(z) = lg2(z) —a(2)l, Yz €[0,w—d
= |g(w—x—¢€) —go(w—z—¢)|
d(w — € — x).
Thus d(x) is symmetric about #7¢ = 2 — 5.

Proof of Part A

Suppose § = L(c — a — w).
Let 0 < e < § and y = yo — € be the crossover point of the function s defined
over [yy — € — %,y0 — € + %]. Thus from equation (2.13) we get

Y w
N = [T @k — = 5 @)+ L= @)Y by — e = F +2)dz

7
= L+15, (say).

Now

L = /w'" {1 = (@)} hlyo — 5 — €+ w)da.

3
Substituting = w — z
0 P w
I = 4/W (1= o - )Phlgo— 5 — ¢ +w = 2)dz
3
¥ 2 w .
= / (=) h(yo + 5 — e = 2)dz _[from the properties of u]
o
= /7 1(2)?(yo — % 4t z)dz [as h(z) is symmetric].
o
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Ny) = h+1la
= [ su(z)h(yo — % et )de
+/0> () hlyo — 3 + e+ e
-2 {32 /0’ e hiyo — 5 — e+

Lt w
o [T et = e z)dl}

7 P 1 w u
> 2 {/ﬂ @)k {i(yg SY o crrtuo- Yo .r)}} de
(since h(z) is convox in [0,])
_— / (@) hyo — = + 2)de.
Jo 2
Now

Niyo) = /ﬂ () hlyo — 5+ o)+ / (1 = ()} hiyo — 5 + 2)de.
2 " 2

In this case y is defined over (yo = %) 1o (o +

As in the previous case the expression can be writton &3

Niyo) = 2/07 (@) h(yo — 5 + @)de-
Thus N(yo) < N ()

Fory = yot e [0< c< 8], asimilarproof holds. Tence we can infer

Nigo) < N(y). ¥y € yo— 800 s).
So, [ {jn(2) = p2(@)}? h(a)da will be locally minimum at the valley points.

Proof of Part B

We arc to prove that ) = Xy + Xz has a local maximum at yo. Since Xz is
constant, it is sufficient to prove that Xy = J {2 e) = 1} hx)de has & local
maximum at yo-
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Lety = yo — € as in Part A. Then
X)) = [{2me) - 1) ke
= /_w {2u1(z) — 1}* h(z)dz + Cy.
(Ch is a constant as p;(x) = 0 or 1 outside the range [—¢,w])
= /_° a(z)h(z)dz + ﬁ"g,(z)h(z)dz

+/:: g (2)h(z)dz + [wi h(z)dz + C.

I

Similarly,

Xiwo) = f

O( h(z)dz +~/j aa(@)h(z)dz + /: a(@)h(z)dz + Cr.

Now,
o $-5
) =X = [ (U -a@)heds+ [T (o) - 6() de
+ /gf% {92(2) — g1 (2)} h(z)dz + /‘u_( {g2(2) — 1} h(z)dz

= L+ L+ I+ 1, (say).

1

/w": {92(2) — 1} h(z)dz

[;‘ {g2(z) — 1} h(z)dz [from symmetry].

Hence,
0 '3
L+ 1= / {1 = 91(2)} h(z)dz 4/ {1 = g:(2)} h(z)dz.
e o
From the definition of g; and g we have
g2(z) = 1z — o),
and from the convexity of the histogram
h(z) > h(y),z € [—¢,0] and y € [0,d].
Thus

/_° {1 — r(2)} h(z)dz > /0 (1 = ga(2)} h(z)dz == I, + [, > 0.
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il = [T @) - a@) ks + [ o) — 0@} hla)de

= [T o) - a@b s = [ {01(@) — 92(2) he)dz.
As g — gl is symmemc about % — & and A(¥ —§—a) > h(% —§+a),

L’ ga(@) — a1(2)) h(e dr>/ {1(2) — 92()) h(x)dz.

Hence I + I3 > 0. Thus I + I+ I3 + 14 > 0 and hence Xi(yo) = X1(y). This

shows that X, has local maximum at yo. Since X, is constant, X, + X also

has local maximum at yo. This proofs Part B.

From the proof of Part A we get [ {u(z) — jiz(z)}* h(z)dz will be locally
minimum at the valley points; and that of Part B X, + X will be locally
maximum at the same valley points. This shows that C(u1, pt2) will have local

maxima at the valley points.

Hence the proof. &»

2.5 Correlation measure using local informa-

tion

In the previous section, the membership values were computed based on global
information i.c., individual gray levels. Equation (2.11) was used in this context
{o represent a fuzzy subset bright image. In this section, we are going to explain
how the local information in X can be incorporated in computing correlation.
For example, the propertics edginess, blurredness, texture involve local (spatial)

information of the image for their computation

Let i and iz be two such properties of the image. The correlation between

two propertics can be expressed by the following ways :
Case 1 : In terms of pixel intensity

Let X(M x N) be an L level image and C(4, j) the frequency of occurrence of

the gray level 7 followed by j, i.c., C'is the co-occurrence matrix [64]. Let f
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and g be two functions such that

fi,5) = m(,3)CES)

g(i,3) = n2(6,)C G, 7) (2.14)
where (i, j) represents the grade of possessing some property by the gray level
i followed by j in a specific fashion. Then

C(fg) = 1- +X2212‘;{f(1 ,3) = 9(.9))*

= 1- mzz{[#l(l §) = a6, N CGE DY (215)

L L
where X; = 32 >_ {2/(i,7) = C(i )Y’

e
and X; = 305 {29,5) = C@Y -

i=15=1

Case 2: In terms of pixel position

Let a(m, n) and pz(m,n) denote the grade of possessing two local properties

1 and piy (respectively) by the (m,n)th pixel. Then

C g pt2) = S {lman) = pa(m,n)} (2.16)

TX + X;
with X, = 5257 {2pm(m,n) — 1)?

and X; = mej {2u2(m,n) — 1}%.

Let the local properties possessed by the pixels depend on the neighboring gray
values of them. If the (m, n)th pixel has intensity i and one of its neighboring

intensity is j, then pa(m,n) = (i, §); cauation (2.16) then takes the form

Clpn,pz) =1— LL{MU 7) = pali )} CGL D) (2.17)

==

x+X

L L
with X; = >3 {2m(i, ) — 1}2C(,5)

i=15=1

L L
and X; = 22{2,1,(@1) —1}*C.))-



Note that, as in the case of C(f,g) and C(u1, jt2) in section 2.3, the equation
(2.17) differs from equation (2.15) by a factor of C(3,7).

2.5.1 Correlation between two properties of a seg-
mented image

Suppose an image has two distinct regions. Let the background consists of the

Jevels [1, 5] and the object [s + 1, Z]. Then the co-occurrence matrix C [Figure

2.1] can be divided into 4 quadrants Cy, Cy, Cs and Cy where

entries in C; or Ca give a reflection of the number of occurrences of back-

ground pixels followed by background pixels;

entries in Cy or Cy give a reflection of the number of occurrences of back-

ground pixels followed by object pixels;

entries in Cy or Cy give a reflection of the number of occurrences of object

pixels followed by object pixels;

entries in Cy or C; give a reflection of the number of occurrences of object

pixels followed by background pixels.

Figure 2.1: Four quadrants of the co-occurrence matrix of an image

veen any two properties of X computed over the entries in indi-

Correlation be
vidual quadrants C, Cs, C; and Cy may be termed as background correlation
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[C(f,9)8], object correlation [C(f,¢)o], transitional (background to object)
correlation (C(f,9)p/0], and transitional (object to background) [C(f,9)o/s]
correlation, respectively. They may be computed from the following equations.

CUa =1 = g 33 (UG) = a6 ) o))

with Xi = 323" {216, 5) — 11C G, 7)Y

i=1j=

and Ko = 303 {2102 5) — 1) CGY

C(f,9)o =1~ Z {1 7) = w26, NIC (L)Y

=s+

L
Xy +’\2t§u

with X, = Z Z {[211(2,5) — 1] C (G, 5))°

:5+1; .s

and X, = Z Z {[262(2,3) = 1) C (i, )}

i=s+1j=s+l

CUDoi0 =1~ Tz 32 5 {lmlin) = i N G}

with X, L Z {R2m (i) = 1] CG )Y

lle

and X, = Z Z {20206, 5) = 1] C(4, )}

i=1j=s

L 3
CUorm =1 = 5 35 5 (i) = el €)Y

i=st1

with X, = Z Z([Z;n(z 7)) =1CENHY

.;1,

and X, = L Z {[212(4,5) — 1) C (i, 7))}
i

i=st1j=

(2.18)

(2.19)

(2.21)

Note that C(f,9)o +C(/,9)n gives the total within-class (object-background)
correlation and C(f, 9)oss+C(f,9)po gives the total transitional correlation.

It can also be noticed that the sum of the above four quantities (equations 2.18-

2.21) gives the same expression as that in cquation (2.15).
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Similar definitions can also be provided in terms of pixel coordinates.

Let us consider p as defined in equation (2.7). Then equations (2.18)-(2.21)

the correlation between a gray tone image and the corresponding two

provide
uadrants of the

tone version using local information (computed over different q
co-occurrence matrix).

Note 2: Proposition 1 is valid when we use equation (2.15) as the ezpression

of correlation.

Proof

Let 1, pr2 @
quadrants Cy, Cz and Ci, i11(4,7) < 0.5 and hence {p1(2,7)
the entries of the quadrant Cs, {1 — 11(3,7)} < 0.5 and hence {1 — (4,5

0.25.

nd s be chosen as in Proposition 1. Then for the entries of the
}? <0.25 and for

) <

L s s L
Let, T = 4[22{u.(z,j)c(i,j)}’+z;z (G )CENY
it

i=15=1

DY {u—u.(z‘,nlco,j))?}

i=st+1j=s+1

IN

L s s L
4 [}:Z (05 x CLnP +> 3 {05 x CENY
i=1j=1 i=1j=s+1

L L
+ > > {0.5xc(i,j))2]

i=s+1j=s+1

L
S2CGE, ) = Xa

15=1

IN
MP‘

i

X‘»~

Thus, T < Xs, i€, 75 <L

L L
Now X; = > > {2m(i.d) — 11C(@,5))” is a positive quantity.

i=1;=1

o T
Hence ity < 1.

So, from equation (2.15) we get C(Xs5,X)=1—-1=0.
> 0.

X2
Again from equation (2.15) we can write C(X;, X) <1 —-0=1.

From above it is evident that 7' >0, i.e.,
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1 »

Hence [0 < C(X;,X)

The proposition is also valid for the expressions of correlation in equations

(2.18)-(2.21).

2.6 Histogram thresholding by maximization
of fuzzy correlation with local informa-

tion

2.6.1 Membership function selection

Equation (2.11) is suitable for one dimensional input only (i.c., * € R) and it
considers only the global information of X. To take the local information into
account, the function has been modified considering @ € R". From equation

(2.11) when a@ < = < b, and = € R, we can write (putting w = ¢ — a)

Sz, bw) = 2{(z —a)/w}®
= 2{(z —b+w/2)/w)’
= 2{1/2+ (= — b)/w}?
= 2{1/2— (b —a)/w}’.
When @ € R" the above expression can be written in the form
Sz, b,w) =2(1/2 = ||b —2|l/w)® if |lall < [l]] < I6ll

where ||b — || is the Euclidean distance between b and @, and w is the Eu-

clidean distance between ¢ and a, i.e., w = |lc — al|.
Similarly, one can find

Sz, b,w) =1 —2(1/2 — |l = bll/w)* if |6}l < ll=] < lle]|-
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Therefore, when @ € R™

S(@,bw) = 0 it Jlel] < Jlall
= 20/2=lb=sl/w? it llall <l <l
= 1=201/2= |l = bll/w) it bl < llell < llell.

1 it Jlell < [lel]
with b’ as the crossover point and w = ||c — a]|.

2.6.2 Histogram thresholding

It has been shown in Note 2 that C(X;,X) > 0. So maximization of C(Xy, X)

is equivalent to minimization of (from equation 2.15)

4 L& - .. 2
T:m;;([w(%])—ﬂi(%])]c(%])) .

Now X, is constant and (X; + X;) is very large. The rate of change of
(X; + X,) is very less. So, the above expression decreases with decrease of
111(i,5) — 12(3, 7)1, and so does the corresponding C{7,7). When the thresh-
old corresponds to the appropriate boundary between two regions the value of
C(i,j) for i < s,j < sori>s,j > s (ie., a pixel from one region followed
by another pixel from the same region) would be more, whereas the value of
C(i,5) for i < 5,7 > sori > s,j < s (i.e., a pixel from one region followed
by a pixel from another region) will be less. So the number of co-occurrences
of levels, C(3,7), with low value of |u1(i, ) — s12(, 7)| will be more, and with
higher value of |y (4, 7) — p2(i, )| will be less, thus contributing less toward 7.

Hence the minimization of T, i.e., maximization of C(X;, X) may be viewed

as a criterion for detecting the thresholds between regions of X.

Although maximization of equation (2.15) has been shown above to be a crite-

rion of thresholding, one can also establish

C(X5,X)o +C(Xs, X)p (2.23)
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C(X;,X)oss + C(Xs, X)B/0 (2.24)
as a criterion for thresholding. The algorithm for their computation is same as
that of Algorithm 1.

The algorithm using equation (2.15) as the thresholding criterion will be re-
ferred to as Algorithm 2. Similarly, equations (2.23) and (2.24) correspond
to Algorithm 3 and Algorithm 4, respectively.

If the global maximum value of correlation obtained is C(X¥,X”) then X}
and X° can be taken as a fuzzy and nonfuzzy segmented version of the image

respectively.

Use of local information is expected to yield the boundary between regions even

when the corresponding valley is not present in the histogram of the image.

2.7 (Dis)Similarity between fuzzy correlation

and quadratic index of fuzziness

The quadratic index of fuzziness of a fuzzy set A having n supports is defined
as [90] (for details see Appendix A.2.3)

ve(A) = %1 [?(m ()} (2.25)

Such a measure of an image X (M x N) (considering the image as a fuzzy set,
and thus 7 = M x N) reflects the average amount of ambiguity (fuzziness)
present in it by measuring the distance (quadratic) between its fuzzy property
plane px and the nearest two level property M55 in other words, the distance
between the gray tone image and its nearest two tone version. Its mathematical

expression is [93]

2 M 2
n(X) = o 22 2 {nx(@mn) = px(@ma)}

m=1n=1
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(2.26)

where p1x (Zmn) (or ux(i)) represents the grade of possessing some property u
by the (m,n)th pixel (ith gray level), and pux(2zmn) (or ux(i)) denotes the
nearest two tone version of ix (Tma) (or x (3)).

[f we consider spatial information in the membership function, then the expres-
sion of 1,(X) takes the form

2 M N _ 2
0 = | 30 3 (utm,m) = A, m)}

L

L
- TA%JE_zm(i,j)—n(i,j))20<i,j). @2:27)

i=1j=1

The quadratic index of fuzziness of an image can also be computed considering
the various quadrants Cy, Cz, C3 and C4 of the co-occurrence matrix.

In this section we will establish a relation between vo(X) and C(X,, X).

Let s be the cross over point of the membership function ux (i), i = 1,2, ..., L,
ie., px(i) 0.5 for i < s and pux(i) > 0.5 for i > s. From equation (2.26)

s L
w(x) = —J;:N\J [;#x(i)ah(i)'*‘;‘[l*le(i)]2h(i):|
s L
fe, n(XP = o [Zuxu)‘lh(m > ll—ux(i)l’/z(i)]
i=1 i=s+1

or, MN x v,(X)? = 4 [i,;x(i)zh(i) + 'Z (1 — ux(@)? h(i)] .
= [t

Now from equation (2.10) we get

s L
L=C(X,X) = 2 ISR + 30 1= px ()] h(0)
X+ X | & Pt
MN .
= K
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X ;
m%(xy [since X, = MN)

- X, .
= 1- =Ty (X)
or, C(X5,X) - i)
X,
—_ < 1.
Now 3%, <1
Therefore C(X5,X) 2 1 — vg(X)?. Fy

Note : If the window size w of the membership function is very small, then

X
Xix ~1/2as X; = MN.
Hence v,(X)? = 2{1 — C(X;, X)}.

In the limiting case as w — 0 (i.e., 1 becomes a step function), C(X, X) —
1 and v(X) — 0.

From the above discussions it is evident that the thresholds obtained by mini-
mization of {1 — C(X;,X)}, i.e., maximization of C(X,X) will be more or
less the same as those obtained by minimization of v,. This has been experi-

mentally verified and is shown in Tables 2.1-2.8.

Similar relation can also be established using local information in the expres-

sions for the membership functions and C(%,5)-

2.8 Implementation and results

The proposed algorithms have been implemented on three different images,
namely, a Biplane [Figure 2.2(a)], Lincoln [Figure 2.3(a)] and a Blurred Chro-
mosome [Figure 2.4(a)]. The Biplane and Lincoln images have size 64x 64, level
39 and black object on white background, whereas the Blurred Chromosome
image has size 64 x 64, level 64 and white object on black background. The
corresponding histograms are shown in Figures 2:2(b), 2.3(b) and 2.4(b).

63



For the computation of correlation and quadratic index of fuzziness (with local
information) the membership value for a particular combination of gray values

(i,5) of the co-occurrence matrix was assigned as follows :

For a particular threshold s, any combination of pixel intensities s was
assigned a value of 0.5, since (s, s) is the most ambiguous point, i.c., the

boundary.

[f one object pixel is followed by another object pixel (i.c., the entries of

quadrant Cj or Cy), then its degree of belonging to object (membership
value) is grater than 0.5. The membership value increases with increase

in pixel intensity.

For quadrants Gy and Cy where one object pixel is followed by one back-
sround pixel or vice versa, the membership value is less than or equal to

0.5, depending on the deviation from the boundary point (s, s).

If one background pixel is followed by another background pixel (i.e., for
the entries in C; or C3), then its degree of belonging to object (mem-
bership value) is less than 0.5. The membership value decrcases with

decrease of pixel intensity.

The thresholds obtained for different window sizes by the proposed algorithms

are given in Tables 2.1-2.8. (Thresholds with superscript * denote global op-
tima.) Tables 2.1 and 2.2 show the thresholds obtained by Algorithm 1 which
considers only global information. Tables 2.3-2.8 contain the thresholds ob-
tained by Algorithms 2, 3 and 4. The thresholds obtained by the minimization
of the quadratic index of fuzziness of an image (with both global and local
information) are also included in the tables for a comparative study. It is to be
noticed here that the thresholds obtained by the index of fuzziness minimiza-
tion, as expected, are more or less the same as those obtained by correlation
maximization. Note that for algorithms involving local information the window

sizes are larger.

For visual inspection, non-fuzzy segmented versions of the images [correspond-
(w = 10 for

ing to the global maxima of C(X;, X)) for a fixed window s
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Table 2.1: Thresholds based on Algorithm 1

Biplane image Lincoln image
Correlation Correlation

Window | Maximization Fuzziness Maximization Fuzziness

size | (Algorithm 1) | Minimization | (Algorithm 1) | Minimization
6 12* 15 12* 15 711% 14 711"

23 31 22 31 18 25 31 18 25 31
8 12* 23 31 12* 23 31 117 18 25 31 11 18 25 31
10 127 22 31 12= 22 31 10~ 18 25 31 10" 18 25 31
12 13 22 31 13* 22 31 10~ 18 25 31 10~ 18 25 31

Table 2.2: Thresholds based on Algorithm 1

Blurred Chromosome image
Correlation
Window | Maximization Fuzziness
size | (Algorithm 1) | Minimization
6 16 19 30 36 16 19 30 36
40" 43 46 40" 43 46
8 19 30 36 19 30 36
40™ 43 46 40" 43 46
10 19 30 19 30
407 43 46 40" 43 46
12 19 30 19 30
L 40" 46 40~ 43 46
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Table 2.3: Thresholds based on Algorithm 2

Biplane image

Correlation
Window | Maximization
size (Algorithm 2)

Fuzziness

Minimization

Correlation
Maximization
(Algorithm 2)

Lincoln image

Fuzziness

Minimization

12 13~ 23 30 13* 152331 [ 107 14182530 | 10" 18 25 31
16 13~ 22 30 13- 22 31 10 18 25 30 10" 18 25 31
20 13* 31 13~ 31 9~ 18 25 30 10" 18 25 31
24 14* 31 14~ 9* 17 25 30 10* 17 25

Table 2.4: Thresholds based on Algorithm 2

Blurred Chromosome image
Correlation
Window | Maximization Fuzziness
size (Algorithm 2) | Minimization
12 18" 22 56 18 22 56
16 18~ 21 56 18~ 21 56
20 217 56 217 56
24 217 56 21" 56
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Table 2.5: Thresholds based on Algorithm 3

Biplane image Lincoln image
Correlation Correlation
Window | Maximization Fuzziness Maximization Fuzziness
size (Algorithm 3) | Minimization (Algorithm 3) | Minimization
12 13" 23 30 13- 152331 | 10" 14 18 25 30 | 97 14 18 25 31
16 137 22 30 13" 31 9* 14 18 25 30 97 18 25 31
20 13~ 31 13- 31 9" 18 25 30 9* 18 25 31
'7& 14~ 31 13~ 31 97 17 25 30 97 17 26 31

Table 2.6: Thresholds based on Algorithm 3

Blurred Chromosome image
Correlation
Window | Maximization Fuzziness
size (Algorithm 3) Minimization
12 19 31 37 41* 46 | 19 31 37 41~ 46
16 20 31 40~ 46 20 31 40" 46
20 20 31 40~ 20 31 40*
24 20 407 20 40"
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Table 2.7: Thresholds based on Algorithm 4

Biplane image

Lincoln image

Correlation Correlation

Window | Maximization Fuzziness Maximization Fuzziness
size (Algorithm 4) | Minimization (Algorithm 4) | Minimization

12 11 14 19 11" 14 610" 13 610" 13

22 30 22 30 18 24 31 18 24 31
16 117 142230 | 11142230 | 6 10" 13 1824 | 6 107 13 18 31
20 11~ 14 22 30 117 14 22 610" 13 1824 | 6 10" 13 18 31
24 11~ 14 22 30 117 14 22 610" 131824 | 6 10" 1318 31

Table 2.8: Thresholds based on Algorithm 4

Blurred Chromosome image
Correlation
Window | Maximization Fuzziness
size (Algorithm 4) | Minimization
12 17 30 35 17 30 35
38* 42 45 58 38~ 4245
16 17 30 35 17 30 35
38" 42 45 58 38" 42
20 17 30 35 17 30 35
38 42 45 58 38~ 42
24 17 30 35 17 30 35
L 38" 42 45 58 38" 42

68



global information, w

16 for local information) are given

(c)

(d)

a) input, b) histogram, c) threshold=12, d) thresh

Figure 2.2
old=13

Biplane image :

The histogram of the image of Biplane has a sharp valley in the gray level range

11-16, a weak valley in the range of 21-26 and a spurious valley at 31. Irom
the results (thresholds) obtained by the proposed algorithms, it is evident that
for all window sizes most of the valleys are detected. For smaller window sizes,
more valleys are detected in the range 11

6 which is in agreement with the
of Murthy and Pal

260]. The valley (12 or 13) corresponding
to the maximum (slobal) correlation is seen to be the appropriate threshold for
object background

earlier findir

paration.

The histogram of Lincoln image has four sharp valleys and one or two weak val
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(c)

Figure 2.3: Lincoln image : a) input, b) histogram, c) threshold=10



(e)

. a) input, b) histogram, c) thresh-

Figure 2.4: Blurred Chromosome image

old=18, d) threshold=38, ¢) threshold=10
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leys, whereas the histogram of Blurred Chromosome image has many (including
one or two sharp) valleys over the entire histogram. Here also it is noticed that
for smaller window sizes more valleys are detected and for higher window sizes
less valleys are detected. The global threshold (10 or 11) obtained for object
background separation of the Lincoln image is seen to be appropriate. For
the Blurred Chromosome image, the global thresholds obtained do not seem to
be much appropriate. This will be evident from the results given in the next

chapter.

A curve showing the variation of fuzzy correlation with cross over point (using
global information) for a fixed window size (6) of the image of Lincoln is given
in Figure 2.5. From the figure it is evident that the nature of the graph is

complementary to the sharpened version of the histogram.

Figure 2.5: Variation of fuzzy correlation with cross over points (using global

information) for the image of Lincoln and a window size of 6

Besides comparing with the fuzziness-minimization based method, the pro-
posed algorithms have also been compared with three co-occurrence matrix
based classical techniques, which use second order local entropy, second order
conditional entropy [64], and the product of contrast between regions and ho-
mogeneity within regions [62] as objective functions. The basic concept of these
algorithms is to determine a set of threshold values for which these objective
measures have local maxima. The global thresholds obtained for object back-

ground classification by these methods are shown in Table 2.9. It is seen that
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the global thresholds provided by the proposed algorithms involving transitional
correlation (Algorithm 4) and within class correlation (Algorithm 3) agree well
with those obtained by the contrast-homogeneity measure and the conditional
entropy. The conditional entropy provides a measure of between-class contrast
by taking the information on the submatrices C; and C4. The local entropy,
on the other hand, takes care of within class information using the submatrices

Ci and Cs, and provides inferior results.

Table 2.9: Thresholds with some co-occurrence matrix based methods

Contrast- Second-order Second-order
Images homogeneity | local entropy | conditional entropy-
based method | based method based method
Biplane 11 23 13
Lincoln 10 18 11°
Blurred Chromosome 10 34 42

A comparative study of the thresholds obtained with the proposed local in-
formation based correlation measures (Algorithms 2, 3 and 4) show that the
transitional correlation (using the submatrices C; and Cy) is most effective in
determining the boundaries between regions in an image. This is in agree-
ment with the earlier findings in [64] which has been mentioned in the previous
paragraph. This further establishes that interset distance (contrast between
regions) is more important than within-class distance (homogeneity) in sepa-

rating regions.

Furthermore, it is evident from the results that incorporation of local infor-
mation makes it more effective in detecting boundaries between regions. Ior
instance, let us consider the thresholds of Lincoln image detected by the tran-
sitional correlation (Table 2.7). Here the boundaries (valleys of the histogram)
at gray levels 6 and 13 are detected as local maxima for almost all window sizes.
This is not the case with the global-information based algorithm (for most of
the window sizes). Similar conclusion can be made from the results of Blurred

Chromosome image (Table 2.8).
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2.9 Conclusions and discussion

An attempt has been made to apply the concept of correlation between two
fuzzy membership functions in image segmentation (and thereby object back-
ground classification) problems. In this connection various fuzzy correlation
measures (transitional correlation and within-class correlation) have been pro-
posed and four algorithms are formulated involving both global and local infor-
mation. Mathematical framework of the algorithms showing that the maximiza-
tion of fuzzy correlation provides a criterion of detecting valleys in a histogram

has also been given.

It is to be mentioned here that the concept of correlation between two member-

ship functions as introduced in [120] neither included the number of supports

in a set nor considered their order of occurrence. In the present work, both the
number of occurrences of levels and their spatial relation have been taken into

ation between two properties of an image). A

account (in defining the corr
of an image

relation between fuzzy correlation and quadratic index of fuzzine

has also been established.

Incorporation of spatial information, as expected, makes the algorithms more
efiicient in detecting boundaries. Transitional correlation is seen to provide
better results. It has also been noticed that with the variation of window size
the changes of threshold values are insignificant. This makes the algorithms

flexible.

It may be noted that the proposed fuzzy correlation measures involve infor-

mation on both histogram and co-occurrence matrix of an image for gray level

el ambiguity present in the image. No
act the

thresholding; and reflect the gray le

geometrical concept of image subset (regions) has been used to ext
segments. In the next chapter we shall be defining a set of fuzzy geometrical
parameters/properties (which reflect spatial ambiguities present in an image)
to extract segmented outputs using both gray level thresholding and pixel clas-

sification.
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Chapter 3

Gray level thresholding and
pixel classification using fuzzy

geometry



3.1 Introduction

In pattern recognition and image analysis we often want to measure geomet-
fical properties of regions in an image that are not crisply defined. Many of
the standard geometrical properties of and relationship among regions can be
generalized to fuzzy subsets. There have been a great deal of work in this re-
gard by Rosenfeld [102, 103], [261]-[264) who has made these generalizations
and has extended the concept of digital picture geometry to fuzzy subsets.
Such an extension, called fuzzy geometry, includes topological concept of con-
nectedness, surroundedness, convexity, area, perimeter, compactness, height,
width, diameter, extent, elongatedness, adjacency and degree of adjacency. Af-
ter generalizing the standard geometric properties, it becomes possible to use
these definitions to construct image description without committing to a spe-
cific segmentation of an image. These measures have also been found to reflect
the spatial (geometrical) ambiguity of an image and thus seem to be useful
in providing soft decision for image description and analysis. Recently fuzzy
medial axis has been defined in [265, 266] in this context using the concept of
fuzzy disk. In [267, 268] attempts are also made to represent spatial relation-
ship between fuzzy subsets of an image. Further references can be found in

269)-(272].

The work presented in this chapter consists of two parts. In the first part some
new fuzzy geometrical properties namely, length, breadth, index of area cover-
age (I0OAC), major axis, minor axis, center of gravity and density along with
their definitions and illustrations are provided. The concepts of Rosenfeld’s
adjacency and degree of adjacency [102] are critically examined and their new
versions defined. The second part consists of defining various algorithms based

y and nonfuzzy segmented outputs

on these properties for providing both fuz

through gray level thresholding and pixel classification.

The measures involving spatial information have been evaluated either in terms
of co-occurrence matrix or in terms of local histogram computed over each row
and each column. This in turn makes their conceptual realization easier and

computation faster.
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Standard ‘S’ function (equation 2.11, pp. 46) and its complement are used
for extracting the bright image plane u(X) from an image X for its object
extraction. The parameters JOAC and degree of adjacency are optimized for
gray level thresholding. Adjacency measure and membership value of individual
pixels computed over u(X) are considered for pixel classification. The effective-
ness of the algorithms has been demonstrated on various input images having
wide range of histograms and compared with some of the recently developed
algorithms [64, 116].

3.2 Existing fuzzy geometrical properties

Let #(X) denote a fuzzy representation of an M x N image X, i.e., a mapping
¢ from X into [0, 1] representing a fuzzy subset of X. For convenience, we shall

use # only to denote u(X) in this chapter.

The various geometrical properties of y as defined by Rosenfeld [102] are given

below with illustration.
Area : The area of a fuzzy subset y is defined as
a(y) :/,, (3.1)

where the integration is taken over a region outside which g = 0. For p being

piece-wise constant (in case of digital image) the area is

a(u) =3 u, (32)

the summation being considered over a region outside which p = 0. The area
is therefore the weighted sum of the regions on which z has constant value

weighted by these values.

Ezample 1 : Let u be of the form

02 04 03
02 0.7 06
06 05 0.6
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Then area a(p) = 4.1.

Perimeter : If p is piece-wise constant, the perimeter of p is defined as
p(r) = 3 |6(@) — #()] x |AG, 5, k)| (3.3)
ik

This is just the weighted sum of the lengths of the arcs A(, j, k) along which the
regions having y: values (i) and p(j) meet, weighted by the absolute difference
of these values. In case of an image if we consider the pixels as the piece-wise
constant regions, and the common arc length for adjacent pixels as unity then

the perimeter of an image is defined by
p(u) = > |u@@) — p()] C(34)
i

where () and p(j) are the membership values of two adjacent pixels. For the

fuzzy subset u of Exzample 1, perimeter p(u) = 2.3.

Compactness : The compactness of a fuzzy set p having area a(u) and

perimeter p(e) is defined as

a(p)

comp(p) = 20 (3.5)
Physically, compactness means the fraction of maximum area (that can be
encircled by the perimeter) actually occupied by the fuzzy region/concept rep-
resented by g. In the nonfuzzy case, the value of compactness is maximum for
a circle and this value is . In case of a fuzzy disc, where the membership
value is only dependent on its distance from the center, the compactness value
is > L [102]. Of all possible fuzzy discs compactness is therefore minimum for

its crisp version. For the fuzzy subset u of Ezample 1, comp(u) = 0.775.

Height and Width : The height h(x) and width w(s) of a fuzzy set u are
defined as
h(w) = [ max{u(e, v)}dy (3.6)

and
w(p) = /myax(/:(z;y)}d:c (3.7)
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where the integration is taken over a region outside which pu(z,y) = 0. For a

digital picture the definitions take the form

h(p) = > max{u(z,y)} (3.8)

and

w(p) = X max{u(z,9)}. (3.9)

So, height (width) of a digital picture is the sum of the maximum membership
values of each row (column). For the fuzzy subset u of Ezample 1, the height
is h() = 0.4 + 0.7 + 0.6 = 1.7 and the width is w(x) = 0.6 + 0.7 + 0.6 = 1.9.

Adjacency : Let g and v be two piece-wise constant fuzzy subsets of a set S.
Then we can partition S into a finite number of bounded regions B(¢), meeting
pair-wise along arcs, on each of which both x and v are constant, say having
values ju(i) and v(j). Let u and v be disjoint; then on each B(:), either 4 = 0
orv = 0. Let A(i,j,k) be the kth arc along which B(i) and B(j) meet, and let
this arc length be |A(i, j, k)|. Then the adjacency between s and v is defined

as

alp,v) = 3 w(i) x v(i) x |AG, 5, B)]- (3.10)
i,k

Evidently, if sz and v are crisp, a(, v) is just the total length of their common
border. In the fuzzy case, each arc length is weighted by the product (¢) x #(5).
alp,v) is 1 only when both x(i) and v(j) are 1 (full adjacency), and it is small
when either of them is small (i.e., either of them is weakly present). In case of
a digital picture, the adjacency of a pixel to one of its neighbors is the product
of its membership value with that of its corresponding neighbor. For the center

pixel of Ezample 1, adjacency is 0.42 with its right neighbor.

Degree of Adjacency : Intuitively, two regions S and T in a digital picture
arc somewhat adjacent if some of the border pixels of .S touch (nearly) some
of the border pixels of T the degree of adjacency depends on how nearly they
touch and along how much of their length they do so. Let BP(S) be the set of
border pixels of 5. Take any border pixel p € BP(S). Let d(p) be the shortest
distance of this pixel from the border of 7. Then the degree of adjacency
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between S and T is defined as

a(S,T) = (3.11)

Z 1
pesps) LT d(p)’

3.3 Some new fuzzy geometrical properties

In this section we are going to introduce some new fuzzy geometric properties

of image subsets.
Length : The length of a fuzzy set 4 may be defined as
() = max{ [ (z,v)dy} (12)

where the integration is taken over the region outside which p(z,y) = 0. In

case of a digital picture the expression takes the form
1(p) = max{X ule,v)}. (3.13)
v
Breadth : The breadth of a fuzzy set x4 may be defined as
o) = max{ [ (e, y)dz) (3.14)

where the integration is taken over the region outside which pu(z,y) = 0. For a
digital image

b(s) = max {3 (e, ) (3.15)

The length (breath) of an image fuzzy subset gives its longest expansion in the
y direction ( direction). If s is crisp, (2, y) = 0 or 1; then length (breadth) is
the maximum number of pixels in a column (row). Comparing equation (3.13)
with (3.8) and (3.15) with (3.9) we notice that the length (breadth) takes the
summation of the entries in a column (row) first and then maximizes over
different columns (rows), whereas the height (width) maximizes the entr
a column (row) and then sums over different columns (rows). For the fuzzy

subset g in Ezample 1, I(i1) = 1.6 and b(p) = 1.7.
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Index of Area Coverage (IOAC) : The index of area coverage of a fuzzy
set may be defined as )
a(p

104C() = st (3:16)

In the nonfuzzy case, the TOAC has a value of 1 for a rectangle (placed along

the axes of measurement). For a circle this value is 772/(2r x 2r) = 7 /4. IOAC

of a fuzzy image subset represents the fraction (which may be improper also)

of the maximum area (that can be covered by the length and breadth of the

image) actually occupied by the image.

For the fuzzy subset p of Ezample 1, the maximum area that can be covered
by its length and breadth is 1.6x1.7=2.72, whereas the actual area is 4.1, so
the JOAC=4.1/2.72=1.51. Note the difference between IOAC and comp(u).

Again, note the following relationships

)/ h(p)

’ 3.17
b(p) /() . @10

IANIN

Major Axis : Find the length of the fuzzy image subset. Now rotate the axes
through an angle 0, (0° < 0 < 90°). The angle for which length is maximum
is said to be the angle of inclination of the object (with the vertical). The
corresponding axis along which the length is maximum is said to be the major

axis. The length along the major axis denotes the expansion of the object.

Minor Axis : The axis perpendicular to major axis, for which breadth is

maximum is defined as the minor axis of the object.
Center of Gravity : The center of gravity (C.G.) of a fuzzy image subset
can be defined in various ways. Two such definitions are given here.
e C.G. of a fuzzy image subset an be defined as the point of intersection of
the major and the minor axes.

Take any pixel as the center. Take a neighborhood of radius r. Find

the energy (arca) of the circle. Now shift the center of the circle over all

the pixels of the image. The center for which the energy is maximum
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is defined as the C.G. . If there is any tie then increase the radius and
obtain the C.G. .

For the fuzzy subset u of Ezample 1, length I(x) = 1.6 and breadth b(p) = 1.7.
Now if we rotate the object by 45° then its length is () =0.6+0.740.6 =1.9

Hence the fuzzy object is inclined at an angel of 45° with the vertical axis. So
by the major axis of this.image subset we mean the axis inclined at an angle of
45° with the vertical. Similarly,.the minor axis of this image subset is inclined
at an angle of 45° with horizontal. Trivially, the C.G. of this image subset
passes through the pixel having membership 0.7.

Density : The density of a fuzzy set u having NV supports may be defined as

) = [ 1= xalu). (3.18)
For a digital image (having N pixels) characterized by 4, its density is .
1 N
A = 5 Zl#(i)A (3.19)

The maximum value of density is 1 and this value occurs only for a non-fuzzy
case. Density can be used for finding the C.G. of an image. If we break the
image into different regions of same size then the region having the maximum

density may be regarded to contain the C.G. .

Adjacency : The definition of adjacency given in equation (3.10) does not
fully agree with our intuition. Let us take two piece-wise constant regions s
and v. We say y and v are more adjacent if the difference of the membership
values of u and v are less (whatever be their actual values). For example, let us
take the membership values of the regions  and v as 0.2 and 0.25 respectively
in the first case, and 0.8 and 0.85 in the second case. Since the difference
of membership values is the same in both the cases, their adjacency is also
expected to be same (assuming the length of their common border to be the
same). But according to equation (3.10) this value is 0.05 in the first case
whereas 0.68 in the second case. One may, therefore, defined adjacency as

_1AG gk

Sl e (3.20)

a(p,v) =
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When (i) = v(j) and the length of the common boundary between the regions
isunity the adjacency value is maximum (=1). The lesser the difference between

4 and v, the more is the adjacency and vice versa.

Degree of Adjacency : The definition of the degree of adjacency (equation
3.11) gives a measure of physical adjacency of two regions S and T'. It does not
say anything about their gray values. In practice, it is reasonable to determine
adjacency between two regions by their both physical and gray level distances.
So the degree of adjacency can be defined as

a(S,T) = (3.21)

1 1
ey TH T = ol < TF
Here d(p) is the shortest distance between p and g, q is a border pixel of 7' and
pis a border pixel of 5. The other symbols are having their same meaning as
in the previous discussion. a(5,T) denotes the degree to which the regions S
and T are adjacent. The degree of adjacency of two regions is maximum (= 1)
only when they are physically adjacent, i.c., d(p) = 0 and their membership
values are also equal; i.c., u(p) = v(g). If two regions are physically adjacent

(i.e., d(p) = 0, Vp) then their degree of adjacency is determined only by the

difference of their membership values. Similarly, if the membership values of
two regions are equal their degree of adjacency is determined by their physical

distance only.

It is to be noted that when d(p) = 0, Vp (i.e., when S is surrounded by T or
vice versa), then |A(i, j, k)| = 1 (because p and g are adjacent) and equations
(3.21) and (3.20) become identical.
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positions

b) same as in (a), the relativ

Figure 3.1: a) A scene with two regior
of the regions are different; c) same as in (b), the gray levels of the border pixels

of the first region are different
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Ezample 2 : Let us consider a scene having two regions only (Figure 3.1).
The gray levels of the scene are coded as A = 10,B = 11,...,V = 32. The
gray levels of the regions in Figure 3.1(a) and Figure 3.1(b) are identical but
the regions in Figure 3.1(b) are closer to each other compared to Figure 3.1(a).
So the degree of adjacent of the regions in Figure 3.1(b) should be more than
that in Figure 3.1(a). In Figures 3.1(b) and 3.1(c) the relative positions of the
regions are the same, but the difference of gray levels of the border pixels in
Figure 3.1(b) is more thai that in Figure 3.1(c). So from intuition we would
expect that the degree of adjacency of the regions in Figure 3.1(c) is more than

that in Figure 3.1(b).

The a(S,T) values computed with equation (3.21) are 0.062, 0.143 and 0.189
for Figures 3.1(a), 3.1(b) and 3.1(c), respectively. So the results agree well with

our intuition.

In the following sections we will describe how these fuzzy geometrical concepts
can be incorporated in formulating various algorithms for gray level threshold-
ing and pixel classification. For developing the algorithms we will be concen-
trating only on the parameters length, breadth, compactness, [OAC, adjacency

and degree of adjacency.

3.4 Object background classification by de-

gree of adjacency minimization

Equation (3.21) shows that, the higher the contrast (difference in membership
values or gray levels) between two regions and greater the distance between
them, the lower is their degree of adjacency. Therefore, a lower value of degree
of adjacency implies that the segments (clusters) formed are more valid (sepa-
rable) considering their both gray levels and physical distances. For this reason
we will use minimization of degree of adjacency as a criterion for extracting

segments of an image.
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3.4.1 Formulation of algorithm (Algorithm 1)

Let us consider an L level digital image X of size M x N having gray values
from Imin t0 Imaz. Let the object pixels have gray values < s and background
pixels > s, where lnin < 8 < lnae. In other wards, we consider the regions
object and background with respect to gray levels only. In such a case the
degree of adjacency between the regions (object and background) is defined as
(from equation 3.21)
1 1

a(0,B) = Z: - X 13d (3.22)
where 7 and j represent the gray values of an object pixel and a background
pixel respectively such that j is a neighbor of 7, and d is the physical distance
of the pixel having gray level j from the pixel having gray level 7.

Since we are considering only the border pixels (the transition between object
and background) for computing the degree of adjacency between two regions
(with respect to gray levels only), the physical distance of a border pixel of
object region from that of background region is zero. So putting d = 0 in

tion (3.22) we get

(3.23)

where j is a neighbor of i, and if i comes from object then j comes from
background. The information regarding ¢ and j can be obtained from the co-
occurrence matrix C of X as described in Chapter 2 (section 2.5.1, pp. 56).

From the co-occurrence matrix (Figure 2.1, pp. 56) we see that the entries in
C, and Cj contribute nothing to the degree of adjacency measure(equation
3.23); only those of C; and C, will contribute. Equation (3.23) thus takes the
form (considering j as one of the four neighbors of 7)
Cli ]
0,B) = — =+
«0.m= 3 Tl

(i27)i<s,5> (1.)i>s,5<s

(3.24)

where C[i,j] represent the number of occurrences of the gray level i followed

by gray level j.
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From equation (3.24) it is evident that the value of a(O, B) is less when the
difference of 7 and j is more and the corresponding C[z, j] is less. In an image
with increase in |i — j|, C[i, 7] usually decreases and the elements in C thus cor-
respond mainly to a low value of |[¢ — j|. When s corresponds to the appropriate
boundary (threshold) between two regions, there will be a minimum number of
pixel intensities having low C[i,j] (i < s,j7 > s, ori > s, j < s) value; thus
contributing least towards a(O, B). This optimum (minimum) value of a(O, B)
would be greater for any other choice of s. The concept may be written in al-

gorithmic form as follows.

Step 1 : Take a threshold s, between lnin and lmas.

Step 2 : Calculate a(O,B) using equation (3.24).

Step 3 : Iterate Steps 1 and 2 for different values of s, select that s as an
optimum threshold for which a(O, B) is globally minimum.

3.4.2 Implementation and results

Three images are considered here namely, Biplane, Lincoln, and Blurred Chro-
mosome [Figures 2.2(a), 2.3(a) and 2.4(a)). The thresholds' obtained by the
algorithms are shown in Table 3.1. Some of the thresholded (global) images
are shown in Figures 3.2(c), 3.3(c) and 3.4(d) as a typical illustration. Note
- that the Figures 3.2-3.4 also contain some other segmented versions which are
obtained by Algorithm 2 described later in this chapter. All the results are put

together for the convenience of readers.

The results agree well with those of the recently developed algorithms based
on co-occurrence matrix [62, 64] (which have been mentioned in Table 2.9, pp.

73) and those of the previous chapter (Tables 2.1-2.8).

An experiment is also done by including a measure called total internal scatler

(based on Cy and Cj of Figure 2.1, pp. 56) within object and background

S(T) = S(0) + S(B) (3.25)

!Superscript * denotes global optimum



see Figure 2.2(a) see Figure 2.2(b)

()

(e)

Figure 3.2: Biplane image : a) input, b) histogram, c) threshold=6, d) thresh-
old=14, ¢) threshold=24



Table 3.1: Thresholds based on Algorithm 1

/ Degree of adjacency

Images Degree of adjacency | + Internal scattering
Biplane i 11* 14 22 11 14* 22 30
3510° 610 13
Lincoln 13 18 24 16 18 24
Blurred 19 22 30 38 19 22 30
Chromosome 40* 43 45 53 38 40* 43
see Figure 2.3(a) see Figure 2.3(b)
(a) (b)

see Figure 2.3(c)

()

Figure 3.3: Lincoln image : a) input, b) histogram, c) threshold=10
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see Figure 2.4(a) see Figure 2.4(b)

(2) (b)

see Figure 2.4(e)

(e) )

Figure 3.4: Blurred Chromosome image : a) input, b) histogram, c) thresh-
old=32, d) threshold=40, e) threshold=54, f) threshold=56
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where

S©O)= > li-jl (3.26)
(), fiss
and
S(B)=( > il (3.27)
i,7), :3>s

as an additional criterion, but it did not seem to change much (as seen from
Table 3.1) the performance as obtained by equation (3.24) alone. This conforms
well to the earlicr findings (e.g., see [64] and the results of Chapter 2) where the
second order local entropy and within-class correlation (based on Cy and Cs )
were found to be inferior to those of the conditional entropy and transitional

correlation (based on C; and Cy).

3.5 Object extraction by optimizing IOAC

Most of the geometrical properties (of an image fuzzy subset) such as area,
perimeter, length, breadth etc. are dependent not only on the shape of the im-
age, but also on the membership values. If the object pixels have higher gray
Jevels we can select the standard ‘S’ function (equation 2.11, pp. 46) to extract
a bright image plane. On the other hand, when the object pixels have lower
gray levels compared to background pixels, we would select a function comple-
mentary to ‘S’ function which may be referred as ‘Z’ function to represent a
dark image plane. (As mentioned in section 2.4, pp. 46, these functions satisfy
the criteria of selecting a membership function for image processing problems

[260].)

3.5.1 Formulation of algorithm (Algorithm 2)

It has been noticed in section 3.3 that for crisp sets the value of index of area
coverage (IOAC) is maximum for a rectangle. Again, of all possible fuzzy
rectangles JOAC is minimum for its crisp version. For this reason, we will

use minimization of JOAC as a criterion for image segmentation. Note that
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asimilar algorithm based on minimizing compactness measure was developed
by Pal and Rosenfeld [116]. It has also been included here to compare its

performance with that of the JOAC measure.

Criteria of fuzzy thresholding : Suppose we use the ‘S’ function (equation
211, pp. 46) for obtaining the bright image plane x(X) of an image X. Then
for a particular cross over point selected at, say, b= s, the pixels having gray
levels > s will have p values > 0.5 and those having gray levels < s will have
4 values < 0.5. This implies allocation of the gray levels into two regions. The
term TOAC (i) (comp()) then reflects the average amount of ambiguity in the
geometry (i.e., in spatial domain) of X. Therefore, modification of the cross
over point will result in different (X) planes (and hence different segmented
versions), with varying amount of JOAC (compactness). The u(X) plane having
minimum JOAC (compactness) value can be regarded as an optimum fuzzy
segmented version of X. This is optimum in the sense that for any other
selection of crossover point b, the value of JOAC (compactness) will be greater.
For obtaining the non-fuzzy output one may take the cross over point (which
is considered to be the maximum ambiguous level) as the threshold between
object and background. For images having multiple regions, one would have a

sct of such optimum u(X) planes.

Faster method of computation : From Algorithm 2 it appears that one
needs to scan ah L level image L times (corresponding to L cross over points
of the membership function) for computing the parameters for detecting its
thresholds. The time of computation can be reduced significantly by scanning
it only once for computing its co-occurrence matrix, row histogram and col-
umn histogram, and by computing p(i),i = 1,2,..., L, every time with the

membership function of a particular cross-over point.

Let h(i),i = 1,2,. .., L, be the number of occurrences of the level 7, C[i, j],i =
1,2,...,L,5 = 1,2,..., L, the (i,j)th entry of the co-occurrence matrix and
u(i),i =1,2,..., L, the membership vector for a fixed cross over point of an L

level image X. Then compute
L

a(p) = 3 n(i) x k@), (3.28)
=
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L
P = 353 i) — W) % i 31 (329)

Let R[m, ] represent the number of occurrences of the gray level I in the mth
row of the image and C|[n, I] represent the number of occurrences of the gray

level [ in the nth column of the image. Then

L

(i) = max >3- u(l) X Cln, 1), (3.30)
=1
L

b(u) = max Y- u(l) x Rlm, 1]. (3.31)
=1

3.5.2 Implementation and results

Algorithm 2 has been implemented on the images of Biplane and Lincoln [Fig-
ures 2.2(a) and 2.3(a)] having black object and white background. Here [y = 1
and ,q; = 32. The different minima obtained by Algorithm 2 ({OACand com-

pactness measures) for different window sizes are shown in Table 3.2.

Table 3.2: Thresholds based on Algorithm 2

Images
Window Lincoln Biplane
size Compactness | IOAC | Compactness I0AC
8 10~ 11 23 5% 26 1119 24
10 10 11 23 5% 26 12 24~
12 10" 117 23 5™ 24 13 24~
14 9" 117 23 6™ 23 13 24°
|16 9- 11° 6 21 14 247

The algorithm has also been implemented on two other images [Figures 2.4(a)
and 3.5(a)] (viz., a Blurred Chromosome and a hand written characters Shu )
with white object and black background. For the Blurred Chromosome image

1 and e =

lmin = 13 and l,.; = 60, whereas for the Shu image, lnin
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32. The different thresholds obtained by minimization of TOAC (compactness)
measure for different window sizes are shown in Table 3.3. Some of the crisp
segmented versions of the Shu image are shown in Figure 3.5 as a typical
illustration. For other images some typical thresholded versions are given in
Figures 3.2-3.4 [e.g., 3.2(c), 3.2(d), 3.3(c), 3.4(c), 3.4(e), 3.4(D)]-

Table 3.3: Thresholds based on Algorithm 2

Images

Window Shu Blurred Chromosome
size Compactness | IOAC | Compactness I0AC

8 8" 24 812~ 33 56 30" 53

10 8 24 9 12 33 56 30" 51

12 8" 23 9 13 55" 31 49

14 9" 23 13" 54" 32 46

16 10* 22 147 52~ 34"

I'he results (Tables 3.2-3.3) show that the thresholds (global) obtained by com-
pactness measure, as expected, are very much worse for the Shu image than
those of the JOAC measure. This is because of the fact that the former at-
tempts to make a circular approximation of an object for its extraction. As
a result, some of the background portions get treated as object, thus failing
to remove background noise. For the Biplane image, neither compactness nor
JOAC has been able to provide a global threshold appropriate for its extrac-
tion. However, it is interesting to note that the appropriate thresholds 11-14

of the Biplane image came out as local minima only for the JOAC measure.

For a wide range of window sizes, the variation in global thresholds is seen

the theoretical findings of Murthy and

to be insignificant. This corrobora
Pal [260] and the experimental results in Chapter 2 and establishes further the
- Algorithm 1 the overall

flexibility of the fuzzy set theoretic approach. Li
performance of Algorithm 2 (considering the crisp versions) is also comparable
to that of the algorithms based on local information and entropy measure [64],

and those described in the previous chapter.
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Figuie 3.5: Shu image : a) input, b) histogram, c) threshold=8, d) thresh

old=10, ) threshold=14



Itis to be noted here that the JOAC measure is dependent, to some extent, on
the orientation of the object. If the object is along the horizontal and /or vertical
direction, the measure will give good results. The result may be different if the
object is inclined at an angle with the axes. In such cases one can rotate the

axes and place them along the major and minor axes of the object.

3.6 Pixel classification for object extraction

In last two sections, algorithms for gray level thresholding have been described
for object /background classification. Here we will be explaining a pixel classifi-
cation algorithm for object /background separation based on adjacency measure
(equation 3.10).

3.6.1 Formulation of algorithm (Algorithm 3)

The problem of pixel classification can be viewed as assigning the individual

pixels into different types of classes Jar ing upon the various features or

properties possessed by the pixels with respect to those classes. An attempt is
made here in classifying the pixels of a digital picture into two classes, namely
object and background. The adjacency (or the degree of belonging) defined in
cquation (3.10) has been used as one of the features. In other words, the physi-
cal constraint that the intensity of a pixel is greatly influenced by its neighbors,
has been exploited here for classification of pixels. The role of adjacency in this

context is explained below

Let a(w,y) be the membership value denoting the degree of brightness of a pixel

plz,y) or the degree of belonging to the object region, say. The adjacency of a
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pixel to its neighbors can be defined as :

a@y) = p@y){ue—1,y) +puz+1,y) + plz,y — 1) + p(z,y + 1)} /4
(considering 4 neighbors)
1o
= u(ryy){(_zI Z’ w(z =i,y = j)) — p(=,y)}/8.
(’considering 8 neighbors)
(3.32)
If the higher gray levels represent the object region, then a(z,y) is high if both
the pixel p(z,y) and its neighbors belong to the object region, and it is low
if both the pixel p(z,y) and its neighbors belong to the background. a(z,y)
is medium if the pixel and its neighbors belong to object and background,
respectively or vice versa (i.e., the region corresponding to edge or boundary of
the object). So a(z,y) can be regarded as the degree of belonging of the pixel
p(z,y) together with its neighbors to the object region.

For classification of a pixel into object and background we consider n(z,y) and
(%) as two features. Keeping consistency in features, a pixel pattern can be
represented as

) = la(e, 9), 1z, ) (3.33)

in a two dimensional feature space.

The pixel classification procedure can be thought of as a two class minimum
distance classifier (45, 46] where the initial seed points or the representatives
5(1) and 5(2) of the two classes C(1) and C(2) (object and background) can
be considered to be the two modes of the bivariate frequency distribution of
the pattern vector 5(x,y). One may also consider [0,0] and [, 1] as the initial
seed points, since these are the extreme points in the feature space belonging to
object (background) and background (object). The algorithm developed using

this concept is given below.
Algorithm 3

as mentioned in sec-

Step 1 : Choose the membership function (‘S” or 1-
tion 3.5), number of neighbors (4 or 8) for a pixel, and assign bright-

ness/darkness membership value p(z,y) to the pixel p(z,y), V(z,y).
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Step 2 : Compute a(z,y) using equation (3.32).

Step 3 : Compute d(3) = ||3(z,y) — SG)|, i=1,2,
the distance of an unknown pixel vector j5(z,y) from the ith seed point/
representative vector of the ith class.

Step 4 : Assign the pixel p(z,y) to C(1) if d(1) < d(2) and to C(2) if d(2) <
d(1). Decide arbitrarily if d(1) = d(2). (In such a case decision may also
be taken by considering the number of neighbors of p(z,y) belonging to
object and background).

Step 5: If S(1) and S(2) are chosen as the two modes, then STOP. If 5(1)
and S(2) are chosen as the two extreme points [0,0] and [1,1] then replace
the seed points by the class means, and go to Step 6.

Step 6 : Iterate Steps 2 to 5 until the difference between the seed points of two

successive iterations is less than a pre-specified small positive quantity (c).

3.6.2 Implementation and results

Algorithm 3 has been implemented on the images of Biplane [Figure 2.2(a)],
Lincoln [Figure 2.3(a)] and Blurred Chromosome [Figure 2.4(a)]. The results
showing satisfactory partition are depicted in Figure 3.6. Here the initial sced
points were taken as the extreme points [0,0] and [1,1] and € = 0.001. The
basic advantage of Algorithm 3 is that it is not noise sensitive because, by
taking the local information from the neighbors through a(z,y), it attempts to
reduce the effect of noise on classification. To demonstrate this, the algorithm
has also been tested by adding noise N ~ (0,0?) to the image of Biplane. The
noisy input images (c=3 and 5) are shown in Figures 3.7(a) and 3.7(c). The
corresponding partitioned images are shown in Figures 3.7(b) and 3.7(d). The
gray level thresholded images obtained by Algorithm 1 for these images are also

included here [Figures 3.7(c)-3.7(f)] for comparison.



Figure 3.6: Object region extracted by pixel classification of : a) Biplane image

b) Lincoln image and c) Blurred Chromosome image
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(c) (d)

(e) (f)

Figure 3.7: Object region extracted by pixel classification from noisy Biplane
images : a) input; b) result by Algorithm 3 of input in (a); ¢) input; d) result
by Algorithm 3 of input in (¢); ¢) result by Algorithm 1 of input in (a); ) result
by Algorithm 1 of input in (c)
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3.7 Conclusions and discussion

An attempt has been made here to demonstrate the way of implementing the
concept of fuzzy geometry in image segmentation problems. Some new mea-
sures have also been defined in this context. Various algorithms based on' diffei-
ent geometrical measures are developed and are used to determine thresholds

for object/background classification (both fuzzy and non-fuzzy).

Among the three algorithms the first two algorithms describe gray level thresh-
olding, whereas the third one deals with a pixel classification technique. Algo-
rithm 1 optimizes the degree of adjacency between two regions (with respect
to gray levels only) to find out the thresholds. This measure takes spatial in-
formation into account and is influenced by the quadrants C» and C, (Figure
2.1, pp. 56) of the co-occurrence matrix. The algorithm is computationally

fast and can be applied to any kind of image.

Algorithm 2 optimizes IOAC of the fuzzy object region in an image. The al-
gorithm is based on local information and takes the shape of the object into

er for cir-

consideration. Compactness optimization is expected to work bet
cular compact objects, whereas the /0 AC optimization gives good results for
rectangular noncompact objects. The choice of window size does not seem to
be very critical as long as it is restricted by the bound functions of Murthy
and Pal [277). This supports the theoretical findings in [260] and establishes
the flexibility of the algorithms. Since JOAC does not require the calculation
of co-occurrence of gray level, it takes less time compared to compactness cal-

culation.

The third algorithm describes another way of object extraction (region grow-
ing). The algorithm uses both local and global information. The process is
iterative, but converges very fast. Compared to the other two algorithms it is

efficient but is more noise immune.

computationally le

The crisp outputs of the proposed algorithms are found to agree well with
those of the conventional techniques recently developed using the co-occurrence

matrix [62, 64, 116]. The above mentioned geometrical properties have recently

101



been applied for extracting fuzzy medial axis of an image (266) and for motion

analysis for video data abstraction [278]. o

Applications of major and minor axes, center of gravity and density are not
considered here. Their definitions are introductory and may be further investi-

gated.

Itis to be mentioned here that the concept of fuzzy sets is more cumbersome to
represent, and their properties are somewhat more expensive to compute. But
as the computer memory and computing power are becoming cheaper, (and also
new parallely implementable computational technologies like artificial neural
network models [132]-[165], genetic algorithms [279)-[281] are emerging with
great promise) the fuzzy geometric approach to image analysis and description

seems to deserve more serious considerations.

In the following chapters we will be presenting some results of investigations
both theoretical and experimental that demonstrate the effectiveness of some
of the concepts of artificial neural networks in formulating various parallely

implementable and robust segmentation algorithms.
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Chapter <4

Kohonen type selfrorganizing
neural network for object

extraction



41 Introduction

An introduction to neural networks is given in Chapter 1. (Different aspects
of neural networks along with the details of various models and learning rules
are given in Appendix A.) Some of the applications of collective computational
abilities of neural network models in image segmentation and clustering prob-
lems in order to exploit their high computational power and to make robust

decisions have been described in section 1.3.3 (pp. 26).

In Chapters 4-7 we have proposed various methodologies for object extraction
using modified versions of Kohonen’s model, Hopfield’s model and a multi-
layer neural network where the problem of object extraction from a scene is
viewed as a self-organizing task, or an optimization problem, or an unsupervised

classification.

The work described in this chapter is an attempt to use Kohonen’s concept
136, 282] of self-organizing feature map for object extraction from an image.
Here, the object extraction problem is viewed as a self-organizing task and is
solved by employing a modified version of Kohonen’s model. The term self-
organization refers to the ability to learn the structure of the input data even
when there is no available information about it. Self-organization is a basic
principle of sensory paths of the human visual system. In the feature mapping
algorithm of Kohonen the same input is given to all the neurons to perform self-
supervised classification . The present algorithm, on the other hand, considers
the number of neurons equal to the number of pixels in an input image and the

input differs from neuron to neuron.

The proposed model uses both global and local information as input features.
Statistical criteria such as least square error and correlation maximization are
used for obtaining the optimal output. Proof for the convergence of the algo-

rithm is also given. The technique is found to work well even for noisy input.

It is to be mentioned here that the work of Chua and Yang [150, 151] also con-
sidered different input for different neurons, but the working principle (weight

adjustment/learning) and the transfer functions are different. The principle
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used in the present algorithm is more general as compared to that in [150, 151],
because they assumed the output state of the neurons as -1 or +1, whereas the

present case the output may be continuous.

4.2 Kohonen’s model of self-organizing fea-
ture map .
Kohonen’s self-organizing network consists of a single layer of neurons as shown

in Figure 4.1. The neurons are highly interconnected within the layer as well

as with the outside world.

Figure 4.1: Kohonen’s model of neural network

Let the signal

U = {ur,us,...,u,} € R* (4.1)
be connected as input to all the processing units. Let the length of the input
vector be fixed (to some constant length) and the processing unit (neuron) @

have the weights (chosen as random numbers)
Wi = {wi, wiz, - -, win} (4.2)

where, w;; is the weight of the ith unit from jth component of the input. The
ith unit then forms the discriminant function

mo= > wiju; = W.0 (4.3)
=
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where, 7; is the output of that unit. A discrimination mechanism will then

detect the maximum of #;. Let
e = max{n;}. (4.4)

For the kth unit and all of its neighbors (within a specified radius of r, say)
the weight updating rule

Wit +1) = O +alU® (4.5)

[IWi(®) + U@ .

is applied. Here the variables have been labeled by a discrete time index ¢.
a (0 < a < 1) is a gain parameter that decreases with time and the denomi-
nator is the length of the weight vector (which is used only for normalization
of the weight vector). Further details of this model can be found in Appendix
A.

4.3 Self-organization and object extraction

From Kohonen’s feature mapping algorithm it is seen that self-organization
and feature mapping characteristic can provide the structural information: of
the input data set, without having any apriori knowledge of it. In the context
of pattern recognition and image processing, this can be viewed as clustering
and/or segmenting an image space into meaningful regions, say object and
background. In the following subsection, we shall explain how the concept of

self-organization can be exploited for object extraction from a gray tone image.

4.3.1 Image processing in the notion of neural networks

An L level image X (M x N) can be represented by a neural network Y (M x N),
having M x N neurons arranged in M rows and N columns (each neuron
corresponds to a pixel). Let the neuron in the ith row and jth column be
represented by y(i, 7) and let it take input from the global/local information of

the (i, 7)th pixel z(i,7) having gray level intensity .
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In feature mapping algorithm, the maximum length of the input and weight
vectors is fixed. Let the maximum length for each component of the input
vector be unity. To keep the value of each component of the input < 1, let-us
apply a mapping

Ft llminy bmaz] — [0, 1]
Here lpor and lyi, are the highest and the lowest gray levels available in the
image. The components of the weight vectors are chosen as random numbers

in [0,1).

The output (activation level) of a neuron y(%,7) is a function of both the input
and the weight vector. The function may be linear or non-linear depending on
the problem at hand. The output status of neuron y(z, j) governs the processed
output. For example, consider the case of extracting edges (or regions i.e.,
segmentation). Here, the output value of a neuron determines to what extent
the pixel z(%,7) is a member of the edge pizel subset (or a region). Similarly,
for image enhancement, it reflects the enhanced value of pixel intensity. (In
this context we mention that the output status values of the neurons may be

considered to form a fuzzy set.)

4.3.2 Formulation of the object extraction algorithm

Let us consider the case of object background classification in an image. Here
the input to a neuron y(z,7) is considered to be an N-dimensional vector

UG,3) = {w(6 ), ua(i,3), - un (i, 5
The weight (to a neuron) is also a vector quantity of the same dimension
W (i) = {wi(i, ), wa(d,5), . waliy )}
Then compute the dot product as
d(i,5)e = W(i,5)e. 0, 5) = éwk(m)-uk(m) (4.6)
where the subscript “’is used to denote the time instant.
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Only those neurons for which d(i,5), > T (T is assumed to be a threshold) are
allowed to modify their weights along with their neighbors (within a specified
radius). Consideration of a set of neighbors enables one to grow the region by
including those elements which might have been dropped out because of the
randomness of weights or presence of noise. The weight updating procedure is
the same as in equation (4.5). The value of & (equation 4.5) decreases with
time. In the present case, it is chosen to be inversely related to the iteration

number.

The output (just to check convergence) of the network at time instant ‘¢ is

calculated as

Ou = 3G, @1

with
d(z,5)e > T.

The procedure of updation of the weights is continued until
101 = Ou| < 6 (4.8)

where § is a pre-assigned very small positive quantity. At this stage the network
is said to have converged (settled). After the network has converged, the pixels
2(i,5) (along with their neighbors) with the constraint d(i,j) > T, may be

considered to constitute a region, say, object.

It may be mentioned here that the value of d(i,j) denotes the degree of be-
longing of the pixel z(i, j) to the object (background). If d(i,5) = 1, the pixel
fully belongs to the object. Thus the extracted region may be considered to
denote a fuzzy subset object. About the stability of the network the following

proposition can be made.

Proposition : The network converges for all values of
Proof :

To prove
[Oip1 — O < 6
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where

0. = X d(i, )

with
d(i,5)e > T,

T is a threshold, and § is a pre-assigned small positive quantity.

Here d(i, 7). = W(4,):-U(s, j)i. From equation (4.5) we have

4O WA TR )y 9)
WG 5)e + UG 7).l
From above it is evident that ||[W(7,5),,,l = 1, Vt. It is also given that a

decreases as ¢ increases and for the present case [7(i,j) is constant with respect

to time. So, as ¢ — co; @« — 0. Hence

m W = WD as ||W( .
zh;gewu,])”.——”W(i’j)'”—W(,])., W, 5). ] = 1.

So, with time the updating of the weights converges. Since U is not a function
of time
d(i,j), = W(i, ) .U(i,J)

also converges as t —» co.

Hence

O = Z d(4,7):
will become constant as ¢ — co. Thué
|01 — O] < 6.
Since this is independent of T', the network converges for all T'.

Hence the proof. »

4.3.3 Selection of optimal threshold

In the above subsection, a threshold T in the W.U plane was assumed to

decide whether to update (or not to do so) the weights of a neuron; i.e., the
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threshold T" divides the neuron set into two groups (thereby the image space
into two regions, say object and background). The weights of only one group are
updated. For a particular threshold the updating procedure continues until it
converges. The threshold is then varied. Any one of the following two statistical

criteria can be used for selecting the optimal threshold.
Least square error (LSE) method

As the network converges, the image space is divided into two groups, one
group having d(= W.0) > T (the object pixels), and the other with d < T (the
background pixels). Let 7, and 77, be the mean values of the activation levels
(input values) of the object and background regions, respectively. Since we
are concerned with object/background situation only, we can assume that 1,
and 17, are the ideal (constant) activation levels of the object and background
pixels, respectively. Let N, be the number of pixels in the object region, N
that in the background region and V; be the activation level of the ith element

in the stable state. Then the total square error is
No _, N o,
o(T) =D (Vi —1i10)% 4+ >_(V; — 1) (4.10)
= =1

The threshold (7") for which this error is minimum can be taken as the optimal
threshold. This is optimal in the sense that the deviation of the segmented

image from ideal scene is minimum.
Correlation maximization method

In this case, the statistical correlation coefficient between the input sequence
(image) and the output sequence is maximized to get the optimal output. As
the threshold is varied, the output sequence is changed thereby altering the

value of the correlation coefficient. When the threshold corresponds to the

actual boundary, the initial grouping is close to the expected output and thus

the correlation coefficient is maximum.

Let z; and g, @ = 1,2,...,n be two sequences with mean values # and 7,

respectively. Then the correlation co-efficient (rs,) between these two s

quences
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is defined as

Tay = —c°:(m’y) (a.11)
where 1
Cov(w,y) = -3 (= —7)(wi —7)
and

PR DR I TS 3 R

In the present case, one sequence is the input values of the neurons. After the
network has converged for a particular value of T, the second sequence contains
values cither m, (for all elements belonging to objects) or m, (for all elements
belonging to the background), where m, and m, have the same meaning as
in the previous case. Let NN, be the number of pixels belonging to the object
region and NN, be that to the background. It can easily be seen that the mean
values of the above two sequences are the same. Let the mean of the sequences

be m. Then the variance of the input and the output sequences will be

oty = %Z(U, —m)?, (4.12)

No Ny
o3ulT) = %{Z(mo*mWZ}mr’")z} (4.13)

=1

L{N,(my —m)? + Ny(my — m)?},
1 No Ny
Cov(inp,out)r = ~ {Z(mo —m)(U; —m) + > (mp — m)(U; — m)} (4.14)
i=1 =1
and

_ Cov(inp,out)r

(T) i ot (1)

(4.15)

4.3.4 Features of the modified model

Kohonen demonstrated a self-organizing feature map criterion [136, 282] for
developing a self-supervised classification algorithm. The same input is given
to all the neurons while learning the parameters. The present work on un-

supervised classification (i.e., clustering or segmentation), on the other hand,
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considers the number of neurons the same as that of the pixels and the input

is different for different neurons.

The mathematical proof for the convergence of the algorithms is given in section
43.2. Tt can further be established logically as follows. The weight. updating
procedure is the same as that of Kohonen (equation 4.5). In Kohonen’s model
the inputs to all the neurons are the same, whereas in the present case the
inputs to different neurons are different. The weight updating procedure is
such that it always brings the randomly assigned weights towards the input.
So, even if the inputs to the neurons are not the same, the weight updating
procedure will converge thereby settling the network.

In the present case of object extraction, it is assumed that the object regions
have more or less uniform intensities, thereby forming spatial clusters to some
extent. So, it can be said that if a pixel belongs to an object, then the prob-
ability of its neighbors to belong to the same region is very high. Thus at the
onset, the input values to the neurons in a particular region are more or less
similar, but the weights may be different, as they are assigned randomly. The
formation of the clusters can then be described as follows.

If the weights assigned are such that

W.l: > T, Vi
in a particular region, then in course of time the weight updating will converge

and a spatial cluster will be formed in that region.
On the other hand, if the assigned weights are such that
Wil > T

for a few i’s in a particular region, then during updating of the weights of those
neurons they will update the weights of their neighbors also and thereby bring

them too into the cluster.
But a cluster will not be formed if
W0, <1, Vi
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in a region. Since the weights are assigned randomly, the probability of occur-
rence of such a situation in the practical case is negligible. So it is clear that
the clusters will be formed and extracted in the proposed technique.

Furthermore, instead of minimizing the difference between the input and weight
vectors, their dot product is maximized here. Since the maximum length of the
input and weight vectors is fixed, the two criteria are basically the same.

The above mentioned theory developed has then been used to formulate two
algorithms considering different versions of input vector. These are explained

below.

Case 1 :
Let the input vector have only one component and consequently the weight
vector will have a single component. Let

UG, 5) = 711(”7)7 min (4.16)
where z(3, ) is the gray level of the (,7)th pixel, and lmaz and Lmin are the
maximum and minimum available gray levels of the image. Note that the value
of U(i, j) lies in the range [0, 1]. The weights will be assigned as random num-
bers in [0,1]. The method of object extraction may be written in algorithmic

form as follows.
Algorithm 1

Step 1 : Assign input U(i,j) to the neuron y(i,j) using equation (4.16),
V(i 5)-
Step 2 : Initialize the weights of the neurons by random numbers in [0,1].

Step 3 : Compute the products (for all neurons) as
d(i,j) = W(i,5).U(i, 5)-

Step 4 : Select those neurons for which d(z,7) > T (T is a pre-assigned thresh-
old, 0 < T < 1) and update (along with the neighbors) the weights using
equation (4.9).
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Step 5: Repeat Steps 3 to 4 until convergence is obtained with respect to
equation (4.8).
Step 6 : Vary T, iterate Steps 2 to 5 and find the optimum one (say, 7).

The neurons for which d(4,j) > T* constitute the object region.

Case 2:  (Algorithm 2)

In Algorithm 1 the input to a neuron is a scalar quantity, the representative of
the gray level information of the corresponding pixel. No local information is
incorporated. In the present algorithm, the input to each neuron is considered
to be a vector quantity having two components, namely, the gray value of the
pixel and the average gray value of its neighbors, each of them mapped onto
[0.1]. The computational steps of this algorithm are the same as those of

Algorithm 1, except that the input has the aforesaid two components.

The self organizing ability of the network makes it possible to organize the
object pixels (neurons having d = W.U > T) together, thereby separating the
objects from the background. The local fecdback makes the procedure noise

insensitive and robust.

4.4 Simulation and results

For the present problem, the neighborhood of a neuron is considered over a
3% 3 window. The value of a (equation 4.9) is chosen as

1
2N’

ie., @ at the Nth iteration is taken as ;k. This ensures 0 < a < 1 and decrease

of @ with time. The value of § is taken to be 0.001.

The proposed algorithms are implemented and tested on three different images.
The images used are that of a Biplane, [Figure 2.2(a)], Lincoln [Figure 2.3(a)]

and a Noisy tank [Figure 1.4(a)]. The size of the images is 64 x 64.
The results obtained by Algorithms 1 and 2 for the Biplane [Figure 2.2(a))
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see Figure 2.2(a)

(b) (©

Figure 4.2: Biplane image : a) input, b) extracted object by Algorithm 1 ¢)
extracted object by Algorithm 2
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see Figure 2.3(a)

() (©)

Figure 4.3: Lincoln image : a) input, b) extracted object by Algorithm 1, c)

extracted object by Algorithm 2
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(b)
Figure 4.4: Noisy tank image : a) input, b) extracted object by Algorithm 1,

c) extracted object by Algorithm 2

Figure 4.5: Segmented Noisy lank image
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image are depicted in Figures 4.2(b) and 4.2(c), respectively. The propeller of
the plane could not be perfectly extracted by Algorithm 2, which may be due to
the incorporation of local information and thereby causing blurring effect. The
optimal thresholds for the Algorithms 1 and 2 are 0.25 and 0.50, respectively

for this image.

Figures 4.3(b) and 4.3(c) depict the extracted objects for Lincoln image [Figure
2.3(a)] corresponding to Algorithms 1 and 2. The results show that the output
obtained by Algorithm 2 preserves continuity much more than that obtained
by Algorithm 1. The optimal thresholds are 0.281 and 0.531 for Algorithms 1

and 2, respectively.

For the Noisy tank image the optimal outputs are obtained for the thresholds
0.156 and 0.25 by Algorithms 1 and 2, respectively. The corresponding results
are shown in Figures 4.4(b) and 4.4(c). From the results it is noticed that the
object extracted by Algorithm 2 [Figure 4.4(c)], as expected, is more compact
than that by Algorithm 1 [Figure 4.4(b)]. This is because Algorithm 2 takes

local information into account which Algorithm 1 does not.

A very recent gray level thresholding algorithm proposed by Pal and Rosen-
feld [116] dealt with the image of the Noisy tank. The algorithm is based on
fuzzy compactness [102] minimization principle as described in Chapter 3. The
algorithm takes the geometry of the object into consideration for its extrac-
tion. Onme of the good thresholds obtained by their algorithm was 31. The
corresponding segmented version is given in Figure 4.5 (for comparison). From
the segmented image [Figure 4.5] it is very difficult to identify the object as a
tank. The results obtained by the proposed algorithms are comparatively bet-
ter than those of Pal and Rosenfeld [116). Besides this, the problem of choosing

parameters does not arise in the present case

To demonstrate the effectiveness of noise immunity of the proposed algorithms
(in addition to their demonstration shown on a real Noisy tank image) they
have been implemented on two noisy versions [Figures 3.7(a) and 3.7(c)] of
the Biplane image [Figure 2.2(a)]. The noisy versions are obtained by adding

N(0,0?) noise with =3 and 5. The corresponding extracted objects by Algo-
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tithms 1 and 2 are given in Figures 4.6(b) and 4.7(b), and 4.6(c) and 4.6(c),
respectively. From the results it is evident that the outputs are, to a great ex-
tent, noise insensitive. The results are seen to be comparable to those [Figures
3.7(b) and 3.7(d)] of the pixel classification algorithm described in the previous

chapter.

see Figure 3.7(a)

()

(b) (c)

Figure 4.6: A noisy version (o = 3) of the Biplane image : a) input, b) extracted
object by Algorithm 1, c) extracted object by Algorithm 2

From the results and the previous discussion it is evident that the outputs
of Algorithm 2 are more compact and more noise immune compared to that
of Algorithm 1. Thus, if the noise level of the input is less, one can prefer

Algorithm 1, but for more noisy images Algorithm 2 is more suitable.

As a typical illustration, two curves showing the variation of the two objective
criteria (equations 4.10 and 4.15, respectively) with change of threshold (for the
Noisy tank image and Algorithm 1) are given in Figures 4.8 and 4.9. It may be
mentioned here that for the images used in the present case, incidentally the
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see Figure 3.7(c)

(b) : (c)

Figure 4.7: A noisy version (o = 5) of the Biplane image : a) input, b) extracted

object by Algorithm 1, c) extracted object by Algorithm 2
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optimal thresholds obtained for both the objective criteria are the same.

TFigure 4.8: Variation of total square error with threshold

e
~N

Figure 4.9: Variation of correlation co-efficient with threshold

4.5 Conclusions and discussion

The concept of self-organizing feature map proposed by Kohonen has been ex-

ploited here to extract objects from a scene.

An unsupervised classification

(segmentation) algorithm has been formulated by adopting some modifications

in the structure of the network. Here one neuron is assigned for each pixel.

Instead of giving the same input to all the neurons, input given to different
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seurons are different. The convergence of the algorithms has been proved
mathematically. Statistical criteria for choosing the optimal output are also
suggested. The results obtained by the proposed algorithms are seen to be

qite satisfactory.

I may be noticed that these algorithms basically are of relaxation type. The
differences between the proposed technique and probabilistic relaxation labeling
are described below. Some results of probabilistic relaxation are given in the

next chapter.

In relaxation labeling, one compatibility function is defined depending on the
apriori information about the degree of belonging of the elements into classes.
A prior assignment of the elements into different classes is also necessary. The
pumber of probability values (belonging to different classes) to be calculated is
the same as the number of classes. Given an initial stage, the corresponding
converged stage is taken as the final output. There is no provision for choosing

the optimal output.

In the proposed algorithms there is no necessity of calculating the compatibility
function. As far as class assignment is concerned, only one value representing
the degree of belonging is sufficient. An optimal output selection criterion is

specified in the present technique.

It may be mentioned that the proposed algorithms stabilize faster than other
neural network based approaches (described in Chapters 5-7 using Hopfield
type and multi-layer networks) which are found to be more suitable for noisy
images. This is, possibly, due to the nature of the weight updating principle. In
the present technique the weights associated with a neuron do not get affected
by the status of the neighboring neurons, rather these are affected by the status

of the concerned neuron.
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5.1 Introduction

An application of a self-organizing artificial neural network has been described
in the previous chapter where the object extraction problem was viewed as a
self-organizing task. In this chapter we are going to describe a different network
architecture (Hopfield type) which is used as an associative memory [136, 146]
to extract objects from a scene. The present architecture is more suitable for
noisy images compared to that described in Chapter 4. Moreover, unlike the
methods described in Chapter 4, some guidelines for initialization of network
parameters for different types of images (i.e., noisy and noise free). have also
been provided. It has been established that the stable states of the network
(local minima of its energy function) correspond to the optimal partitioning
of the scene into compact (meaningful) regions. So given an initial state, the
status of the neurons is modified iteratively so as to attain a stable state, when

the neurons with ON status constitute the object (background) regions.

The architecture and dynamics of the network used here are such that self-
organization of the network is enforced. The proposed technique exploits the
inherent structure of the input data to extract objects from a scene. The
network architecture used is as follows. A neuron is assigned corresponding
to every pixel. Each neuron is connected to all of its neighbors. The network
architecture can, therefore, be thought of as a modified version (topologically)
of Hopfield’s model [137]-[139] where the connection strengths of a neuron to
other neurons outside its neighborhood are zero. Depending upon the gray
value of the pixel, the initial status of the corresponding neuron is fixed. (Here
we have used simply a linear transformed version of the gray value.) The
connection strength (weight) between a pair of neurons is assigned depending
on the apriori information about the joint distribution of the corresponding
gray level pair. The neurons operate in parallel and update their status (while

in transition) taking the consensus of their neighbors.

The convergence of the network is checked with respect to cvery neuron. If the
change in output status of every neuron is less than some pre-assigned small

positive quantity (¢) the network is said to have converged. The input/output
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transfer function of a neuron can be any continuous monotonically increasing
function of the instantaneous input to it. The exact nature of the function may
depend upon the problem at hand. In the present work, the standard ‘S’ type

function (equation 2.11, pp. 46) as used in fuzzy set theory is considered.

Since the weight assignment technique and the status updating procedure con-
sider the effect of the neighborhood, the object extraction procedure will not
be sensitive to noise and will try to preserve connectivity among the pixels of
the extracted regions. It is to be noted that the initial activation levels may

affect the ultimate output to some extent.

The effectiveness of the present technique (including the effect of initialization
of weights) has been demonstrated on a synthetic binary image and two gray
tone real images corrupted by noise. Results have been compared with those
of the probabilistic relaxation technique [2, 68) considering the percentage of

correct, classification of pixels as an objective measure and visual inspection.

5.2 Hopfield’s model

Hopfield’s model of neural network consists of completely connected network
(schematic representation is given in Appendix A, Figure A.3) of neurons, It
acts as an associative memory. The model can have both discrete and contin-

uous dynamics which are described below.

Case 1 : Discrete model
In this model two state neurons are used. Each neuron 7, has two possible
states, characterized by the output V; of the neuron having values —1 or +1.
I'he input to a neuron comes from two sources, external input bias I; and inputs

from other neurons (to which it is connected). The total input to the ith neuron

is

Ui =Y WiV + I (5.1)
B
where W is the synaptic interconnection strength (weight) from neuron 7 to
j.
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The status updating takes place according to the threshold rule (with threshold
4;)
Vi — =1 if U;<6;

5.2
—_ 1 if Ui>6;. ©2)

The objective function (called the energy of the network) representing the over-
all status of the network is taken as
E==3 3 Wi;ViV; = 3 LVi+ 3 0:Vi (53)
g i i
For a particular set up (fixed I;, W;j, 6;), the energy E is a function of the status
(V) of the nodes. The local minima of this function correspond to the stable

states of the network.

The change AE in energy E for a change in status AV;, Vi is
AE = —[S WiV, + I — 6] AV, (5.4)
7

Case 2 : Continuous model
This model is based on continuous variables and responses but retains all the
significant behaviors of the discrete model. Let the output variable V; for the
ith neuron lie in the range [—1,+1], and be continuous and monotonically
increasing non linear function of the instantaneous input U; to it. The typical
input/output relation

Vi = g(U) 5)
is usually sigmoidal with asymptotes —1 and +1. It is also necessary that the

inverse of g exists i.c., g=(V;) is defined.

A typical choice of the function g is [see Figure A.4]

1 -
g(z) = QW — 1. (5.6)
The value of g(z) lies in [—1,1] with 0.0 at = = 0.
The energy function of this model is
vi
E:—ZZW@‘(V,—ZV,L%—Z%A gTH(V)aV. (5.7)
B i A
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The details of this model are described in Appendix A.3.3.

5.3 Description of the proposed model

In this section we will describe a modified version of Hopfield’s network model
used for the present investigation. Before that let us first define a neighborhood

system for an image X.

Definition : The dth order neighborhood (Ng) of any element (i,5) on X is
described as

N§ = {(i,5) € X}

such that

o (6,4) & NG,

o if (k,1) € N3 then (i,5) € N,

and the neighborhood system N¢ = {A\',‘i}A Different ordered neighborhood
systems can be defined considering different sets of neighboring pixels of (i, j).
For example, N' = { N4} can be obtained by taking the four nearest neighbor
pixels. Similarly, N? = {NZ} consists of the eight pixels neighboring (7,7),
and so on (as shown in Figure 5.1). Due to the finite size of the image, the
neighborhood of the pixels on the boundaries are necessarily smaller unless a

periodic structure is assumed.

In the present investigation one neuron is assigned to each pixel and each neu-
ron is connected only to its neighboring neurons. In other words, the (i,)th
neuron is connected to all neurons in its neighborhood Ng (dth order neighbor-
hood). The selection of the neighborhood system (N¢) is problem dependent.
With a second order (V2) neighborhood, the network topology takes the form
depicted in Figure 5.2. Thus we see that Wi > 0 if (k,{) € N, otherwise
Wijm = 0, where Wi is the connection strength between (4,7)th and the
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Figure 5.1: Neighborhood system

(k,))th neurons. Obviously, if the size of the neighborhood increases the com-
putation involved will also increase. The network can be viewed as a modified
version (topologically) of Hopfield’s model [138, 139] with the modification that
the connection strength of a neuron to all neurons outside the neighborhood is
zero. In the following discussion a N? neighborhood will be assumed.

Figure 5.2: Topology of the neural network

From the input-output transfer function (equation 5.6) we notice that,

lim_g(z) = —1 and'_lim_g(z) = 1. In other words, as & — oo, the
function asymptotically approaches the limiting values of £1. In the present
case since the number of neighbors is fixed (8), for normalized values of the
connection strengths the input value to a neuron lies in [—8,8], as the output
value of an individual neuron is in [—1,1]. So, a polynomial function defined

over a finite domain can be used as an input/output transfer function. One
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such choice can be

gz) = 0 if z<a
= Lyxonx (=== if a<z<b
berx (e i ases o5
= 1—3x2"x (" if b<az<c
= 1 if c<z

forn > 2 and b = (a + ¢)/2. In this case g(z) lies in [0, 1] with g(z) = 0.5
at z = b. The domain of z is [a,c]. The value of n controls the sharpness
(steepness) of the function. The above function is nothing but a generalized
version of the standard ‘S’ function as defined in equation (2.11) (pp. 46).

In the present case, the domain of z is [—8, 8], i.e., @ = —8, ¢ = 8. The function

g then takes the form

9(z) 0 if z<-8
(e +8)" if —8<2<0 59)
= - -2) if 0<z<8
1 if 8 <a

l'o make the function lie in [—1,+1] the expression can further be modified as

g(z) = —1 if ©< -8
Az +8)*—1 if —-8<z<0
1—m=@—2)" if 0<z<8
1 if 8<a.

Il

I

Schematic representation of such a function is given in Figure 3

I'he status updation principles of the network are identical to that of Hopfield’s

model and therefore its convergence is assured.

5.4 Object extraction algorithms

In this section we will describe a method of formulating an appropriate energy

function, assigning weights and their realization with a network for object-
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Figure 5.3: Input output transfer function

background classification.

5.4.1 Formulation of an energy function

Let us now formulate the energy function of a neural network in such a manner
that in the stable state of the network the object regions are clearly separated
from the background. Consider the energy function defined in equation (5.3)
which has two parts. The first part is due to the local field or feedback and the
second part corresponds to the input bias of the neuron. In terms of images the
first part can be viewed as the impact of the gray levels of the neighboring pixels
whereas, the second part can be attributed to the gray value of the pixel under
consideration. The energy function can then be formulated in the following

way.

Whatever be the input, without loss of generality, it can be assumed that the
input values to the neurons lic in [—1,1]. In an image the gray value of a pixel

is highly influenced by that of its neighbors. So, if a pixel belongs to the object

region, the probability of its neighbors to belong to the same object region
is very high. This suggests that if a pair of adjacent pixels is having similar
values then the amount of energy contributed by this pair to the total energy
should be much less. If the gray values of two adjacent pixels are V; and V;
(from now onwards the two dimensional indices of a neuron will be replaced by

a one dimensional index), then one possible choice for the contribution of cach
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of these pairs to the total energy can be
—-Wi;ViV;

where W, is a non-negative constant for a particular 7 and j. Wi; can be viewed
45 the connection strength between the ith and the jth neurons, and V; is the
output status of the ith neuron. So the total energy contributed by all pixel

pairs will be
B= =S WyViV; = = L WyVi)Vi = = 2o hiVi (5-11)
iJ i J i

where hy = > Wi;Vj is termed as the local field. This constitutes the first part

7
of the energy function.

For every neuton ¢, there is an initial input bias I which can be taken to be
proportional to the gray level of the corresponding pixel. This is quite logical
(even in & noisy environment) in the sense that if the gray level of a pixel is
high (low), the corresponding intensity value of the scene is expected to be high
(low). The input bias value is selected to be in the range [-1, 1]. Under the
above framework an ON (1) neuron corresponds to an object pixel whereas,
an OFF (-1) neuron represents a background pixel. So the threshold between
object and background can logically be taken as 0. If any neuron is having a

very high positive bias 1) or very high negative bias (= —1), then it is ver
y high f y gl & Yy

much likely that in the stable state it will be ON or OFF respectively. So, the
product I;V; should contribute less toward the total energy value. Thus the

second part of the expression of energy may be taken as

- > LiVi (5.12)
Hence, the expression of energy for the object extraction problem takes the

form
I

= =S WiV = 2D LVe (5.13)
£ :

Thus we see that expression in equation (5.13) is to be minimized for separating
{he object regions from the background which requires the knowledge of Wy

and we address this issue in the next subsection.
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5.4.2 Assignment of weights

We have mentioned before that if a particular pixel belongs to the object re-
gion then its neighboring pixels are also expected to belong to the same region.
In other words, the probability of joint occurrence of that gray value pair is
expected to be high. This suggests the use of probability of co-occurrence of
the gray values as the connection strength. However, if the image is highly cor-
rupted by noise then the joint probability measure may not convey the desired
information, and hence may not be appropriate to be used as the connection

strength. In such a case all the connection strengths are assigned as unity.

Let us now describe the connection strength estimation procedure based on the
probability of co-occurrence of pixels. Let Nj be the number of occurrences of
the gray level k followed by [ in a particular fashion in the entire image. Then
the weight (W;;) between the ith and the jth neurons can be taken as

Nu

> Nan

Wi, = = Pr (5.14)

where k is the input gray level of the ith neuron and { that of the jth neuron,

and pi is the probability of joint occurrence of the gray level k followed by [.

Note that > Wi; = 3= pu = 1. Now, instead of taking Wi; = p;; one can also
K

chiose. . = N
97 max{Nuat
'NH ZAN
st max (N} (5.15)

mn

> Non

o

~ max (Vo)

with C as a positive constant for a given image

The two criteria (equations 5.14 and 5.15) are basically the same, the only

difference is in scaling. But the later one is preferred, since it strongly favors

the most frequent gray value pairs which is intuitively desirable.
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54.3 Realization with a neural network

Discrete model :

Equation (5.13) is equivalent to equation (5.3) with 8 = 0. Hence the network
structure described in section 5.3 can be used to obtain the minima of the
cxpression of energy in equation (5.13). In other words, the network [Figure
5] can solve the image segmentation (object extraction) problem. Here the
status updating rule is the same as in equation (5.2) with § = 0.

Continuous model :

The expressions of energy in equation (5.7) and equation (5.13) differ by the
term

1 v
Tk vV

only. For high gain [138] of ‘g’ (equation 5.6) the above term vanishes and the
two expressions (equations 5.7 and 5.13) become identical. Hence under the
continuous framework the object extraction problem can be solved by using a

neural network whose energy function takes the form
Vi
E— Sy W - SVt S g [Cevav (56)
] T T RiJo

The search process can be activated by solving for the input Us, Vi from the
following differential equations

.
V;

dU;
= (T WV + L—U) = = (5.17)
7

Once the U; values are known, equation (5.10) can be applied to get the output
status V;.

5.5 Simulation and results

We note from equation (5.17) that in order to get the input to all the neurons
of the network (of size M x N) at an instant (¢ + At) one has to solve M x N
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differential equations with initial values at time ¢. For this purpose we used

Euler method, i.e., we iterate (from equation 5.17) as

U,(t+At):U,(t)+At{ZW,JV‘(t)+L—U‘(t)} (5.18)

i

uttil convergence. Numerical solutions for these differential equations require

astopping criterion which can be taken as
Uit + Ot) = Us(t)] < e, Vi (5.19)

where € is a pre-assigned small positive quantity. The present simulation study

used At ~ 107° and € ~ 107,

The network is assumed to attain a stable state if for every neuron 4, [Vi(t) —
V(t+ At)] < e1, where ¢, is another pre-assigned small positive quantity. The
network may require a sufficiently large time to achieve the exact value of -1
(OFF) or +1 (ON). Obviously, if the precision level is increased (value of ¢, is
decreased) the network takes more time to converge. Quick convergence can

be obtained by increasing At or €.

In this context it may be mentioned that the input bias of a neuron was taken

to be

i
Li=27-1 (5.20)

where i is the gray value of the corresponding pixel and L is the maximum gray

value. The input/output transfer function used was a second order polynomial

(equation 5.10 with n = 2).

To check the validity and effectiveness of the proposed methods, a computer
simulation is done using some synthetic images [Figures a), 5.6(a), 5.7(a)]
images and some real images [Figures 4.4(a), 2.2(a), 3.7(c)]. The original syn-
thetic image [Figure 5.4] had only two levels which are then corrupted by addi-
tive N ~ (0,02) noise with different o (5, 15, 24) values. The corruption level

is made very high so as to make the signal to noise ratio SNR=1.0, where SNR

is defined as
range of gray levels
> .
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Three different noisy versions of Figure 5.4 and the corresponding extracted
objects with both discrete and continuous dynamics of the network, and 1\{1
and N? neighborhood systems are given in Figures 5.5-5.7. One of the real
images used as input is a Noisy tank [Figure 4.4(a)]. The outputs obtained by
the discrete and the continuous models are depicted in Figures 5.8(b)-5.8(e).

For these noisy images the connection strengths were initialized to unity (as

mentioned in section 5.4.2).

Figure 5.4: Original synthetic image

The algorithms are then tested on the original (uncorrupted version) and a noisy
version [Figure 3.7(c)] of the Biplane image in order to demonstrate the effect
of appropriate initialization of weights on segmented output. The extracted
outputs for the original Biplane image with discrete and continuous models
(with N' and N?) are shown in Figure 5.9 when the weights are assigned
depending on the joint distribution of gray levels (equation 5.15). Figure 5.10
represents the corresponding outputs with W;; = 1. The similar sets of outputs
for the noisy version [Figure 3.7(c)] of the Biplane image are shown in Figures

511 and 5.12.

Examining the results [Figures 5.5-5.8 and 5.12] it can be said that the outputs
obtained by the continuous dynamics are better than those obtained by the
discrete version for noisy images. It is seen that for high values of SNR (low
noise), the results obtained by the two approaches are very close. Since the

discrete dynamics takes much less time to stabilize, this model is preferred for
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(b)

(@

b) output by
d) output by

f) output by

A noisy version of the synthetic image with SNRZ=
¢) output by continuous model with N,

discrete model with N1,

discrete model with N2, e) output by continuous model with N2,

relaxation method with N?
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(e) (f)
Figure 5.6: A noisy version of the synthetic image with SNIE=1.6 : a) input,

b) output by discrete model with N, ¢) output by continuous model with N1,

d) output by discrete model with N2, ) output by continuous model with N2,

cation method with N?

f) output by rel:
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(c) (d)

(e) (f)
Figure 5.7: A noisy version of the synthetic image with SNR=1.0 : a) input,
b) output by discrete model with N, c) output by continuous model with N,
d) output by discrete model with N2, e) output by continuous model with N2,

f) output by relaxation method with N?
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see Figure 4.4(a)

(b)

(d)

(e)

Noisy tank image :

()
a) input, b) output by discrete model with N,
¢) output by continuous model with N, d) output by discrete model with N7,

e) output by continuous model with NZ, f) output by relaxation method with

Figure 5.8:

N2
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see Figure 2.2(a)

(d) (e)

. Biplane image : a) input, b) output by discrete model with N1 (W

Figure 5
by equation 5.15), ¢) output by continuous model with N (W;; by equation
5.15), d) output by discrete model with N2 (W;; by equation 5.15), ¢) output

by continuous model with N2 (W;; by equation 5.15)
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see Figure 2.2(a)

() (b)

[y

(<) (d)

(f)

Figure 5.10: Biplanc image : a) input, b) output by discrete model with N*, ¢)

(e)

output by continuous model with N, d) output by discrete model with N2, ¢)

output by continuous model with N2, f) output by relaxation method with N?
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see Figure 3.7(c)

(d) (e)
Figure 5.11: Noisy Biplane image : a) input, b) output by discrete model with
N (Wi by equation 5.15), c) output by continuous model with N (Wi by
cquation 5.15), d) output by discrete model with N? (Wi by equation 5.15),

e) output by continuous model with N* (W;; by equation 5.15)



see Figure 3.7(c)

(a)

L

(d) (e)

Figure 5.12: Noisy Biplane image : a) input, b) output by discrete model with
N, ¢) output by continuous model with N'', d) output by discrete model with

N?, e) output by continuous model with N2



higher values of SNR. It is also noticed from the results that with decrease of
SNR, there is a slight deterioration, as expected, in the quality of outputs.

Moreover, it is clear from the results that N' connectivity is more noise sensi-
tive than N? connectivity. But for higher values of SNR (i.e., for less corrupted
images) the outputs are comparable. Thus for less corrupted images, N* con-
nectivity with discrete dynamics can be used; thereby saving both space and

time.

It may further be noted from the results that the proposed algorithms work
better for noisy images than the method described in the previous chapter (see
Figures 5.8, 5.11, 4.4 and 4.7 where the same set of input was considered).
Some of the stray points observed in Figures 4.4 and 4.7 are seen to be absent
in Figures 5.8 and 5.11. The incorporation of the consensus from the neighbors
during status updation process of the proposcd algorithm may increase the

possibility of losing some portion of thin regions

From the results [Figure 5.9] of the original Biplane image it is scen that the

weight assignment procedure using equation (5.15) is fair enough to extract

the exact shape of the object including the propeller of the Biplane. This
not true when the weights are considered to be unity [see FFigure 5.10). On the
11

contrary, the outputs for the noisy version of the Biplane image [Figures :

and 5.12] are seen Lo be better when Wy = 1.

To establish the superiority of the proposed method over the ing iterative
algorithms a result wise comparison is made with the probabilistic relaxation
technique (which has been described in Chapter 1, pp. 12). For the com-
putation of the compatibility function in the relaxation method the following
formula. is used :

plai € Cj,an € Cx)

(a; € Cy) = plan € Cn) (5:21)

Cliyjih k) =
r

where C(i, j; h, k) gives a measure of the compatibility that the clement a;
belongs to the class Cj and aj to Ck, p(a; € C;) is the apriori probability of

a; € Cj. The results obtained with N? connectivity are included in Figures 5.5

5.10. From the results it is evident that the objects extracted by the proposed
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techniques preserve the shapes and the approximate outlines of the actual input

in a better way than those obtained by the relaxation algorithm.

An objective evaluation of the results has been made based on the percentage
of correct classification of pixels. The numerical results are depicted in Table
5.1. From the table it is found that for all different types of connectivity and
noise levels the percentage of pixels correctly classified by the present method

is higher than that of the relaxation algorithm.

Table 5.1: Classification accuracy of different approaches

Percentage of correct classification
Synthetic image neural network algorithms relaxation
with o = Connectivity | discrete continuous technique

5 N? 99.93 99.71 99.43

15 N? 98.69 99.23 97.89

24 ne 92.25 96.47 90.78

5 N? 99.90 99.71 98.58

15 N? 99.28 99.40 9755

24 N? 9854 | 98.68 92.80

5.6 Conclusions and discussion

A modified version (topologically) of Hopfield’s model has been designed to
solve the image segmentation problem. A single neuron is assigned to each
pixel. The energy function is formulated in such a manner that in a stable
state of the network neurons corresponding to homogeneous regions will be in
ON (OFF) state. Both the discrete and the continuous dynamics are studied.
The problem of assignment of weights has been tackled using the concept of

probability of co-occurrence of pixels.

The system is found to provide better performance for noisy images as compared
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to the methods developed in the previous chapter. This is because of the fact
that the status updating procedure of a neuron takes (unlike the algorithms
in Chapter-4) consensus from its neighbors. This, of course, increases the
possibility of losing some of the thin regions. (Some more results of these
algorithms for low SNR values have been provided in the next chapter for
comparison.) The guideline provided for the assignment of connection strengths
seems to be appropriate; thereby resulting in better segmented output than the

probabilistic relaxation algorithm.

The reason for inclusion of the synthetic images in Figures 5.5(a), 5.6(a) and
5.7(a) (having known objects) as test patterns is to verify the effectiveness
of the proposed model in extracting compact regions from highly noisy images
where the algorithms described in Chapter 4 usually show inferior performance.
These sets of test patterns have also been used in the subsequent chapters with
other noise levels. Since the objects in these images are known it enabled us
to formulate an objective evaluation technique in Chapter 8 for a comparative

study of the methodologies developed in Chapters 4-7.



Chapter 6

Gibbs distribution and Hopfield
type neural network for object

extraction



6.1 Introduction

In the previous chapter an object extraction algorithm using a Hopfield type
neural network has been described. The architecture essentially acts as an auto-
associative memory and employs associative recall to find out the object regions
in a scene. In the present chapter we formulate another object extraction
algorithm using a similar type of neural network having difference in the neuron
characteristics. Here also, the problem of object extraction is viewed as an
optimization task. In the previous chapter no apriori knowledge has been used
to model the scene, but in the present case the scene is modeled by a Gibbs
Random Field. The maximum aposterior probability estimate of the scene is

taken as the solution for object extraction problem.

Computationally hard problems sometimes have exponential complexity.
Therefore, when the size of the problem is very large computation becomes
prohibitive. However, in practice one often needs a reasonably good solution
(may not be the optimal one). When dealing with such problems, one normally
finds several sub-optimal solutions and accepts the best one. Since neural net-
works converge very quickly and attempts to provide output in real time one

can find several solutions in a short time and get the best result.

Hopfield and Tank [139] have shown that neural networks can be used to solve
computationally hard problems, in particular they applied it to the Traveling
Salesman Problem (TSP). To investigate how well the network performs they
simulated its behaviour and found very encouraging results. It was observed

that the network frequently finds valid solutions of high quality.

Use of statistical techniques for modeling and processing image data is very
common in computer vision. A specific example is the use of Markov Ran-
dom Field (MRI) to model real li
and Geman [73], and Derin and Elliott [74] used Gibbs distribution (GD) for

images. Cohen and Cooper [283], Geman

characte:

sing an MRF, since a Gibbs Random Field (GRFE) can be viewed
as an MRF for a large neighborhood system [284]-[287). Most of the above

mentioned authors used maximum aposterior probability (MA P) estimation as
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the criterion for segmentation/restoration of noisy images modeled as a GRF.
But the computation of MAP estimate of the scene in this type of problem is
very hard. The use of GD for segmentation and restoration of a noisy image
requires LM*N possible combinations of its structure to be searched to get the
best possible solution (L = number of discrete levels that the random variable
can have, M x N is the size of the image). Thus the problem is having expo-
nential complexity. With increase in size of the scene it becomes practically:
unfeasible to find its MAP estimate. Usually under this situation heuristic
solutions [74] are suggested. Since most of the heuristic methods cannot be
implemented in parallel, the output still cannot be obtained in real time. By
using parallel processing and exploiting the collective computational abilities
of the neural networks, the search space can be reduced drastically even after

getting a substantially good solution.

The work presented in this chapter is an attempt to solve the above mentioned
computationally hard problem of finding the MAP estimate of a scene with a
neural network. To realize this, a neural network model which is a modified
version (both topologically and neuron characteristics wise) of that of Hopfield
(138] is proposed here. For the hardware realization of a neuron used in the
proposed model, a negative feed back from the output is required in addition to
the circuitry involved for the realization of a Hopfield neuron. The topology of
the present network is similar to that developed in Chapter 5..In other words,
a single neuron is assigned for every pixel and every neuron is assumed to be
connected to its neighbors (number of neighbors may vary depending on the
problem). The input bias of a neuron is a transformed version of the gray level

of the corresponding pixel.

For the simulation study, the input bias to a neuron is taken to be linearly
proportional to the gray value of the corresponding pixel. The input/output
to/from a neuron is restricted to lie in [-1,1] during transition (updating stage).
When the network converges, the output status of a neuron is either -1 or +1.
The status updating rule of the neurons is formulated in such a way that the
resultant image approaches the MA P estimate of the scene by gradient descent

search. In other words, the energy function of the network is so formulated
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that the global minimum of it corresponds to the MA P estimate of the scene.

As in Chapter 5, investigation has been done under both discrete and con-
tinuous models. The simulation study is done using a few synthetic ixn@ggs
corrupted by noise as well as some real (noisy) images. Since the proposed al-
gorithms use apriori knowledge for modeling scenes they are found to be more
robust and noise immune than the methods described in Chapter 5.

6.2 Background on Gibbs distribution

Here we present the basic definition of a particular class of Gibbs distribution
(GD) which are mainly used for modeling images. For an extensive treatment
on GD, related to the MRF and the equivalence of the two one can refer to the
articles [284]-[287).

6.2.1 Basic definition of Gibbs distribution

We focus our attention on 2-D random fields defined over a finite M x N

rectangular lattice of points (pixels) characterized by
R={(i,5):1<i<M,1<j<N}. (6.1)

Let us consider the concept of dth order neighborhood system N = {Ng} on

the lattice R as defined in section 5.3 (pp. 127).

The cliques associated with the dth order neighborhood system N are defined
as follows.

Definition 1 : A clique for the dth order neighborhood system N¢ defined on
the lattice R, denoted by ¢, is a subset of R such that

a) ¢ consists of a single pixel, or

b) for (4,7) # (k,1), (i,5) € ¢ and (k,{) € c implies (i,5) € Ni.

For illustration, first and second order neighborhoods (N' and N?) and the

associated cliques are shown in Figure 6.1.
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(b)

Figure 6.1: Neighborhood and associated cliques : a) first order, b) second

order

Now a Gibbs distribution (GD) can be defined as follows.

Definition 2 : Let N be the dth order neighborhood system defined on a finite
lattice R. A random field X = {X;;} defined on R has a GD or equivalently
is a Gibbs Random Field (GRF) with respect to N¢, if and only if, its joint

distribution is of the form

P(X =) = (62)

with
U(z) = 3 Ve(x) (6.3)
c€C
where Vi(z) is the potential associated with the clique ¢, C is the collection of
all possible cliques and
Z =3 eV, (6.4)
Here Z, the partition function, is a normalizing constant, and U(z) is called

the cnergy of the realization.

The joint distribution expression in equation (6.2) says that with a decrease
in U(z) the probability p(X = 2) increases. In other words, the smaller U(z);
the energy of the realization z, the more likely is the realization [i.c., larger

p(X = 2)] and vice versa.
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A Gibbs distribution is basically an exponential distribution. However, by
dhoosing the clique potential function V,(z) properly a wide variety of distri-
butions, both for discrete and continuous random fields, can be formulated as
GD. In this context it may be mentioned that any random field can be viewed
a 2 Markov Random Field (MRF) when

“ .
NE=R,V(G,j)€R
and every MRF with
p(X =z) >0, Va
asa GRF and vice versa [284, 285). Hence a scene realization can be taken as

a GRIF.

6.2.2 Gibbs distribution used for scene modeling

Let us now define a particular class of GD which is suitable for modeling scenes
consisting of different regions with uniform intensities. We assume that the ran-
dom field X consists of L-valued discrete random variables {X;;} taking values
in Q = {q1,q2,---»a}. To define a GD it suffices to define the neighborhood
system N? and the associated clique potentials V.(z). The clique potentials are
assumed to depend on the clique type and the pixel values in the cliques but

not on the position of the cliques.

It has been further found that the second order neighborhood system is suf-
ficient for modeling the spatial dependencies of a scene consisting of several
objects. Hence we shall concentrate on the cliques associated with N?. Ex-
tension to higher order neighborhood systems and restriction to lower ones are
self-evident.

In order to get the clique potential a parameter is associated with every clique

type. This may be as follows
[er, B[R, B), L7 Bal [ T, Bl
B ), o e, U5, sl (5, ), 55, 60,
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where a certain combination of *s represent a particular type of clique. For
example, ** and < represent the second and fourth cliques of Figure 6.1(b).

The associated clique potentials are then assigned as

V(z) = —Bior —vyior —&, if all @ijs are equal (6.5)
+pB; or +v;or +&;, otherwise

where 3,7 and & are positive quantities.
For single pixel cliques, the clique potential is defined as

Vi(z) = o for zi; = qi.

llere ay is proportional to the number of pixels in the kth region type.

6.3 Image model and problem formulation

In this section the formulation of the object extraction algorithm which finds

maximum aposterior probability (MAP) estimate of a scene is discussed.

6.3.1 Gibbsian model for image data

A digital image y = {y:;} can be described as an M x N matrix of observations.
It is assumed that the matrix y is a realization from a random field ¥ = {¥,}.

The lattice associated with this is the collection of M x N pixels :{(i,7)}. The

zes a class of

objective is to specify the random field Y so that it characte

noisy images under consideration.

Ihe random field Y is defined in terms of the underlying random field X =
{X;} (scene). The scene random field X is a discrete valued one, where X;;
can take values in Q = {q1,qz, ..., q} for each (i,7) € R. A realization X = =
is a partitioning of the lattice into L region types such that zi; = qi, if the
pixel (4, 7) belongs to the kth region type. Bach region type can oceur in more

than one location in the lattice.



The Gibbsian distribution basically characterizes spatial clustering of pixels into
regions. -The distribution emphasizes spatial continuity, i.e., if a pixel belongs
1o region type k, then the probability of its neighboring pixels to belong to
the same region type is very high. The novelty of the GRF lies in the fact
that it takes into account the statistical information pertaining to size, shape,

orientation and frequency of the regions.

Regions are assumed to have uniform intensities and the realized image is a
corrupted version of the actual one, corrupted by white (additive independent

and identically distributed, i.e., i.i.d.) noise. So Y can be written as
Yi; = F(Xy) + Wi, ¥(i,5) € R (6.6)

where {Wi;} is i.i.d noise. It is also assumed that W ~ N(0,0?). The function
F(.) is a simple mapping of the region type to the corresponding gray level. In

other words,

F(Xi5) = qm if Xi=m. (6.7)

6.3.2 Object extraction technique

I'nder the above discussed model the object extraction problem is simply the
determination of the scene realization z that has given rise to the actual noisy
image y. The realization = can not be obtained deterministically from y. So
the problem is to estimate & of the scene X, based on the realization y. The
statistical criterion of maximum aposterior probability (MAP) can be used to
estimate the scene. The objective in this case is to have an estimation rule

which yields # that maximizes the aposterior probability p(X = z|¥ = y).

From Bayes rule [45, 46, 288 we can write
p(Y =yl X =z)xp(X ==z
_pY =yl ) x p( ) (6.8)
p(Y =)
Since y does not affect the maximization process, it is equivalent to maximize

only the numerator of the right hand side of equation (6.8), or its logarithm

P(X =2V =y)

(6.9)

Inp(Y =y|X =2) +Inp(X =:
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[he second component of equation (6.9) can be written as (from equations (6.2)
1(6.3) ) :

mP(X=2) = —InZ— Z Vi(z)
(6.10)
= - V (1)
ceC

where ¢y = —In Z is a constant. . -
To simplify the first part of equation (6.9) we proceed as follows.
Irom equations (6.6) and (6.7) we can write

(Y5 = vi51Xs5 = i) = p(Wi; = w; (6.11)

For independent distributions, the joint probability of occurrence of a number of
events can be expressed as the product of the probabilities of their independent

occurrences. Thus,

I
=
=

p(Y =y|X ==z) p(Yij = yi;1Xij = =i5)

<
ﬂ‘

M=

or, np(Y =y|X =z) = In p(Yi; = v:i;1 X5 = wi5)

S
Il

I
M=

Inp(Wi; = wi;) [from equation (6.11)]

e~ w7 (i)}

I
Mz
Mz

=
N 1 M N
Z n(2m0?) — ZZ(WU)’
MM tn(aro) = s 3 Zu, —_—

Since there are L region types, we can write

. Mx N, . 1 &
np(Y =y|X =2) = ———F—In@2r0") — 55 3> > (w5 = am)®
m=1(i,)€Sm

|
l\ﬂ'—‘
iV

E
X
21\

|

where S = {(4,7) € R: @i = qm}-

Thus,

1 L
np(Y =ylX =2) = ~Co— 55> 3 (vi—an)’ (6.12)
T m=1(i,j)€5m
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with C; = MX¥ In(2w0?) = constant.

The difficulty in determining  is due to the fact that the maximization of equa-
ion (6.8) or (6.9) requires LM*N possible scene configurations to bé searched
and thus makes the problem computationally hard. In the following sections,
we shall exploit the collective computational abilities of a neural network to get
the MAP estimate of a scene. In this context it may be mentioned that a link
betwoon Markov model and multi-layer perceptron type network has recently

been established in [289].

Note that the topology of the network and the input-output transfer function

used here are the same as those described in Chapter 5 (section 5.3).

6.4 Algorithm for solving the MAP estima-

tion problem with a neural network

In the present section we shall be describing the procedure of finding the MAP

estimate of a scene with a neural network

6.4.1 Formulation of the algorithm

From equations (6.9)-(6.12) it is noticed that the problem is to maximize
Inp(X =z) +Inp(Y = y|X =z) (6.13)

where

Inp(X =)= -3 V() + C (6.14)

ceC

and

Inp(Y =y|X = 2) (6.15)




In this study we shall consider only binary (two tone) images corrupted by
noise. In other words, the proposed method confines itself to the case when
L = 2. Under this situation, without loss of generality we can assume that the
gray values of the realized image lie in [—1,1]. It has already been discussed in
section 6.2 that even for the second order neighborhood system (N?) different
types of cliques are possible. For the sake of simplicity we shall restrict ourselves
only to the cliques with two pixels. Further, we will not distinguish between the
different possible types of cliques with two pixels. It has already been mentioned
that if a pixel belongs to region type k, the probability of its neighboring pixels
being in the same region type is very high. This suggests that if a pair of
adjacent pixels have similar values then the potential of the corresponding
clique should increase the value of p(X = ), i.e., the potential of the clique
associated with these two pixels should be negative. If the values V; and V},
of two adjacent pixels are of the same sign, then Vi(z) should be negative,

otherwis

positive.

One possible choice of the clique potential V.(z), of a clique ¢ of the realization

2, containing ith and jth pixels is
Vi(z) = =W, ViV, (6.16)

where W;; is a constant for particular i and j, and Wi; > 0. This Wi, can be
viewed as the connection strength between the ith and jth neurons and V; as

the output of the ¢th neuron.

In equation (6.12) i, is the realization of the modeled value @, of the (i,7)th
pixel and ¢ is the value of the (i,j)th pixel in the underlying scene, i.c.,
Gm = @i;. For a neural network one can casily interpret @ as the present
status of the (4,j)th neuron and y;; as the initial bias of the same neuron.
Thus we can write

> L(%J —qm)’

= %,L(Ju)z - ”LLJU%. + ZZ%. (6.17)
= CJ*QZZLMNLZZVZ

m iy moig
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using yi; = I;; and g = V;;. Here C5 = > > (y:;)? is a constant.

This can also be written in the form (replacing the two dimensional indices by

one dimensional index)

Cs =235 LVi+ 32 Vi2 (6.18)

From equations (6.14)-(6.18) it can be said that maximization of equation (6.13)
is identical to maximization of
1

[N +ZVVw’V|VJ - 5;;(03 4221|V' +3 VA =
o 7 :

i.c., maximization of (excluding the constant terms)
1 1 )
%mmvﬁggnwfﬁ;w (6.19)

or, minimization of

—~ 1 o,
S Vit 553V (6.20)

=2 Wi ViV; -
¥

6.4.2 Realization with a neural network

The problem is now reduced to the minimization of the expression in equation
(6.20) with a neural network. To do that, it suffices to establish an equivalence
between equation (6.20) and the expression of energy of a neural network, and
to provide an updating rule so that the convergence is guaranteed. The state
of the network changes with time ¢, because of the interactions of the neurons.
The dynamics of the network are governed by differential cquations which are
obtained from
OE _ dU;

v T ar (6:21)

Discrete Case :

For the discrete model the neurons are having two possible states only, and the
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updating rule is : if the total input to a neuron crosses a certain limit then it

attains one state else, the other one.

Now in this model a neuron is either ON (1) or OFF (-1) (i-e., Vi=1 or -1).
Hence 3 V> = constant. So the expression to be minimized takes the form

(from equation 6.20)

B = =3 WyViV; — U%ZI,V,. (6.22)
5 E
This equation is equivalent to equation (5.3) (pp. 126) with 0 = 0 and a
scaling over I;. Hence the network structure described in Chapter 5 (section
53, pp. 127) with discrete dynamics can be used for obtaining the minima
of the expression in equation (6.22). In other words, the network can solve
the image segmentation (object extraction) problem by estimating the most

probable scene. Here

AE = —[SSWyV; + %uav,- (6.23)
7

and the state updating rule is

1
—1 i WV <0
3

Vi = (6.24)

1 otherwise.

Continuous Case :

In this model the variables are assumed to be continuous. Let the output vari-
able V; for the ith neuron lic in the range [=1,1] . V; is obtained by applying a
monotonically increasing non-linear transfer function (g) of the instantaneous
total input Ui to the same neuron. The typical input/output relation is sig-

moidal with asymptotes -1 and +1 (equation 5.6, pp. 126).

The gain function g can be realized by a non-linear operational amplifier with
negligible response time. A neural network whose neurons are having hardware
realization as shown in Figure A2 can not be used for the minimization of
equation (6.20) duc to the presence of the last term. With a view to realize the

expression (equation 6.20) with a neural network let us consider the electrical

159



circuit as shown in Figure 6.2. The circuit is similar to that of Figure A.2
except the feed back connection. It will be seen that the feed back connection

will take account of the extra term in equation (6.20).

Figure 6.2: Electrical circuit equivalent of a neuron of the proposed model

Let U; be the total input to the amplifier (potential at point A, Figure 6.2)

with gain function g. Then applying Kirchoff’s current law at point A we get

2V — Ui Vi — U U; | LdU;
REAEL A ANTY AT o
; "y, TRt TR, AT
AUy
on “u = Jl:;/zu =
du; e
Hence, c = WV, —
dt = 7

where W;; = RL’ and % =3

Here R; is the total input resistance of the amplifier, and the output impedance
of the amplifier is considered negligible. The circuit in the above case basically
realizes a neuron having gain g(> 0) and a negative self feed back. The Vs
(G = 1,2,...,n) are actually the inputs to the ith neuron from other neurons

and Wys are the connection strengths.

Now let us consider the quantity

- Vi
Be SSWWY, SV SV [ (v)av. (6.26)
2 g 20, % 1 Jo
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Here

dE IE dV;
TS
1 U; \ dVi
= ‘Z(~XJ:W.,VJ*L+EV.+E)?
dU;\ d

= (70W) T‘f [from equation (6.25)]

{5

Since g is a monotonic increasing function and C is a positive constant, every

Il

term in {-} of the above expression is non-negative, and hence £ < 0, and

B _o g v
a i

12 is casily seen to be bounded. As € < 0, searching in the negative direction

dE
dt
of gradient will lead us to a minimum of £. So, the evolution of the system
is a motion in the state space that seeks out minima in £ and stops at such
points. Thus, £ can be considered an energy function of the network shown in
Figure 5.2 (pp. 128) with neurons electrically equivalent to Figure 6.2. The last
term in equation (6.26) is the energy loss of the system. In the high gain limit
(138, 139], the stable states of the network corresponds to the local minima of

the quantity
1 P
B= =303 WyViVy = STVili + 5 SOVI (6.27)
i g i f o

The equations (6.20) and (6.27) are equivalent with proper adjustment of coef-
ficients. So the minimal values of the expression in equation (6.20) can be easily
determined with a neural network having the energy function as in equation
(6.26). The topology of the network is shown in Figure 5.2 (pp. 128), and the

realization of a neuron in Figure 6.2.

In order to get the equations governing the dynamics of the network, let us

consider the energy function
E=-S s owsviv- Sy v S5t S s /‘,' g7 (V)dV. (6.28)
5 VI g2 & 2025 1 T R Jo
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Here
OE c C U; . =
“ov = ZOWVit ghi- V- R

Differentiating equation (6.26) with respect to V; and equating with (6.25) we
notice that

dU, 9F
[ ~av
: c c U;
= zjjcu/,]\/,+;1,—;‘/;—54
Hence w LoVl
al; i 9
T = WV + e (6.29)
7

where 7 = RC.
Thus the differential equation (6.29) will govern the state of the system.

To find a solution, we select an initial state of the network at random, and let it
evolve according to equation (6.24) or (6.29) for discrete and continuous cases,
respectively. It will eventually reach a steady state (a minimum of /) and stop.
To get further improvement in the solution one can use the simulated annealing
[201] type of approach. However, from the experimental results it will be seen

that, for this type of problem annealing is not required.

6.5 Simulation and results

To check the validity and effectiveness of the proposed technique, a computer
simulation has been done using synthetic and real images. The original syn-
thetic image [Figure 5.4, pp. 135] had only two levels which are then corrupted
by additive N ~ (0,0?) noise with different o (10, 20, 32) values. The cor-
ruption level is made very high so as to make the signal to noise ratio (SNR),
defined in the previous chapter (pp. 135) as small as 0.75. The real images
used are noise corrupted versions of a tank (Noisy tank) [Figure 4.4(a)] and a

Biplane [Figure 3.7(c)].
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Itis to be noted from equation (6.29) that in order to get the input to all M x N
neurons of a network at an instant (¢ + At) (continuous case), one has to solve
M x N differential equations with given initial values at time ¢. For this we
used Euler method, i.e., we iterated (from equation 6.29)

Ui(t + Ot) = U(t) + Ot {Z Wi Vi(t) + % = Ui(t) — %} (6.30)

until convergence. Here 7 is set equal to 1. A numerical solution for these
differential equations requires a stopping criterion which was (as in the previous
chapter)

Uit + Ot) — Us(@)] < e, Vi
where ¢ is a pre-assigned small positive quantity. In the present simulation
study we used At ~ 107% and € ~ 107,

As in the previous chapter the network is assumed to attain a stable state if
for every neuron i, |Vi(t) — Vi(t + At)| < e, where ¢ is a pre-assigned small
positive quantity. If the precision level is increased (value of ¢ is decreased)
the network takes more time to converge. Quicker convergence can be obtained

by increasing At or ¢.

In the practical case, even after a sufficiently long time, the neurons may not
achieve the exact value of -1 (OFF) or +1 (ON). However, if the activity level
is reasonably close to -1 or +1, one can consider the neurons to be OFF or ON.
By reasonably close it is meant that either V; < —1 + v or, V; > 1 — v, v being

a small positive quantity. In our simulation study we used v = 0.1.

For simulation of the network the input bias was taken (as in the previous
chapter) to be linearly proportional to the gray level of the corresponding pixels
mapped in the range [-1, 1. Thus, i being the gray value of a pixel, L the
maximum available gray level, the input bias /; is taken as

R (6.31)

I =
L

The input/output transfer function used was a second order polynomial (equa-
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tion 5.10 with n = 2). The connection strengths were assigned as

1 if jen?
W, = el (6.32)
0 otherwise.

The results obtained by the proposed technique are shown in Figures 6.3-6.7.
In Figures 6.3-6.5, the results shown are on synthetic images. From the results
it is evident that with lower values of o (high SNR) the objects extracted are
very close to the actual ones; whereas with higher values of o (low SNR) there
is a slight deterioration in the results. However, even for low SNR the key
features of the original image are preserved. From Figures 6.6 and 6.7 it is scen
that for the real images the extracted object are compact and preserved their
approximate outline. This shows the noise immunity of the proposed technique.
(For the Noisy tank image a rough estimate of the noise level o was made by
considering the middle point of the gray level range as the threshold and then
identifying the pixels of the object and the background regions for computing

their mean and o values.)

Figures 6.8-6.10 demonstrate some results obtained by the methods described in
the previous chapter in order to provide a comparative study with the proposed
technique for noisy images. It is seen that for high SNR values the difference
in output is not significant, whereas for low SNR values the present model
provides superior performance (see Figures 6.3-6.5 and 6.8-6.10). It may be
mentioned here that another experiment for providing an objective comparison

among these techniques has been described in Chapter 8.

Like the methods described in the previous chapter, the present techniques
are also superior to the probabilistic relaxation [2, 68] method in the sense of
preserving the shapes and outlines of the objects. As expected, the output of
the continuous model (though it takes more time) is always better than that
of the corresponding discrete model. However, when the noise level is low, the
segments produced by the continuous model is almost identical to that of the

discrete model. Thus for high SNR the discrete model may be preferred.
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() (c)

Figure 6.3: A noisy version of the synthetic image with SNR=2.4 : a) input,
b) extracted object with discrete model, c) extracted object with continuous

model



(b) (c)

Figure 6.4: A noisy version of the synthetic image with SNR=1.2 : a) input,
b) extracted object with discrete model, c) extracted object with continuous

model
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(®) (c)
Figure 6.5: A noisy version of the synthetic image with SNR=0.75 : a) input,
b) extracted object with discrete model, c) extracted object with continuous

model
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see Figure 4.4(a)

(b) (c)

Figure 6.6: Noisy tank image : a) input, b) extracted object with discrete

model, ¢) extracted object with continuous model
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see Figure 3.7(c)

(b) (c)

Figure 6.7: Noisy Biplane image (o = 3) : a) input, b) extracted object with

discrete model, ¢) extracted object with continuous model
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see Figure 6.3(a)
()
(

(b) <)

Figure 6.8: A noisy version of the synthetic image with SNR=2.4 : a) input, b)

extracted object with the discrete model described in Chapter 5, ¢) extracted

object with the continuous model described in Chapter 5



see Figure 6.4(a)
(a)

(b) (c)

Figure 6.9: A noisy version of the synthetic image with SNR=1.2 : a) input, b)

extracted object with the discrete model described in Chapter 5, ¢) extracted

object with the continuous model described in Chapter 5
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see Figure 6.5(a)

o .’I

(b) ()

Figure 6.10: A noisy version of the synthetic image with SNR=0.75 : a) input,

b) extracted object with the discrete model described in Chapter 5, ¢) extracted

object with the continuous model described in Chapter 5



6.6 Conclusions and discussion

The present work demonstrate a method for solving a computationally hard
object extraction problem based on the GRF model with a modified Hopfield
neural network architecture. The input/output transfer function used is a poly-
nomial over a fixed domain (same as in the previous chapter). The energy func-
tion of the network has been designed in such a way that its minimum value
corresponds to the MA P estimate of the scene. A possible hardware realization

of a neuron is also suggested.

The results obtained by the proposed model are quite satisfactory, even with
very high degree of noise. Noise immunity of these methods is seen to be more
than those described in Chapters 4 and 5. The results obtained by continuous
dynamics are always better than those of discrete dynamics. But the conver-
gence of the later is very fast (as in the previous chapter). The present system

takes more time to convergence than that described in Chapter 5.



Chapter T

Multilayer newral network with
zziness meastres for object

extraction



7.1 Introduction

We have described various methodologies for image segmentation in Chapters 2-
6. Chapters 2 and 3 dealt with some aspects of fuzzy set theory (namely, image
correlation measures and fuzzy geometry), whereas Chapters 4-6 described the
utility of some artificial neural network models (e.g., Kohonen’s model and
Hopfield’s network) for image segmentation/object extraction problems. In the
present chapter an attempt is made to integrate the concept of fuzzy sets and
seural networks by incorporating various fuzziness measures in a multi-layer

network.

Since the conventional feed forward multi-layer perceptron [134] (for details see
Appendix A) with back propagation of error requires a set of labeled input
patterns (training samples), as such it can not be used for image segmenta-
tion, particularly when only one image is available. (However, if images to be
processed are of similar nature, one can use a set of known images for learn-
ing and then use the network for processing of other images.) Therefore the
present work not only describes a method of integrating the concept of fuzzy
sets and neural networks, but also demonstrates a way of using a multi-layer
neural network for performing (unsupervised) self-organizing tasks, in general,

and object extraction in particular.

A self-organizing multi-layer neural network architecture suitable for ima.ge‘ 1‘):(’»
cessing operations is designed. The architecture is also a feed forward one
with back propagation of error; but unlike conventional multi-layer perceptron
(MLP) it does not require any supervised learning. The learning technique
employed is self-supervised thereby attaining self-organizing capability. Each
neuron is connected to the corresponding neuron in the previous layer and its
neighbors. Another structural difference from the conventional MLP is that
there exists a feed-back path from the output to the input layer. The status of
neurons in the output layer is described as a fuzzy set. A fuzziness measure of
this set is used as.a measure of error of the system. Learning rates for various
measures of fuzziness (e.g., index of fuzziness and entropy) have been theoret-
ically and experimentally studied. Given an input, the system automatically
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finds out the structure in the input data by self-supervision/self-organization.

The network has been employed to extract objects from noisy environments.
The simulation study was done using synthetic and real images. The results
are seen to be comparable to those of the methods described in Chapters 4-6.

7.2 Measures of fuzziness of a fuzzy set
Various measures of fuzziness of a fuzzy set A with n supports are defined
below.

Linear index of fuzziness [90]

n

u(4) = 23 fmin {ua(ed), (1 — palz )} (7.1)

i=1

Quadratic index of fuzziness [90]
5 -
ve(A) = 7\ [ ?}{M(i;) . (7.2)

HA) = =2 3" S {na(en)} 3)
nlin(2) o

Entropy [99]

with
Sn(pa(e:) = —pa(zi) In{pa(z)} = {1 — pa(z)}In {1 — pa(z)}-

Entropy [97]
H(A) = oy 3 {Sulia(ed) = 1) (7.4)
with
Sala(@)) = ma(@)e ™4 4 {1 = ua(@) )o@
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These measures reflect an average amount of ambiguity in making a decision
whether an element belongs to the fuzzy set (or possesses the concept or prop-
erty represented by the fuzzy set) or not. Details on these measures are given

in Appendix A.2.3.

7.3 A self-organizing multi-layer neural net-
work

In this section we will be describing a new self-organizing multi-layer neural

network model.

7.3.1 Description and operation of the network

Architecture :

In Figure 7.1 we depict a 3-layered version of the proposed network architecture.
In cach layer there are M x N neurons (for an M x N image). Bach neuron
corresponds to a single pixel. Besides the input and output layers, there can be
a number of hidden layers (more than or equal to one). Neurons in the same

layer do not have any connection among themselves. Each neuron in a layer is
connected to the corresponding neuron in the previous layer and its neighbors
over N4, the dth ordered neighborhood (described in Chapter 5, pp. 127); thus
N| is the number of

each neuron in layer i(: > 1) will have |[N9] + 1 (where
pixels in N4) links to the (i — 1)th layer. For N' a neuron has 5-links, whereas
for N2 9-links will be associated with every neuron. However, for boundary
1. By

ry neuron in

nodes (pixels) number of links may be less than [N
sonding neuron in the input

the output layer is also connected to the corre

layer (feedback path). It may be noted that this architecture differs from the

conventional MLP in two main points :

o the distribution of links, and



o the feed back connection from the output layer to the input layer.

Figure 7.1: Schematic representation of a self-organizing multi-layer neural

network

Initialization :

The input to a neuron in the input layer is given as a real number in [0,1]
which is proportional to the gray value of the corresponding pixel. All weights
are initialized to one (1). No external bias is imposed on the weights. Random
initialization (of weights) may act as pseudo noise and the quality of the pro-
cessed image may be deteriorated. As all the weights are set to unity, the total
input (initially) to any node lies in [0, n;] (where n,; is the number of links a
neuron has); hence the most unbiased choice for the threshold value ¢_for the

input-output transfer function (see Appendix A for details)

(7.5)

9(@) = ¢

would be 14/2 (the middle most value of the total initial input range).
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Operation :

The input value (U;) to any neuron in the ith layer [except the input layer] is

calculated as
Ui = 3 Wb )
i

Here V; is the output of the jth unit of the previous layer and W;; is the
connection weight between: the ith node of one layer and the jth node of the

previous layer.

The input-output transfer function g (equation 7.5) is then applied to get the
output status of these neurons. Thus the output of a node ¢ is

Vi = g(Uy). (17

These outputs are then fed as input to the next layer. In this way the input
pattern is passed on from the input layer to the output layer and the corre-
sponding output states are calculated. The output value of each neuron lies in

[0,1].

The updating procedure of the network is such that in the stable state the
output status of all the neurons in the output layer will be either 0 or 1 repre-
senting black (background) and white (object). But in the intermediate stage
the output status of the neurons in the output layer usually will be in [0, 1], and
thus the status value may be considered to represent the degree of brightness
(darkness) of the corresponding pixel in the image or, the degree of belonging
of the pixel in the object (background) region. Therefore, the status of the neu-
rons in the output layer may be viewed to represent a fuzzy set object region.
The number of supports of this fuzzy set is equal to the number of neurons in
the output layer. A measure of fuzziness of this set, on the global level, may
be considered as the error or instabilily of the whole system, as this will reflect
the deviation from the desired state of the network. Thus when we do not have
any apriori target output value, we can take the fuzziness value as a measure
of system error and back-propagate it to adjust the weights (mathematical ex-
pressions for this are given later) so that the system error reduces with passage
of time and in the limiting case it becomes zero. The error measure (£) can
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also be taken as a suitable function of a fuzziness measure, i.e.,
E=g(I) (7.8)

where [ is a measure of fuzziness (equations 7.1, 7.2, 7.3 and 7.4) of the fuzzy

set.

The change in weights is calculated with the same method used in the conven-

tional MLP (described indetails in Appendix A). The expression is

—1(3%)9' (Ur)V;

(5 o Wt UV, S

AW =

for the output layer and other layers respectively.

After the weights have been adjusted once by back-propagating the error, the
output of the neurons in the output layer is fed back to the corresponding
neurons in the input layer. The second pass is then continued with this as
input. The error in the second pass is then back-propagated for correcting the
weights for the second time. This procedure is continued until the network
stabilizes, i.e., the error value (measure of fuzziness) becomes zero. When the
network stabilizes the status of the neurons in the output layer becomes either
0 or 1. Neurons with output value O constitute one group (region) and those

having output value 1 constitute the other group.

Note that, the system actually does some sort of self-supervised learning, and
therefore self-organizes and finds out the structure in the input data. Thus
for problems like clustering where there is no concept of apriori teaching such
a network may be of great importance. In self-supervised learning the system
learns to respond to interesting patterns in the input. In general, such a scheme
should be able to form the basis for the development of feature detectors and

should discover statistically salient features of the input population.
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7.3.2 'Weight correction for different measures of fuzzi-

ness

The mathematical derivation for weight updating rules using back propagation
with different fuzzi measures (| £ 7.1, 7.2, 7.3 and 7.4) is as follows.

The derivations are given only for correcting the weights of the links connected
to the output layer. For other layers similar expressions as in the second part
of equation (7.9) are applicable.

Weight correction for linear index of fuzziness :

Let us consider

E =
9(v) (7.10)
= nu
where v is the linear index of fuzziness (equation 7.1).
Here
9E _ | =% if 0<V; <05 (7.11)
av; ~ | 2 if 055V <1 '
Thus from equation (7.9) we get
—2)f(U;)V; if 0<V;<0.
AW = m(z,.)f(UJ) if 0= V;<05 (7.12)
m(2)f(U)V:  if 05<V;<1
or,
—nf'(U;)Vi if 0<V; <05
AW = nf'(U;) i =V;= (7.13)
nf'(U;)Vi if 05<V;<1
where p =, x 2.
Weight correction for quadratic index of fuzziness :
Choose the error function E as
E =
= :J/(;/«) (7.14)

0]
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where v, is the quadratic index of fuzziness (equation 7.2).

Now,
2 4 * 2
vy = 13 {min(V;,1 - V;)}’)
H
and
0E _ | i{—2v;} if. 0<V; <05
av; | H21-W)} if 05<V; <10
Thus '

AW = | a2V ()Y if 0<V;<05
” ni{201 = V)}f'(U;)V; if 0.5<V;<1.0.

In other words,

AW = 4 1EVILU)V: if 0<V;<05
T Q= VW)V i 05 < V; < 1.0
where i =y x % x 2.

If we define the target output {¢;} as follows

{o if 0<V;<05
=

1 if 05<V;<1.0,

(7.15)

(7.16)

(7.17)

(7.18)

(7.19)

then this fuzziness measure becomes equivalent to the sum of the squared error.

It may be noted here that 2Z is not defined when V; = 0.5 for both v and
s
v,. Thus, when implementing the algorithm, if V; takes a value of 0.5 for any

node, then movement can be made in any direction by a small amount.

Weight correction for logarithmic entropy :

Now we consider

E = g(H)
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where H is the entropy of a fuzzy set (equation 7.3).

Thus
OFE 1 \4

~ v = e T (7.22)

Here we notice that as V; — 0 or 1, abs{ln %4} — c0, andas V; —
Y

05, abs{ln {4} — 0.

For a fuzzy set we know, the fuzziness value is minimum when the membership

values of all the elements are 0 or 1, and maximum when they all are 0.5. So

for the network the error is minimum (i.c., the network has stabilized) when
all the output values are either 0 or 1, and is maximum when they all are 0.5
(the network is most unstable). From the previous discussion (equation 7

)
we notice that abs(2E) is minimum (=0) when all the output values are 0.5.
5

Thus, if we use the gradient descent search, the rate of learning is minimum at
the most unstable state. Hence, to expedite the learning, it is desirable to make
the weight correction large when the network is most unstable (i.e., when all
the output values are 0.5). In other words, for a neuron, the weight correction
for its links should be maximum when its output status is very close to 0.5 and
is minimum when its output status is close to 0 or 1. This can be achieved by

taking

AWji o —

AW = —1s UV g>1 = (7.24)

15v;

where |22 represents the magnitude of the gradient.

Such a choice for AW;; does not violate the necessary requirements for gradient
descent, scarch. In any gradient descent search, the gradient vector determines
the direction of movement, while the quantum of movement is controlled by a
1

the gradient vector is not very important as far as the gradient descent search

scalar multiplier which is generally pre ted by the user. The magnitude of
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is concerned. In the present case, since we are changing only the magnitude of
movement, keeping the direction same, it is also equivalent to a scalar multipli-
cation. However, if the scalar multiplier is too small, searching would be slow;
but if it is too large, it may result in oscillation.

Henceforth we will be considering only q=2. When q=2, for the logarithmic
entropy we get

g
AWy = —nsgg f'(U;)Vi . (7.25)
av;

Il

n3(nln 2)—lv—f’(Ui)V,~ [from équation (7.22)]
In v

1 .
= Wﬂ?v—f U;)Vi (7-'26)
with 7 = na x (n1n2),

ie.,

~n@f'(u,-)v,-_ if 0<V;<05

AW = N .
nmf WU;)Vi if 05<V;<1.0.

(7.27)

The expression of AWj; has been divided into two parts in order to keep analogy
with that of the index of fuzziness. ’

Weight correction for exponential entropy :

If we consider

&
I

9(H) (7.28)
H (7.29)

where H is the exponential entropy of a fuzzy set (equation 7.4).

Then

OE 1

7 m((l —V;)e! ™Y — Vie¥i}. (7.30)

184



Applying the similar argument as in the case of logarithmic entropy, we get

1
AW = —nagg f'(U)Vi

3,

1 ’

— Vi 7.31
e AL (31)
with 7 = ng4 x n(y/€ — 1).

In other words,

aw { 1yt f UV i 0< V5505

. (7.32)
Ny S UV i 05 <V < 10,

Considering equations (7.13), (7.18), (7.27) and (7.32), one can see that in
each of the four cases, the expression for AWj; has a common factor 7 f'(U;)Vi.
T'herefore, for the sake of comparison of different learning rates the common
factor [nf’(U;)Vi] can be ignored. In the next section we shall investigate the

rate of learning under the previously mentioned scheme.

7.4 Learning rate for different measures of

fuzziness

Ignoring the common factor nf'(U;)V; in equations (7.13), (7.18), (7.27) and
(7.32), the learning rate for different error measures can be written as

AWY o« —1 for 0<SV;<05

(7.33)
o« 1 for 0.5<V;<1.0
for linear index of fuzziness;
AWE o« —V; for 0<V; <05 (7:30)
x 1-=V; for 0.56<V; <1.0
for quadratic indez of fuzziness;
AWl o« —y for 0SV;<05
> (7.35)
o< oo for 0.5<V; <1.0

=
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for the logarithmic entropy (q=2); and

AW & ————l—— for 0<V; <05

Ve —V,e% 7.36
< Ty for 0.5<V; < 1.0 ( )

Ve —(1-V;)e
for the ezponential entropy (q=2).

A critical examination of equations (7.33)-(7.36) reveals that in each of the
four cases the learning rate is < 0 for V; < 0.5 and is > 0 for V; > 0.5. In
other words, the direction of change is always the same’in all the four cases.
Therefore, if one compares different learning rates separately for V; € [0,0.5]
and V; € [0.5,1.0], one can forget about the sign (direction) of learning. For
example, if Aw!é = —5 and Awgf = —3, then although Aw!s < Aw§t, the rate

of learning is more for Aw's.

Figure 7.2 depicts the rate of learning for different error measures with variation
of status value of an output neuron. Because of the reasons mentioned in the
previous paragraph, only the magnitude of AWj; has been plotted. From the
curves it is noticed that for all the error measures, the rate of learning is low
when the neurons are very close to stable states (i.e., status value 0 or 1) and is
high when the neurons are highly unstable (i.e., status value 0.5). The curves

are also symmetric around 0.5.

Figure 7.2: Rate of learning with variation of status for different error measures

A comparative study of the different curves shows that the learning rate is
minimum (for all status values) for the quadratic index of fuzziness and its
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absolute value is < 0.5. For linear index of fuzziness it is constant and is = 1.
On the other hand, for entropy measures the rates of learning are high. For
status values very close to 0.5, the learning rate is more for the logarithmic
entropy than that of the exponential entropy, whereas for output values close
to 0 or 1 the learning rate is less for the logarithmic entropy. In other words,
the change in rate of learning for the exponential entropy is less than that of
the logarithmic entropy. So the outputs corresponding to exponential entropy
will be more noise immune than that of the logarithmic entropy, but it will take
more time to converge. Regarding learning rate the following proposition can

be made.

Proposition : The learning rate for the quadratic index of fuzziness is the

minimum.

Proof : To prove the proposition it suffices to prove
1AW < AWE

2. AW < AW

3. AW < AW,

Proof of condition 1 (i.e., AW}, < AWY).

Leaving aside the signs
AWS, = gk with

V; if 0<V; <05
1-V; if 05<V;<10.

K=

But AW} =7 x1.0.
Evidently AW < AW/,

Proof of condition 2 (i.e., AW}, < AW]E).

Leaving aside the signs
",n_‘i"' if 0<V;<05
A[/V]’f = ‘Vz
i 5<V, <
nln_,-:'% if 05<V;<1.0

Proving the relation AWY; < AW/ is equivalent to prove
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1

= > V; for. 0<V; <05, and
Vi

-LV— > 1—-V; for 05<V;<1.0.

lnl—_lvj

We have to prove

:ﬁ_ﬁ— > V; [for0<V; <0.5]
or, Inigh < &
or, In(g—1) < ¥
or, In(z—1) < =z [withz=7‘;].
Suppose
y = In(z—1).
Then
T = 14+ e¥
= 14+1+¥%4+%L +---to oo
> y [ since = > 2 and thereby y > 0]

llence, In(z — 1) < z , thus proving the first part.

Let us now prove the other part

L —-V; S5<V; <1
:-VT > 1—-V; [for0.5<V; <1.0]
or, In ,—ZJ‘—,; <
or, In(z—1) < = [with z = ﬁ]

Rest part of the proof is as in the previous case and hence the relation

ﬁ > V; for0 < V; <0.5, and
4 —V; 5 <V; <1.0.
E‘Zj > 1-V; for0.5<V; <1.0

Proof of condition 3 (i.e., AW}, < AWS?).

Leaving aside the signs

: .
AWEE = TV %% if 0sV;<05

o 1 if 0.5<V; <10
NV —a-v;)e "7 S=V =10

To prove the relation AWS; < AWS?, is equivalent to prove
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e > Vi for0 < V; < 0.
- r /.
ey > 1=V o052V <

5, and
1.0.

Now to prove (for notational simplicity = will be used in place of V; )

z for0 <z <05

ez
or, (1—2)et*—ze* < L
o, a(l— ) —a?e < 1
or, zel™F —a%(elTT+e") < 1
or zel™® < 14 2?(e'7T +e7).

Let f(z) = ze'~=.

Then f'(z) = (1—z)e!~* > 0, & € [0,0.5]. Hence ze'~* monotonically increases
for z € [0,0.5) and thus ze!~® attains the maximum value at z = 0.5.

Hence, max{ze!~*} = 1/e < 1, = € [0, 0.5).

On the other hand, min{l + z%(e'"* + %)} = 1.

Hence the relation.

Let us now prove
\ .

ety > L=V for0s

or, VieVs — (1 = V)l <

or, (1 —z)e! ™ —ze® <

<V, <1.0

withz =1 —V;, z € [0,0.5].

Rest part of the proof is as in the previous case and thus we can write

T > Y for 0 < V; < 0.5 and
Ty > LV fr05 <V <10
Hence the proposition. s

7.5 Application to object extraction

An application of the proposed network architecture is shown in object ex-

traction (specially from noisy environments) problems. A 3-layered version of
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the proposed network with second order neighborhood system (N?) is used. A
seuron thus gets input from 9 neurons of the previous layer. The threshold
walue 0 in this case is 9/2=4.5. The input gray levels are mapped in [0, 1] by
+ linear transformation and is given as input to the network. The network is
then allowed to be settled. When the network is stabilized, the neurons having
the status values O constitute one region type say, background (object) and
the remaining neurons with output status 1 constitute another region type, say

object (background). Investigation has also been done with N'.

7.5.1 Simulation and results

To check the validity and effectiveness of the proposed technique, a computer

simulation has been done using synthetic and real images. The original syn-

thetic image [Figure 5.4, pp. 135] had only two levels which are then corrupted

by additive N ~ (0,0?) noise with different o (10, 20, 32) values (i.c., differ-
ent SNR values as defined in Chapter 5, pp. 135), as in the previous chapter
[Figures 6.3(a), 6.4(a) and 6.5(a)). The real images used are noise corrupted
versions of a tank (Noisy tank, Figure 4.4(a)) and a Biplane [Figure 3.7(c)).

For the simulation study 7 value was taken as 0.2.

The objects extracted by the proposed method with different error measures
for different noisy versions of the synthetic and the noisy Biplane images are
included in Figures 7.3-7.6. Figure 7.7 depicts the objects extracted from the
Noisy tank image with different error models. As a typical illustration, the
curves reflecting the average system error for different error measures with

aumber of iterations (time) for a noisy synthetic image (with 0=20) are depicted

in Figure 7.8.

From the results of the synthetic images it is seen that as the noise level in-
creases, the quality of the output, as expected, deteriorates; but approximate
shapes and outlines of the objects are preserved. Comparing the results of
different error models, it is noticed that the outputs with index of fuzziness
measures (linear/quadratic) are better than those obtained by entropy mea-

»d value of 7, the learning rate is low for the indices of

sures (q=2). For a fis
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see Figure 6.3(a)

(2)

() (c)

(d) (e)

Figure 7.3: A noisy version of the synthetic image with SNR=2.4 : a) input,
b) extracted object with linear index of fuzziness, c) extracted object with
quadratic index of fuzziness, d) extracted object with logarithmic entropy, €)

extracted object with exponential entropy
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see Figure 6.4(a)

(b)

(d) (e)

Figure 7.4: A noisy version of the synthetic image with SNIz=1.2 : a) input,

b) extracted object with linear index of fuzziness, ¢) extracted object with

+d object with logarithmic entropy, €)

quadratic index of fuzziness, d) extre

extracted object with exponential entropy



see Figure 6.5(a)

(b) (<)

(d) (e)

Figure 7.5: A noisy version of the synthetic image with SNR=0.75 : a) input,
b) extracted object with linear index of fuzziness, c) extracted object with
quadratic index of fuzziness, d) extracted object with logarithmic entropy, €)

extracted object with exponential entropy

193



see Figure 3.7(c)

(b) (c)

(e)

(d)

Figure 7.6: Noisy Biplaneimage: a) input, b) extracted object with linear index
of fuzziness, c) extracted object with quadratic index of fuzziness, d) extracted
object with logarithmic entropy, ) extracted object with exponential entropy



see Figure 4.4(a)

() ©)

Figure 7.7: Noisy tank image : a) input, b) extracted object with linear index
of fuzziness, ¢) extracted object with quadratic index of fuzziness, d) extracted

object with logarithmic entropy, ) extracted object with exponential entropy



Figure 7.8: Variation of average system error with time for the image in fig-
ure 6.4(a) : a) linear index of fuzziness, b) quadratic index of fuzziness, c)

logarithmic entropy, d) exponential entropy

fuzziness, whereas it is high for entropy measures. When the learning rate is
high, a particular neuron influences its neighbors to a great extent; thus the
noisy elements affect the results strongly. The system thus fails to remove all
the noise. Of the two entropy measures the one with exponential function is

more noise immune due to its lower learning rate at the initial stage.

A critical examination of the results reveals that the index of fuzziness (both
lincar and quadratic) is consistently better than entropy measures for main-
{aining the compactness of the extracted objects. But shapes of objects are
better preserved by entropy measures. This observation can be explained as
follows. Since the rate of learning is slow for index of fuzziness, it smoothes
out noises and creates compact regions, while the rapid learning ability of the
entropy measures may not be able to remove all the noisy pixels, particularly
when the SNR is very low (i.e., very high noise). On the other hand, entropy
measures enable the network to preserve the object boundaries as their learning

rates are very high around the most ambiguous region (V; =~ 0.5).

An investigation was also carried out with first order (V') neighborhood system
and, as expected, the results are not as good (like those in Chapters 5 and
6) as with the N2 system. As an illustration, the outputs (for different error
measures) corresponding to the input image [Figure 6.4(a)] are shown in Figure
7.9.
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see Figure 6.4(a)

(b)
(d) (e)
Figure 7.9: A noisy version of the synthetic image with SNR=1.2 and N' : a)

input, b) extracted object with linear index of fuzziness, ¢) extracted object
with quadratic index of fuzziness, d) extracted object with logarithmic entropy,

e) extracted object with exponential entropy



Figure 7.8 depicts the variation of average system error (ASE), drawn to the
scale, with time (number of iterations). A comparative study of the curves
reflects the following : the initial ASEs for the entropy measures are much
higher than those for the indices of fuzziness. In fact, for the quadratic index
of fuzziness the initial ASE is the minimum. For all cases the ASE drops to
a very low value (close to zero) within a few iterations which indicates a fast
convergence of the system. Note that in each of the four cases the ASE drops
{0 almost the same low value in more or less the same number of iterations,
but the initial ASEs for the entropy measures are more higher than those for
the linear and quadratic indices of fuzziness. Hence the rate of change of the
ASE for any entropy measure is much higher than that for either of the indices
the fuzziness. Again, of the two indices of fuzziness, the linear one has much
higher initial value of the ASE, but both of them drop almost to the same low
value in more or less the same number of iterations. This indicates that the
rate of change of ASE for the linear index of fuzziness is greater than that for

the quadratic index of fuzziness. These observations conform to the proposition

stated and proved in section 7.

7.6 Conclusions and discussion

A self-organizing multi-layer neural network suitable for object extraction from
noisy images has been developed by incorporating various fuzziness measures
in a layered network framework. Each neuron in the network corresponds to an

is connected to the corresponding neuron in

image pixel. A neuron in one laye
the previous layer and to the neighbors of that neuron. Neurons in the output

layer are also connected to the corresponding neurons in the input layer. The

status of the neurons in the output layer has been viewed as a fuzzy set and
various measures of fuzziness of this sct have been used to model the error
(instability of the network) of the system. The weight updating rules under

»d to correct

cach model have been developed. This error is then back propagat.

weights and to reduce the system error in the next stage. A comparative study

(both analytical and experimental) on the rate of learning for different c
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measures has also been been made. Therefore the proposed model not only
describes a way of integrating the concept of fuzzy sets and neural networks,
but also demonstrates a method of using a multi-layer network for performing
(unsupervised) self-organizing task in image processing problems.

The results obtained by the proposed model are found to be comparable to
those obtained in Chapters 4-6 even for very low values of SNR. It is seen that
the rate of learning affects the output, specially when the noise level is very
high. The outputs are better for lower learning rates (indices of fuzziness) and
they deteriorate with the increase of rate of learning (entropy measures with
g>2).
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Chapter 8

Robustness analysis of neural
network based segmentation
techniques under component

failure



8.1 Introduction

A neural network based system consists of a large number of neurons with
massive connectivity among them (thereby introducing redundancy). Local
connectivity among the neurons being very high, the system is claimed to be
highly robust and can be applied even when the input is ill-defined and/or
defective/partial or noisy. In Chapters 4-7 we have investigated the robustness
of our neural network based techniques with respect to noisy input when they
were used to extract object regions from highly noisy scenes. As the neural
network based systems consist of a large number of components, the possibility
of some of its components (nodes or links) being failed to work is very high.
In the present chapter we investigate the ruggedness of these segmentation
algorithms under failure of components. It may be mentioned here that nothing

has been suggested, to date, in the literature about how Lo check this ruggedness.

The work described in the present chapter derives a way of checking the rugged-
ness of neural network based systems by damaging some of the nodes and/or
links and noticing the change in their performance. The damaging process is
viewed as a pure death process [292] and is formulated as a Poisson process.
The nodes and/or links, to be damaged are chosen randomly. The time instants

(i.e., when a damage occurs) are determined by drawing random samples from

an appropriate probability distribution [292].

T'hough the principle is valid, in general, for any neural network based systems,
we have considered here the methods developed in Chapters 4-7, for image
segmentation and object extraction as a demonstration. Therefore, the present
investigation also provides a comparison of these object extraction algorithms

with respect to component failure.

To study the ruggedness of these systems under component failure, their per
formance is evaluated in terms of percentage (%) of pixels correctly classified
The % is computed with respect to the actual object-background regions of
the image. Outputs are evaluated in four different situations : i) no damage ii)

damaging only nodes iii) damaging only links, and iv) damaging both nodes and
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links simultaneously. The simulation study is done on various noisy versions of
a synthetic image and on a real image (Noisy tank) using different amount of

damaging.

8.2 Modeling of failures and sampling in a

neural network

In this section the model of failure process is described and a way of applying
the sampling theory for simulation of the failure process is stated.

8.2.1 Modeling of failures

Let us consider a neural network system with N components, where a compo-
nent could be a node (processor) or a link. During the operation of the network
some of its components may fail. We make the following assumptions about

the failure process :
i: The system has N identical components at the time instant ¢ = 0 (when
the operation of the network starts).
i : If a component fails, it fails for ever (no repair or replacement).
iii : Failure of components occurs at an average rate of z per unit time.

iv : The probability of an event occurring between time ¢ and ¢ + A depends
only on the length k, i.e., the probability does not depend on either the
number of events that has occurred upto time ¢ or the specific value of ¢,
i.e., the probability density function has stationary increments.

v : The probability of a failure during a very small interval of time h is

positive but less than one (1), i.e., not certain.

vi : At most, one failure can occur during a very small interval of time h.
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Let pa(t) be the probability that the system has n components active at time
instant ¢, i.e., N — n failures during time interval [0,t]. It can be shown [292]

that under the assumptions i-vi, p,(t) is given by the formula :

pn(t):%, n=1,2,...,N 1)
and
N
po(t) =1-— Z;pn(t)« (8.2)

Thus we see that p,(t) is a truncated Poisson distribution with mean it.

If f(t) is the probability density function (pdf) of the inter-failure time (i.e.,
time interval between two successive failures), then one can show that for the

above mentioned Poisson process, f(t) is given by

flt) = pe ™, t>0

8.3
0, t<0. (8:3)

Thus, when the failure process is governed by a Poisson distribution, the inter-
failure time is then described by an exponential distribution (equation 8.3) with
expected value (mean)

Et)

1l

/: Lf(8)dt

1

e

(84)

8.2.2 Sampling

In order to simulate the failure process, one needs to draw random samples
from the exponential distribution (equation 8.3). Before describing the exact
algorithm, let us first consider the general strategy for sampling from any dis-

tribution.

Let f(x) be the pdf of the random deviate z, and F(z) be the cumulative
density function (cdf) of =, i.e.,

F(z) = /w f(tydt. (8.5)
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It can be easily shown that the random variable y = F(z) is uniformly dis-
tributed over [0, 1], regardless of the distribution of z. Hence, if R is a random
pumber drawn from uniform [0, 1], then = = F~!(R) is a random sample from
the pdf f(z). Therefore, sampling from any distribution can be done using the
following two step method.

Step 1: Generate a random number R in [0,1] and assign it to F(z).

Step 2 : Solve for = from R = F(z).
The above sampling method is known as method of inversion.
Sampling from exponential distribution :

For an exponential distribution the pdf is

f@t) = pe7, t>0 .
) —_ 0 f<o (8.6)

Then .
F(t) = / pe e = 1 — eH.
o

If the random number drawn is 12 then

R = F(t)
or, R = l—e*
o, t = —tm(l-R) = —Lmr (8.7)
" "

The last step is possible, because if R is a random number in [0, 1], then so is

(1 — R) and we can replace (1 — R) by R for convenience.

It has'been established before that if the failure process is described by a Pois-
son distribution, then the time between the occurrence of failures (inter-failure
time) must follow the corresponding exponential distribution. Thus in order to
simulate the component failure process described by the Poisson distribution
with mean pt, over a time period [0,77], all one has to do is to sample the
corresponding exponential distribution with mean 1/u as many times as neces-
sary until the sum of the corresponding exponential random samples generated

exceeds 7" for the first time. It can further be explained as follows.
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Suppose R; is the ith random sample drawn from uniform [0, 1] distribution,
then from equation (8.7)
1
t;=——InR; 8.8
. (s39)

is the ith sample from the exponential distribution (equation 8.3). Therefore
Ti=Yt; (8.9)
=

gives the time instant when the ith failure occurs (a component failure). The

process is repeated for the largest number of times (k, say) such that Tk < 7.

8.3 Application of failure model to rugged-

ness evaluation

The ruggedness of a neural network based system can be investigated under

three different situations :

o failure of only nodes,

o failure of only links, and

o failure of both nodes and links.
We have seen in section 8.2.1 that if the components are identical and failures
are independent, then the inter-failure time follows an exponential distribution.
Therefore, while considering failures of only nodes or only links, we can use

exponential distribution (equation 8.3) to draw samples for inter-failure time.

Section 8.2.2 discusses how to compute the time instant 7y of the 7th failure,

but does not mention about the tion of the node (link) to be damaged at
that instant. Since all nodes (links) are assumed to be identical, one can sclect
a node (to be damaged) randomly in such a manner that cach node (link) has

an equal chance of being selected.



The situation becomes a little more complicated when both nodes and links are
allowed to fail. A node failure effectively disables several links connected to it.
On the other hand, failure of a set of links may effectively disable a node. Some
of the assumptions stated in section 8.2.1 are not valid if we consider both nodes
and links failure together, because the set of components are not identical and
failure of one component may cause effective failure of another. We propose to

investigate the system under the following two simplifying situations :

Case I : Do not distinguish between nodes and links, i.c., treat either of
them as a component. The damaging process is then viewed to follow a single

Poisson distribution.

Case II : Nodes and links are treated as two different components. The
damaging process will then be governed by two different Poisson distributions,
one for the nodes and the other for the links. No interdependence between the

two distributions is assumed.

The components which are getting damaged can be chosen randomly. When we
are damaging only one type of component (i.c., either node or link) the casiest
way to select a component is to assign a unique number to cach component
and use random numbers in such a way that each node has an equal chance of
inclusion. If an already selected component reappears then one has to ignore
that drawing. When one is damaging both nodes and links together the selec-
tion process will be as follows depending on the above mentioned two cases.

Suppose there are M nodes and N links.

Case A : Each component is assigned a unique integer number in the range
(1, M + N, and a component can be selected by drawing randomly an integer

in that range.

Case B : Assign each node a unique integer in the range [1, M] and each link a
unique integer in the range [1, N]. Selection of a node can be done by drawing

a random integer in [1, M]. Links are also sclected similarly.

‘Note that Case A does not discriminate between nodes and links, and hence

inter-damage times are drawn from one distribution for both nodes and links.
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Case B, on the other hand, does discriminate between nodes and links, and

uses two independent distributions (one for links and the other for nodes).

The model of damaging process developed in this section is, in general, ap-
plicable for any neural network based system. In the sections that follow an
application of the principle is demonstrated on the neural network based ob-
ject extraction algorithms which have been developed in Chapters 4-7. Besides

demonstrating the effectiveness of the model, this investigation will also enable

us to provide a comparative study of ruggedness of theses object extraction

systems.

8.4 Simulation and results

In order to demonstrate the utility of the failure model described in section
82 and to establish the robustness of different object extraction algorithms
described in Chapters 4-7, a simulation study is done. The only parameter
for Poisson/exponential distribution is the mean value . For the simulation

purpose, g is estimated as follows.

8.4.1 Way of simulation

Suppose a single layer network has €' components and requires 7' seconds for
I iterations on a mono-process system. Then for parallel implementation, time

L. Let D be the total

per iteration=2;, and the total processing time is 7*

number of components to be damaged during the processing time 77, then an
estimate of /1 is

D

"=

L (L= D).

Now for each of the L time instants select a component to be damaged. In other

Let the inter-damage time periods (samples) be ¢;, j = 1,2,

words, select I components and damage the ith selected component after 7}



seconds, where

Now, if the ith component is damaged at a time instant T; and T; falls in the
kth iteration, then for the kth and subsequent iterations we assume the ith

component to be damaged.

For a multi-layer (mn-layer, say) neural network, let there be C' components per
layer, and the network requires T seconds for stabilization. The ith (i > 1)
layer can work only after the (¢ — 1)th layer has finished its task. Since there
exists a feedback path from the output to the input layer, the output layer
may be considered to be the predecessor of the input layer, i.e., the input
layer can work (except the starting moment) only after the output layer has
completed its operation. Thus parallel implementation can be done only in the
C components in a layer. Between layers the operations are always sequential.
Hence, the total time required for parallel implementation of such a system is
r=Z

A performance evaluation criterion (percentage of correct pixel classification)
of the object extraction algorithms used in the present work is described below.

Let N; be the number of pixels that actually belong to object, but are classified
as background pixels by an algorithm; and N, be the number of background
pixels that are labeled by the algorithm as object pixels. Then the percentage
of pixels correctly classified (pcc) by the algorithm is given as

pec= (1 - %) x 100 (8.10)

for an M x N image.

8.4.2 Results

The present simulation study is done for all the three object extraction algo-
rithms (algorithms described in Chapters 5 and 6 with continuous dynamics

and N? connectivity, and that in Chapter 7 with quadratic index of fuzziness
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as error measure, which will be referred to as Method 1, Method 2 and Method 3
respectively in this chapter) using three different noisy versions [Figures 6.3(a),
6.4(a) and 6.5(a)] of a synthetic image as input. The noisy input have signal
to noise ratio, SNR, (defined in Chapter 5, pp. 135) equal to 2.4, 1.2 and 0.75,
respectively. The experiment is done under the following four conditions :

i: without damaging nodes or links,

ii : damaging nodes only;

iii : damaging links only, and

iv : damaging nodes and links both.
For each of the cases ii, iii and iv investigation has been done with a failure

of 2%, 5% and 10% of total components. The percentages of pixels correctly

classified under all the above mentioned conditions is given in Tables 8.1-8.12.

Method 1

Table 8.1: Classification accuracy after node-damage

Input image Number of nodes damaged
with 0 328 819 1638
SNR (=2%) | (~25)% | (=~ 10%)

2.4 99.71 99.67 99.68 99.40
1.2 99.12 | 99.11 99.04 98.83
0.75 97.55 | 97.44 97.54 97.18

From the tables it is evident that when only nodes or only links are dam-
aged (even with a high percentage ~ 10) the performance is not deteriorated
much for all the methods. However, if the nodes and links (Tables 8.3-8.4, 8.7-
8.8 and 8.11-8.12) are damaged together, the performance is degraded slightly
more. Even under this condition the results for the first two methods (based
on Hopfield type neural networks) are seen to be better compared to the third
one. For the third method which is based on a multi-layer network, the initial
assignment of target outputs (0 or 1) depends on their closest distance from
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Method 1

Table 8.2: Classification accuracy after link-damage

Input image Number of links damaged
with 0 2622 6554 13107
SNR (= 2%) | (~5)% | (~ 10%)
2.4 99.71 | 99.66 99.55 99.48
1.2 99.12 | 99.11 99.06 98.77
0.75 97.55 | 97.57 97.70 97.61

Method 1

Table 8.3: Classification accuracy after node and link damage (nodes and links
are treated as two separate components)

Input image Number of nodes+links damaged
with 0 32842622 | 819+6554 | 1638413107
SNR (~2%) (~5)% (~10%)
2.4 99.71 99.54 98.92 99.05 B
1.2 99.12 99.02 98.92 98.38
0.75 97.55 97.67 97.60 96.88
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Method 1

Table 8.4: Classification accuracy after node and link damage (nodes and links
are treated as a single component)

Input image | Number of (nodes+links) damaged
with 0 2952 7371 14742
SNR (~2%) | (=5)% | (=~ 10%)
2.4 99.71 | 99.69 99.43 99.04

1.2 99.12 [ 98.63 98.86 98.67
0.75 97.55 | 97.35 97.38 96.95
Method 2

Table 8.5: Classification accuracy after node-damage

Input image Number of nodes damaged
with 0 328 819 1638
SNR (~2%) | (~5)% | (=~ 10%)
2.4 99.38 | 99.26 98.93 98.49

1.2 98.80 | 98.57 98.40 97.97
0.75 98.03 | 97.95 97.85 97.28

Method 2

Table 8.6: Classification accuracy after link-damage

Input image Number of links damaged
with 0 2622 6554 13107
SNR (=~ 2%) | (=5)% | (~ 10%)
2.4 99.38 | 99.22 | 98.93 | 98.55

1.2 98.80 | 98.75 | 98.62 | 98.30
0.75 98.03 | 97.90 | 97.71 | 97.72
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Method 2

Table 8.7: Classification accuracy after node and link damage (nodes and links

are treated as two separate components)

Input image Number of nodes+links damaged
with 0 32842622 | 81946554 | 1638+13107
SNR (=~ 2%) (~5)% (=2 10%)
2.4 99.38 98.97 98.50 97.97
1.2 98.80 98.68 98.59 97.75
0.75 98.03 97.72 97.53 97.30
Method 2

Table 8.8: Classification accuracy after node and link damage (nodes and links

are treated as a single component)

Input image | Number of (nodes+links) damaged
with 0 2952 7371 14742
SNR (~=2%) | (~5)% | (= 10%)

2.4 99.38 | 99.05 98.46 97.95
1.2 98.80 | 98.63 98.36 97.97
0.75 98.03 | 97.64 97.02 96.60
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Method 3

Table 8.9: Classification accuracy after node-damage

Input image Number of nodes damaged
with 0 656 1638 3276
SNR (=2%) | (= 5)% | (=~ 10%)

2.4 99.58 | 99.58 99.57 99.42

1.2 98.90 | 98.90 98.88 98.74

0.75 97.17 | 97.18 97.37 97.24
Method 3

Table 8.10: Classification accuracy after link-damage

Input image Number of links damaged
with 0 5898 14746 29491
SNR (~2%) | (~5)% | (~10%)

2.4 99.58 | 99.58 99.58 99.51

1.2 98.90 | 98.90 98.89 98.90

0.75 97.17 | 97.18 97.23 97.24
Method 3

Table 8.11: Classification accuracy after node and link damage (nodes and links

are treated as two separate components)

Input image Number of nodes+links damaged
with 0 65645898 | 1638414746 | 3276429491
SNR (== 2%) (~5)% (=~ 10%)
2.4 99.58 99.57 99.51 97.88
1.2 98.90 98.89 98.82 97.05
0.75 97.17 97.20 97.08 95.17
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Method 3

Table 8.12: Classification accuracy after node and link damage (nodes and links

are treated as a single component)

Input image | Number of (nodes+links) damaged
with 0 6554 16384 32767
SNR - (~2%) | (= 5)% | (=~ 10%)

2.4 99.58 99.58 99.51 98.38
1.2 98.90 | 98.89 98.90 97.69
0.75 97.17 | 97.18 97.08 95.17

the output status. This may result in initial mis-labeling of some of the pixels.
Normally this initial mis-labeling gets corrected by incorporating information
from the neighboring nodes while updating the weights of the links. But when a
large number of nodes and links is damaged some of the initial mis-labeling fail
to be corrected; thereby deteriorating the performance. Since the classification
accuracy is not hampered much even when a large number of nodes and/or

links are damaged, the systems can be said to be rugged to a great extent.

The objects extracted by different methods (with approximately 5% damaging
of nodes/links) for a corrupted version (SNR=1.2 shown in Figure 6.4(a)) of
the synthetic image are shown in Figures 8.1-8.3. The results obtained without
damaging the links/nodes (e.g., Figures 6.9(c), 6.4(c) and 7.4(c), respectively)
are also included here for the convenience of comparison. From the figures one
can visualize that the 5% damage does not make it difficult to recognize the

objects extracted from noisy environments.

The experiment has also been done on the image of a Noisy tank [Figure 4.4(a)).
For this image there is no known target output (i.e., the exact shape of the
object is not known). So, the percentage of correct classification can not be
computed here. For visual inspection the outputs for these methods (with

approximately 5% damage) are depicted in Figures 8.4-8.6.
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(a)

(b) (c)

(d) (e)

Figure 8.1: Extracted objects by Method 1 : a) without damaging, b) damaging
nodes only, c) damaging links only, d) damaging nodes and links (treating them
as two separate components), €) damaging nodes and links (treating them as a

single component)
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(d) (e)

Figure 8.2: Extracted objects by Method 2 : a) without damaging, b) damaging
nodes only, c) damaging links only, d) damaging nodes and links (treating them

as two separate components), e) damaging nodes and links (treating them as a

single component)



(b)

(d) (e)

Figure 8.3: Extracted objects by Method 3 : a) without damaging, b) damaging
nodes only, ¢) damaging links only, d) damaging nodes and links (treating them
as two separate components), ¢) damaging nodes and links (treating them as a

single component)
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(d) (e)

Figure 8.4: Extracted Noisy tank image by Method 1 : a) without damag-
ing, b) damaging nodes only, ) damaging links only, d) damaging nodes and
links (treating them as two separate components), ) damaging nodes and links

(treating them as a single component)
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)

(b)

(d)

Figure 8.5: Extracted Noisy tank image by Method 2 : a) without damag-

ing, b) damaging nodes only, c) damaging links only, d) damaging nodes and

links (treating them as two separate components), ¢) damaging nodes and links

(treating them as a single component)
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(b) ()

(d)

Figure 8.6: Extracted Noisy tank image by Method 3 : a) without damag-

ing, b) damaging nodes only, ¢) damaging links only, d) damaging nodes and

links (treating them as two scparate components), ¢) damaging nodes and links

(treating them as a single component)

220



‘

(b)

s |[=]

(d)
Figure 8.7: Extracted Noisy tank image by Method 4 : a) without damag-
ing, b) damaging nodes only, c) damaging links only, d) damaging nodes and

links (treating them as two separate components), ¢) damaging nodes and links

(treating them as a single component)
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It may be mentioned that the methodologies developed in Chapter 4 are com-
paratively less noise immune. One of the methods (Algorithm 2, pp. 114) has
been implemented here on the Noisy tank image with approximately 5% dam-
age, as an illustration. (We will refer this as Method 4.) The results are shown-
in Figure 8.7. From the results we notice that the deterioration in the quality

of the output is not much.

8.5 Conclusions and discussion

Robustness with respect to component failure (i.e., ruggedness) is one of the
most important characteristics of neural network based systems. We have in-
vestigated here the rob of four different object extraction algorithms
developed in Chapters 4-7. Since no method has been suggested to date de-
scribing a way of studying this characteristics, we have formulated, first of all,

a general theory where the damaging process has been viewed as a pure death
process and is modeled as Poisson process.

Robustness of these neural network based segmentation algorithms has been
evaluated under different amount of noise and damaging. The performance is
seen to be satisfactory even when a high percentage of nodes/links is damaged.
This, in turn, establishes the robustness of the proposed neural network based
object extraction algorithms under component failure. Among all the methods
considered, Methods 1 and 2 are seen to be more robust. It may be noted that
the noise immunity of the algorithms has already been addressed in Chapters
4-7.
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Chapter 9

Conclusions and further scope

of work



9.1 Conclusions

We have presented in this thesis some results of investigations, both theoretical
and experimental, which demonstrate the effectiveness of some of the concepts
of fuzzy set theory and artificial neural network models in formulating vari-
ous image segmentation/object extraction methodologies for image analysis.
Initially, a set of fuzzy set theoretic thresholding and pixel classification tech-
niques using some new measures on image correlation and fuzzy geometrical
properties of images has been described for providing both fuzzy and nonfuzzy
segmentation. Then some neural network based methods for extracting objects
from noisy environments are presented using self-organizing feature map, auto-
associative memory model and a multi-layer neural network. An attempt has
also been made in this context to integrate the concepts of fuzzy sets and a
neural network model by incorporating various fuzziness measures in a multi-
layer network. Ruggedness of these systems under component failure is studied
with the help of a stochastic model. The performance of the proposed methods
has been compared with that of several related techniques when a set of images
with widely different types of histograms is considered as input.

The fuzzy set theoretic tools developed are as follows. A concept of image cor-
relation between two fuzzy properties of an image has been introduced based on
the definition of correlation between two membership functions [120]. Two new
measures called transitional correlation and within-class correlation are then
defined which involve information on co-occurrence of pixels. These measures
reflect grayness ambiguity in an image. Some new fuzzy geometrical proper-
ties namely, length, breadth, index of area coverage (IOAC), major axis, minor
axis, center of gravity and density have been introduced to model spatial (geo-
metrical) ambiguities in an image. Modified versions of adjacency and degree of
adjacency between regions (introduced by Rosenfeld [102]) have been defined.

Various algorithms have been formulated based on some of these new proper-
ties/measures for providing both fuzzy (representing the degree of belonging
of a pixel to a region) and nonfuzzy segmented outputs through gray level
thresholding and pixel classification. (Fuzzy segmentation enables to avoid
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committing oneself to a specific hard thresholding for ill-defined regions.) Gray
level or histogram thresholding algorithms involve maximization of the corre-
lation measures and minimization of the geometrical properties namely, JOAC
and degree of adjacency. Adjacency measure is considered for pixel classifi-
cation. These algorithms are seen to be flexible with respect to the selection
of membership functions. The nonfuzzy thresholds provided by the proposed
measures are seen to be comparable to those obtained by the index of fuzzi-
ness minimization [115] and some of the recently developed algorithms [62, 64]
based on the co-occurrence of pixels. Algorithms involving information from
the quadrants C, and Cy of the co-occurrence matrix (Figure 2.1, pp. 56) of.an
image are more efficient as compared to those based on C; and Cj3 in extracting
object regions. This corroborate the earlier findings in [62, 64]. The measure
IOAC is seen to provide better results for noncompact objects as compared to

the compactness measure [102].

It has been proved that the criterion of mazimizing correlation is able to detect
the valleys in a histogram. A relation between the fuzzy correlation and the
quadratic index of fuzziness has been theoretically established and experimen-
tally verified. Efficient techniques for computing some of the fuzzy geometrical
properties are also suggested.

Different types of neural network models have been designed in order to de-
velop methodologies for object extraction or object background classification
from noisy scenes. In one of the algorithms the object extraction problem has
been viewed as a self-organizing task and is solved by a modified version of
Kohonen’s self-organizing feature map model. Here a single neuron is assigned
to each pixel. Unlike Kohonen’s model, the input given to different neurons are
different. The convergence of the algorithm is proved mathematically. Statis-
tical criteria such as square error minimization and correlation maximization

have been suggested for choosing the optimal output.

In another case, the task of image segmentation is viewed as an optimization
problem and solved by a Hopfield type network. An objective function (which
is similar to the expression of energy of a Hopfield type network) has been
formulated for object background separation in such a manner that in the stable
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state of the network neurons corresponding to homogeneous regions would be
in ON state. A modified version (topologically) of Hopfield’s model is then
proposed for this optimization task. Both the discrete and the continuous
dynamics have been studied. A polynomial over a fixed domain is used as
the input/output transfer function, instead of an asymptotic function. The
problem of assignment of weights is tackled using the concept of probability of

co-occurrence of pixels.

The problem of finding the maximum aposterior probability (MAP) estimate of
a scene from a noise corrupted realization (modeled by Gibbs Random Field)
is computationally exponential in nature [74). A modified version (both topo-
logically and neuron characteristic wise) of Hopfield’s model has been designed
for solving this problem. The energy function of the network is formulated in
such a way that its minimum value corresponds to the MAP estimate of the
scene. A possible hardware realization of the neurons is provided. The discrete
and the continuous dynamics, the input/output transfer function used are the
same as in the previous case. Mathematical proof for the convergence of the

algorithm is also given.

An attempt is then made to incorporate various fuzziness measures in a multi-
layer network for object extraction. Each neuron is connected to the corre-
sponding neuron in the previous layer and to its neighbors. Another structural
difference from the standard multi-layer perceptron is that there exists a feed-
back path from the output to the input layer. The status of the neurons in the
output layer is described as a fuzzy set. A fuzziness measure of this set is then
used as a measure of error of the system (amount of instability of the network).
Besides describing a method of integrating the concepts of fuzzy sets and neu-
ral networks, the work also demonstrates a way of using a multi-layer neural

network for performing (unsupervised) self-organizing task in image processing.

The outputs (object regions extracted from noisy images) obtained by the neu-
ral network based algorithms are found to be quite satisfactory and noise im-
mune. Methods based on Hopfield type model (Chapters 5 and 6) are seen to
be more efficient than those employing Kohonen’s feature mapping algorithm
(Chapter 4) and a self-organizing multi-layer network (Chapter 7). The sys-
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tem developed using the concept of feature mapping criterion converges faster
compared to others. Among the two systems developed using Hopfield type
networks, the second one (Chapter 6) which employs Gibbsian model for image
data produced better results. Again, the results obtained by the continuous
dynamics are found to be more noise immune than those by the discrete dy-
namics. The outputs produced by the multi-layer network based system are
comparable to those obtained by Hopfield type model, but better than those
obtained with the feature mapping criterion. The performance of all the neu-
ral network based systems is better than that by the probabilistic relaxation
technique [2, 68).

Finally, the ruggedness of these systems with respect to component failure
(damaging of nodes/links) has been evaluated. In this context, we formulated
a general theory applicable to any neural network based information processing
system. Here the damaging (or component failure) process has been viewed as
a pure death process and is modeled by Poisson process. In order to choose the
instants or moments of damaging, a statistical sampling technique is used. The
nodes/links to be damaged were determined randomly. The object extraction
systems based on Hopfield type network (described in Chapters 5 and 6) are
found to be more rugged than others when various noisy images are considered

as input.

9.2 Further scope of work

Applications of the fuzzy geometrical properties like, major and minor axes,
center of gravity and density have not been considered in the present inves-
tigation. Their definitions are introductory and may be further investigated.
The utility of some of the fuzzy geometrical properties and the fuzzy correla-
tion measure as objective functions of neural network based object extraction
algorithms needs to be investigated. Some of them may also be used as input
features while training an artificial neural network. As the fuzzy geometrical
properties are time consuming to compute; parallel implementation of fuzzy ge-
ometry based algorithms using neural network architectures should constitite
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another problem of study. Fuzzy segmentation algorithms described here are
basically based on gray level thresholding by selecting an optlmal membershlp
function. Procedures based on if-then rule using various image properties may
also be attempted in this context.

The algorithms using neural networks have been developed for two class seg-
mentation problem and use only one feature. An extension of them is necessary
to deal with more than one feature and more than two classes in order to make
them more general. These algorithms are seen to be suitable for extracting
compact regions. Proper modification is therefore necessary in selecting neigh-
borhoods depending on local information so that noncompact and thin regions
can be extracted. We have incorporated various fuzziness measures in a multi-
layer network to use it as an unsupervised system. The intermediate outputs
are fuzzy, but the final output is nonfuzzy. Incorporation of fuzzy hedges like
small, medium, high in the input layer, and fuzzy membership in the output
status has to be made for handling the uncertainty in the input data efficiently.
Incorporation of fuzzy set theoretic concepts in various stages of self-organizing
or auto-associative network based object extraction algorithms in order to han-
dle ill-defined input data more efficiently may be tried out. In the self-organized
feature mapping based object extraction algorithm the weights associated with
a neuron do not get affected by the status of the neighboring neurons, during
their updating. Information about the status of the neighboring neurons may
be used while updating the weights of a neuron to enhance the noise immunity
of the algorithm.

In general, the different neural network architectures and the algorithms de-
veloped in this thesis for object extraction problem, should be extended in
order to make them applicable to other image processing problems (like en-
hancement, edge detection, matching etc.). The robustness of the proposed
algorithms with respect to noise and component failure needs to be theoreti-
cally established. The proposed model for checking ruggedness of the neural
network based systems should be applied to other pattern recognition prob-
lems to increase its utility and to establish its generality. Application of the

proposed network models to color image processing may be also attempted.
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Development of methodologies based on genetic algorithms [279, 280] for de-
termining the global optimal set of parameters (weights and biases) for neural
network based systems should constitute another part of further investigation.
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Appendix A

Preliminaries of fuzzy set
theory and artificial neural

networks



A.1 Introduction

Here we present some basic concepts and tools of fuzzy set theory and artificial
neural network theory which are relevant (and not covered in Chapter 1) to the
new segmentation methodologies developed in Chapters 2-7. It has two parts.
The first part deals with some basic operations on fuzzy sets, including ‘S’ and
‘x> functions, various measures of fuzziness in a set. The second part presents
a brief review on the theory of neural networks including general description
of neural networks, learning paradigm and various models such as Hopfield’s
network, Kohonen’s network and the multi-layer perceptron.

A.2 Theory of fuzzy sets

As mentioned in section 1.3.2, a fuzzy subset A of the universe X is defined as

a collection of ordered pairs
A= {(pa(z),2), Vz € X} (A1)

where pa(z), (0 < pa(z) < 1) denotes the degree of belonging of the element
z to the fuzzy set A.

Because fuzzy sets are a generalization of the classical sets, the embedding of
conventional models into a larger setting endows fuzzy models with greater
flexibility to capture various aspects of incompleteness or imperfection (i.e., de-
ficiencies) in whatever information and data are available about real processes.
In other words, the membership functions possess elasticity; thus, the higher
the value of membership of an element to a set, the less the imprecisely defined
concept of the fuzzy set must be stretched to accommodate the element. Hard
membership functions, of course, are inelastic.
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A.2.1 S and 7 functions

The ‘S’ and ‘r’functions [89) are defined as

S(z;a,b,c) = 0 if z<a
= 2{(z—a)/(c—a)}® if a<z<b (A2)
= 1-2{(c—¢)/(c—a)}® if b<z<c :
1 if
where b = a_+c.
s = sc— -5 ifz <
w(z; b,¢c) S(z;¢—b,c— 5,¢) frz<ec (A3)

= 1—-S(z;c,c+4,c+b) ifz>c

In S(x;a,b,c), the parameter b is the crossover point, i.e., S(b;a,b,c) = 0.5. In
m(z;b,c) bis the bandwidth, i.e., the separation between the crossover points

of m function and c is the central point at which 7 = 1.

Equations (A.2) and (A.3) define the membership or compatibility. functions
corresponding to fuzzy sets z is large and z is ¢, respectively. These two
standard functions are found in many cases to be convenient to represent the
membership function of a fuzzy set in the real problems. The parameters a, b

and c are only to be adjusted to fit a specific function approximately.

A.2.2 A few basic operations on fuzzy sets

Let A and B be two fuzzy subsets of X. Some basic operations that can be
performed on A and B are as follows :
i: Aand B are said to be equal (i.c., A = B) iff ua(z) = pp(z), Vz € X.
ii : A is contained in B (i.e., A C B) iff pa(z) < pp(z), Vz € X.
iii : The union of A and B (i.e., AU B) is-characterized as
AU B = {(max[ua(z), us(2)), 2), V= € X}.
iv : The intersection of A and B (i.e., AN B) is characterized as
AN B = {(minlua(e), 15()), 2), Vo € X}.
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vi:

viii :

: A°, the complement of A is defined as

A = {([1 — pa(2)], =), Vz € X}.
Let A, be the a—cut of the fuzzy set A. Then A, is defined as
Ao = {2 pa(e) = a}.

ii : Let B be a positive number, the B-level set A? is defined as

AP = {([#a(@), z), V= € X}.
The operations concentration and dilation are defined as two special cases
for =2 and B =} as

con(A) = A?, and

dil(A) = A%, respectively.

The contrast intensification operation INT of a fuzzy set A is defined as

2uale)]? i 0 < pa(z) <05
1—2[1 — pa(z))® otherwise.

pinr(z) = {

: The sharpened version A* of a fuzzy set A is defined as

pas(z) 2 pa(z) if pa(z) = 05
< pa(z) if pa(z) < 0.5.

A.2.3 Measures of fuzziness

Let us now discuss some measures which give the degree of fuzziness in a fuzzy

set A. The degree of fuzziness expresses the average amount of ambiguity in

making a decision whether an element belongs to the fuzzy set (or possesses

the concept or property represented by the fuzzy set) or not. Such a measure

(I, say) should have the following properties.

i

i ¢

iii :

=

: I(A) = minimum iff pa(z) =0, or 1, Vz.
I(A) = mazimum iff pa(z)=0.5, Vz.
1(A) = I(A), where A* is a sharpened version of A.
I(A) = I(A%) where A° is the complement of A.
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Several authors [90, 97, 98, 99, 100, 101] have made attempts to define fuzziness
measures based on these properties. A few of them [90, 97, 99] relevant to the

present thesis are described here.

Indez of fuzziness : The index of fuzziness of a fuzzy set A having n supporting
points is defined as [90]

v(A) = d(A A) . (A.4)
where d(A, A) denotes the distance between fuzzy set A and its nearest ordinary
set A. An ordinary set A nearest to the fuzzy set A is defined as

0 if pa(z) <05
1 otherwise.

pa®) = { (A5)

The value of & depends on the type of distance measure used. For example,
k = 1 is used for generalized Hamming distance whereas, k = 0.5 for Eu-
clidean distance. The corresponding indices of fuzziness are called linear index
of fuzziness m(A) and quadratic index of fuzziness v,(A). Thus we have

v(A)

25 Ina(e) = a

2 S min {na(=), (1 — pa@)}]: (A6)
=1 .

Similarly, for Euclidean distance we have

va(A) = [ z {kalzd) = palen}). (A7)

Entropy : Entropy of a fuzzy set as defined by De Luca and Termini [99] is
given by

H(A) = nln(2 ES (ra(z:)) (A.8)

with
Su(pa(z:)) = —pa(@) In{pa(zd)} = {1 = pa(@)}In {l — pa(e)} . (A9)
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Another definition of entropy given by Pal and Pal [97] using exponential gain
function is

H(A) = 27—y 32 15 (ka @) ~ 1) (A.10)
with
Sn(pa(z:)) = palz:)et 4D 4 {1 — py(zi)perat. (A.11)

All the above measures lie in [0,1] and satisfy properties i through iv.

Note that, these measures first of all compute the fuzziness related to individual
support of the set and then make an average over all the supports to get a quan-
tification of the amount of ambiguity the set possesses. Such global measures of
uncertainty on a fuzzy set are not always sufficient. Often we are interested in
questions such as : if a team of, say, eleven players from a set of twenty players,
to what extent, on the average, might the team be called good? This raises two
important issues : namely, how to measure the degree to which a collection
of objects, as a whole, possesses the property of goodness and how to measure
the average amount of ambiguity related to such collections. Answers to these
issues have been proposed in [118] by defining rth order entropy H™(A),r > 1
of a fuzzy set A (using both logarithmic and exponential gain functions) which
provides a measure of the average amount of uncertainty (ambiguity) in making
a decision on any subset with r elements as regards its possession of the crisp-
ness property. Equations (A.8) through (A.11) correspond to a special case of
H7 for r = 1. :

As mentioned in section 1.3.2.A these measures may be used in representing
grayness ambiguity in an image, i.e., the indefiniteness in making a decision
whether an individual pixel is black or white, or a collection of pixels possesses
an image property or not. There is another kind of ambiguity in an image
called spatial or geometrical ambiguity (which refers to indefiniteness in the
shape and geometry of regions within the image). These can be represented by
fuzzy geometrical properties as described in Chapter 3.
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A.3 Theory of neural networks : s

The primary task of all neural systems is to control various biological functions.
A major part of it is connected with behavioral tasks, i.e., controlling the state
of the organism with respect to its environment. Human beings can do it almost
instantaneously and without much effort because of the remarkable processing
capabilities of the nervous system. For example, if we look at a scene or listen
to a music, we can easily (without conscious effort and time) recognize it. This
high performance rate must be derived, at least in part, from the large number
of neurons (~ 10'!) participating in the task and also from the huge connectivity
(thereby providing consensus) among them. The participating neurons operate
in parallel and try to pursue a large number of hypotheses simultaneously that
emulate the system to provide output almost in no time.

Artificial neural network (ANN) models [134]-[165] try to emulate the biological
neural network/nervous system with electronic circuitry. ANN models have
been studied for many years with the hope of achieving human like performance
(artificially), particularly in the field of image and pattern recognition. The
models are extreme simplifications of the actual human nervous system. The
computational elements (called neurons/nodes/processors) are analogous to the
fundamental constituents (called neurons) of the biological nervous system.
The biological neurons have a large number of connectivity to its neighbors via
synapses, whereas in the electronic model the connectivity is very low. Like
biological neurons the artificial neurons also get input from different sources,
combine them and provide a single output. The topological organization of

these neurons tries to emulate the organization of the human nervous system.

Figure A.l shows the structure of a biological neuron. Such a neuron gets
input via synaptic connections from a large number of its neighbors. The
accumulated input is then transformed to provide a single output which is
transmitted to other neurons through the axon. If the total input is greater
than some threshold (0, say), then the neuron transmits output to others and
is said to have fired. Total amount of output given by the neuron is measured
by its firing rate, i.e., the number of times the neuron fires per unit time.
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Figure A.l: Schematic representation of a biological neuron

A schematic representation of an electronic neuron is given in Figure A.2. The
neuron gets input through the resistors from other neighboring neurons. By
the operational amplifier the total input is then converted to a single output
(summing the inputs and then amplifying it) and passed on to other neurons.
So, as far as the primitive type of operations are concerned, an electronic neuron
emulates a biological neuron. The artificial neurons are then connected to
form a network structure which topologically as well as functionally tries to
emulate the human nervous system. The resistance value by which a neuron is
connected to another determines the connection strength (weight) or synaptic
strength between the neurons. The larger is the resistance, the smaller is the

connection strength and vice versa.

Figure A.2: Schematic representation of an electronic neuron
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A.3.1 General properties of neural networks

ANN models (normally referred as neural networks) attempt to capture the key

ingredients responsible for the remarkable capabilities of the human nervous

system. A wide variety of models has been proposed for various purposes; they

differ in structure and details, but share some common features. The common

features are :

Each node/neuron/processor is usually described by a single real variable
(called its state), representing its output.

The nodes are densely connected so that the state of one node affects the
potential (total input) of many other nodes according to the weight or
strength of the connection.

The new state of a node is a non-linear function of the potential created
by the firing activity of other neurons to it.

Input to the network is given by setting the states of a subset of the nodes

to specific values initially.

The processing takes place through the evolution of the states of all the
nodes of the network according to the dynamics of a specific network and

continues until it stabilizes.

The training (learning) of the net is a process whereby the values of the
connection strengths are modified in order to achieve the desired output.

Artificial neural network models are reputed to enjoy the following four major

advantages:

adaptivity- adjusting the connection strengths to new data/information,

speed- due to massively parallel architecture,
robustness- to missing, confusing, ill-defined/noisy data and failure of
components,
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o optimality- as regards error rates in performance.

Though there are some common features of the different proposed ANN models,
they differ in finer details and in the underlying philosophy. They are mainly
classified according to the learning strategies involved in them. Before describ-
ing the details of the different architectures, let us go through various learning
techniques.

A.3.2 Learning paradigm in neural networks

The learning situations in artificial neural networks can be broadly categorized

into following two distinct types :

i : associative learning;

i : regularity detector.

Associative Learning : In associative learning the system learns to produce a
particular pattern of activation on one set of units whenever another pattern

appears on another set of units. This further can be divided into

e autoassociator, and

o hetero/pattern associator.

In auto associator a set of patterns is repeatedly presented and the system is
supposed to store these patterns. Then, later, a part of one of the original
patterns or possibly a pattern similar to one of the original patterns is pre-
sented and the task is to retricve the original pattern through a kind of pattern
completion. This is an auto-associative process in which a pattern is associ-
ated with itself so that a degenerated version of the original pattern can act
as a retrieval cue. Essentially it acts as a content addressable memory (CAM).
Hopfield’s model of ANN [137, 139, 293] employs this type of learning.

In hetero/pattern associator a set of pairs of patterns is repeatedly presented

for training or learning of the network parameters. The system is to learn
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that when one member of the pair is presented, it produces the other. In this
paradigm one seeks a mechanism in which an essentially arbitrary set of input
patterns can be paired with an arbitrary set of output patterns. Therefore,
associative learning is supervised where a set of training samples (samples of
known classes/origin) is first of all used to learn the network parameters and
then based on this learning it provides output corresponding to some new input.
Multi-layer perceptron [134] is an example which exploits hetero-associative

learning.

Regularity detector : In this paradigm the system learns to respond to some
common features/properties present in the input patterns. In general, such a
scheme should be able to form the basis for the development of feature detectors
and should discover statistically salient features of the input population. Unlike
the other learning methods, there is no prior set of categories into which the
patterns are to be classified. Here, the system must develop its own featural
representation of the input stimuli which captures the most salient features of
the population of the input pattern. In this sense, this learning is unsupervised
because this does not use labeled samples for learning the network parameters.
It may be mentioned that this type of learning resembles the biological learning
to a great extent. Kohonen’s model of self-organized feature mapping [135, 136],
adaptive resonance theory of Carpenter and Grossberg [144] and neo-cognitron
of Fukushima [142] try to model the function of regularity detectors.

Though, there exist a large number of ANN models we shall be describing here
only three of them which are relevant to the new methodologies developed in
this thesis for image segmentation. They are Hopfield’s model of associative
memory, Kohonen’s model of self-organizing feature map and the multi-layer

perceptron.

A.3.3 Hopfield’s model

Hopfield [137, 138, 139] proposed a neural network model which functions as
an auto-associative memory. Before going into the details of the dynamics of

the network and how it acts as an associative memory, we shall specify how we
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can construct an associative memory (also refer [136, 146]).

Let there be given an associated pattern pair (z4, i) where z4 is an Ny dimen-
sional vector and y; is an N, dimensional column vector. The matrix

M =yl (A.12)

can serve as an associative memory where yz} is the direct product/dyadic
product between the two vectors. The retrieval of the pattern y; can be ob-
tained when the input zy is given, using

Mz, = yrzjz
= yx(zhax) (A.13)
— if ook = 1),

For illustration, let us consider the vectors zx and y; to be of 3-dimensional.

Then
YuTr YriThz  Yk1Tk3

¢
M = yrzi, = | yroTir  VkaTkr  YroTia

Yk3Tr1  Yk3Tk2  Yk3Tks

Retrieval is as follows

YKkl Yk1Tk2  Yr1Tk3 Tkl
Mz, = Yk2Tkl  Yk2Th2  Yk2Tk3 Tha
Yr3Tk1  Yk3Th2  Yr3Tk3 Tk3
Yk
- 2 -2 .2
= (h + 2k +2ks) | vae
Yk3
Yr1
- i (22 .2 22 =
= | Uk it (efy + i, + 2f) =

If the stimulus is not @ but is z}, a distorted form of xx, then the response is

Mgzj, = yeaial

= (alabe (1)

So, yi will be recovered in un-distorted form with amplitude (z}.2}).
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In case of a set of associated pairs, the associative memory is formed as
M ="y (A.15)
3
Recall of y,, on presentation of stimulus z,, is obtained as
M = (L ykei)om

(@t @m)ym + D (2h-Tm)yn (A.16)
KAm

= Ym
where (z4.2) = m, is the Kronecker delta. From equation (A.16) we notice,
a perfect recall is possible if the stored patterns constitute a set of orthogonal

basis vectors spanning the N; dimensional space. For such patterns (zf.z,,) = 0

when k # m and (2t,.2,) =

If the actual stimulus is a distorted version of the original stored pattern, that
is if we have a7, instead of @,, then the regenerated response will be a degraded

version of Y.

Hopfield’s model of ANN acts as an associative memory storing the patterns
in the above fashion. The model consists of completely connected network
(schematic representation is given in Figure A.3) of idealized neurons. Here the
cross products of the input patterns (vectors) are represented as the weights
linking two nodes (whereas in matrix associative memory it becomes the ele-
ments of the matrix). The details of the model will be given in the paragraphs
that follow. In the associative memory we can store and retrieve several pat-
terns. In case of a network or physical system, the stored patterns can be rep-
resented as locally stable states of the system. So any physical system whose
dynamics in the state space is dominated by a substantial number of locally
stable states can be regarded as an associative memory/content addressable
memory (CAM).

Consider a physical system described by a vector X. Let the system have
locally stable points Xa, Xy, - .., Xn. Then, if the system is started sufficiently
X.. We

can regard the information stored in the system as the vectors X, X, .

close to any point X,, say at X, + A, it will proceed in time until X
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Figure A.3: Hopfield’s neural network model

The starting point X = X, + A, represents a partial knowledge of the item
X,, and the system then generates the actual information X,. The dynamics
of such a network governing the states and the status updating rules can either

be discrete or continuous as described below.

Case 1 : Discrete model
In this model two state neurons are used. Each neuron 7, has two possible
states, characterized by the output V; of the neuron having values —1 or +1.
The input to a neuron comes from two sources, external input bias I; and inputs
from other neurons (to which it is connected). The total input to the ¢th neuron
is

U= WyV;+ L (A.17)

i

where W;; is the synaptic interconnection strength (weight) from neuron i to
e
Useful computations in this system involve change of state of the system with
time. The motion of the state of the neural network in state space describes
the computation that it performs. The present model describes it in terms of
a stochastic evolution. Each neuron samples its input at any random time. It
changes the value of its output or leaves it fixed according to a threshold rule

with a threshold 6;. The rule is

Vi — -1 if Ui<0;

. (A18)
— 1 if U; >0,
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The interrogation of each neuron is a stochastic process, taking place at a fixed
mean rate for each neuron. The times of interrogation of each neuron are
independent of that of others thereby making the algorithm asynchronous.

The objective function (called the energy of the network) representing the over-
all status of the network is taken as
E=—3 35 WiViV; = 3 LVi+ > 0:Vi. (A.19)
- g i i
For a particular set up (fixed I;, Wi;, 0;), the energy E is a function of the status
(V) of the nodes. The local minima of this function correspond to the stable
states of the network. In this respect, the energy function E is a Liapunov
function. A function (V) is said to be a Liapunov function in V' if it satisfies

the following properties :

There exists a § such that if O(V*=,8) be an open neighborhood of V* of radius

§, we have
i B(V)> E(V?), WV € O(V*,8), V # V-,
i : ‘%(v-) =0, and

%(V) <0, W €O(V",8), V # V"

If the state V; of the neuron i is changed to Vi+AV; by the thresholding function
(equation A.18), then the change AE in the energy £ (equation A.19) is

AE = —[SS WV + L — 0)AV;. (A:20)
7

Now if AV, is positive then from the thresholding rule we notice that the brack-
cted quantity in equation (A.20) is also positive, making AE negative. Simi-
larly, when AV, is negative, the bracketed quantity becomes negative resulting
again AE negative. Thus any change in £ under the previous thresholding rule
(equation A.18) is negative. Since E is bounded, the time evolution of the sys-
tem is a motion in the state space that secks out minima in £ and stops at such
points. Given any initial state, the system will automatically update its status

and will reach a stable state. The condition which guarantees convergence flow
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Wi; = Wy and Wi

i.e., the weight matrix is symmetric and zero diagonal.

The operation of the network is as follows. First give the exemplars for all
pattern classes. During this the weights between different pairs of neurons
get adjusted. Then an unknown pattern is imposed on the net at time zero.
Following this initialization, the net iterates in discrete time steps using equa-
tion (A.18). The network is considered to have converged when the outputs
no longer change on successive iterations. The pattern specified by the node
outputs after convergence is the actual output. The above procedure can be
written in algorithmic form as follows.

Step 1 : Assign connection weights as

M
Satel if i#j
0 i =g

Wi =

W, is the connection strength between node i and j. &7 is the ith compo-

nent of the sth pattern (assuming there are M N-dimensional patterns).

Step 2 : Present the next unknown pattern,
Vi(0) ==, 1<i<N.

Here Vi(t) is the output of node ¢ at time index t.

Step 3 : Iterate until convergence
N
Vit + ) =g 3 Wi vi(0).
J=1, j#i
The function g(.) is the thresholding function (equation A.18). At the

converged stage the node outputs give the exemplar pattern that best

matches the unknown pattern.

Step 4 : Repeat by going to Step 2.

Case 2 : Continuous model

This model is based on continuous variables and responses but retains all the
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significant behaviors of the discrete model. Let the output variable V; for the
ith neuron lie in the range [—1,+1], and be continuous and monotonically
increasing non linear function of the instantaneous input U; to it. The typical
input/output relation

Vi =g(U:) © o (A2l)
is usually sigmoidal with asymptotes —1 and +1. It is also necessary that the
inverse of g exists i.e., g~1(V;) is defined.

A typical choice of the function g is [Figure A.4]

1 .
9(x) = 21 =g=aym — - (A.22)

Figure A.4: Sigmoidal activation function

Here the parameter 0 controls the shifting of the function g along the  axis
and 0 determines the steepness (sharpness) of the function. Positive values of
0 shift g(z) towards positive z axis and vice versa. Lower values of 0 make the
function steeper while higher values make it less sharp. The value of g(z) lies

in [~1,1] with 0.0 at z = 0. Another commonly used form of the function g is

(A.23)

For the realization of the gain function g let us use a non-linear operational
amplifier with negligible response time. A possible electrical circuit for the
realization of a neuron is shown in Figure A.2. In the diagram Vi, Va,..., V.

represent the output voltage (status) of the amplifiers (neurons) to which the
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ith amplifier is connected. R;j(= 1/W;;) is the connecting resistance between
the ith and the jth amplifiers. I; is the input bias current for the ith.amplifier.
R is the input resistance of the amplifier and C the input capacitance of the

same.

Suppose U; is the total input voltage (potential at the point A, Figure A.2) to
the amplifier having a gain g. Then applying Kirchoff’s current law at A we

get
E V= Ui Ui, dU:
P e A
au; sV U u;
o, O = Xl thog
J'il VXJ 1[71 i L . A (/\.24)
= L=+ - = + =
2R R %=X &
- Swav- S
i=1 1

Here R; is the total input resistance of the amplifier. The output impedance of

the amplifier is considered to be negligible.

Now let us consider the quantity

ZZ AAEINTED W > / g7 (V)aV. (A.25)

Now,
aE g ondv
dt S0V dt
= 2 ZW‘,V, (“ (from equation A.25)
= dd[{ d‘t/ ((rom equation A.24)
= ~Z{Cm(vn BV} las, G = (07 () G from (4.20))

Since g is a monotonic increasing function and C is a positive constant, every
term in {.} of the above expression is non-negative, and hence, % < 0, and

dE _ avi i
G =0= G =0, Vi
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The function E is thus seen to be a Liapunov function. The function is also
bounded. As 4€ < 0, the searching in the direction of gradient will lead us to
a minimum value of E£. So the evolution of the system is a motion in the state
space that secks out minima in £ and stops at such points. Thus here also we
can infer that given any initial state, the system will automatically update its
status and will reach a stable state. The last term in equation (A.25) is the
entergy loss term of the system. For a high gain of g (the input output transfer
function, equation A.22), this term vanishes.

The network model with continuous dynamics is mainly used for optimization
of functions. For this, only thing one has to do is to establish a correspondence
between the energy function of a suitable network and the function to be op-
timized. In such an optimization task it is likely that one will be trapped in
some local optimum. To come out of that, simulated annealing [291] can be
used i.e., run the network once again by giving perturbation from that local
stable state. By repeatedly doing this one can, possibly, obtain the global op-
timum. Hopfield and Tank demonstrated an application of this model to solve
computationally hard optimization problems in [139], in particular they applied
it to solve the traveling salesman problem. Applications of this model in image

processing/pattern recognition problems can be found in [174, 196, 199, 207].

This network has two major drawbacks when used as a CAM. First, the number
of patterns that can be stored and accurately retrieved is severely limited. If
too many patterns are stored, the network may converge to a spurious pattern
different from the exemplar pattern. The number of patterns that can be stored

and retrieved perfectly is called the capacity of the network. The asymptotic
n

-, where n is the number of nodes. A
4logn

second limitation of this model is that an exemplar pattern will be unstable

capacity of such a network [294] is

(i.e., if it is applied at time zero it will converge to some other exemplar) if
it shares many bits in common with another exemplar pattern, i.e., the input
patterns are not orthogonal. This shows that the orthogonality assumption of
the storing patterns is a must (as in the matrix associative memory) for perfect

retrieval of the stored pattern.
An extension of this associative memory is made by Kosko [148, 149]. He
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introduced the concept of bi-directionality, forward and backward associative
search. It was shown that any real matrix representing the connection strength
or weights of a network can be considered as a bi-directional associative memory.
This overcomes the symmetricity (of the weight matrix) assumption of Hop-
field’s model. Kosko’s model is basically a two layered non-linear feed back dy-
namical system. In contrast to Hopfield’s model (which acts as auto-associator)
the present model acts as hetero associative CAM storing and recalling different
pat\tern vectors.

A.3.4 Kohonen’s model

Self-organization refers to the ability to find out the structure in the input data
even when there is no prior information available about the structure. For
example, if we look at a picture, we can very easily distinguish which portion
of it belongs to object and which portion to background. Though we did not
have any prior knowledge of the structure of the object, we can find it out
because of the self organizing ability of our nervous system. Kohonen’s self-
organizing network consists of a single layer of neurons as shown in Figure A.5.
The neurons, however, are highly interconnected within the layer as well as

with the outside world.

see Figure 4.1

Figure A.5: Kohonen’s model of neural network
Let the signal
U = {ur,uz,...,u} € R* (A.26)

be connected as input to all the processing units. Let the length of the input
vector be fixed (to some constant length) and the unit (processor/neuron)
have the weights (chosen as random numbers)

Wi = {wi, wia, -, win} (A.27)
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where, w;; is the weight of the 7th unit from jth component of the input. The
ith unit then forms the discriminant function

m= S wiguy = Wil (A.28)
i=1

where, 7; is the output of that unit. A discrimination mechanism will then
detect the maximum of 7;. Let
M = max{r;}. (A.29)
For the kth unit and all of its neighbors (within a specified radius of r, say)
the following adaptation rule
Wi(t) + a.0(t)
[|Wi(t) + .U @)

is applied. Here the variables have been labeled by a discrete time index .

Wi(t+1) = (A.30)

a (0 < a < 1) is a gain parameter that decreases with time and the denomi-
nator is the length of the weight vector (which is used only for normalization
of the weight vector). Note that the process does not change the length of Wi,
rather rotates Wy towards /. Note that the decrement of a with time guar-
antees the convergence of the adaptation of the weights when sufficient input
vectors are presented. This type of learning is known as competitive learning
(regularity detector/unsupervised learning/clustering). Here all the processors
try to match with the input signal, but the one which matches most (winner)
takes the benefit of updating the weights (sharing with its neighbors). The ba-
sic idea is winner takes all. In this context it may be mentioned that sometimes
the learning algorithm is modified in a way such that the nodes which had won
the competition for a large number of times (greater than some fixed positive

number) are not allowed to take part in the competition.
The concept can be written in algorithmic form as follows :

Step 1 : Initialize weights of the neurons to random values.
Step 2 : Present new input.
Step 3 : Compute match 7; between the input and each output node 7 using

cquation (A.28).
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Step 4 : Select node i* as the output node with maximum 7;.

Step 5 : Update weights to node i* and that of its neighbors using equation
(A.30).

Step 6 : Repeat by going to Step 2.

When sufficient number of inputs are presented, the weights will be stabilized
and clusters will be formed. The basic points to be noted here are :

i: Real valued inputs are presented.

ii : After enough input vectors have been presented, weights will specify clus-
ters.

iii : The weights will organize in such a fashion that the topologically close
nodes/neurons/processors will be sensitive to inputs that are close in the

feature space.
iv : The weight vectors are normalized to have constant length.

v : A set of neurons (may differ from cluster to cluster and from network to

network) is allocated for a cluster.

The algorithm for feature map formation requires a neighborhood to be defined

around the neurons. The size of the neighborhood normally decreases with time.

A.3.5 Multi-layer perceptron

In the last two sections we have described two ANN architectures which employ
auto-associative learning and regularity detector mechanisms for their opera-
tion. In the present section we shall be describing another ANN architecture

which employ hetero-associative learning and acts as a supervised classifier.

One of the most exciting developments during the early days of pattern recogni-
tion was the perceptron [133]. It may be defined as a network of elementary
processors arranged in a manner reminiscent of biological neural nets which
will be able to learn how to recognize and classify patterns in an autonomous

manner. In such a system the processors are simple linear elements arranged in

251



one layer. This classical (single layer) perceptron, given two classes of patterns,
attempts to find a linear decision boundary separating the two classes. If the
two sets of patterns are linearly separable, the perceptron algorithm is guar-
anteed to find a separating hyper-plane in a finite number of steps. However,
if the pattern space is not linearly separable, the perceptron fails and it is not
known when to terminate the algorithm in order to get a reasonably good de-
cision boundary. Keller and Hunt [231] attempted to provide a good stopping
criterion (may not estimate a good decision boundary) for linearly non sepa-
rable classes by incorporating the concept of fuzzy set theory into the learning
algorithm of the perceptron. Thus, a single layer perceptron is inadequate for
situations with multiple classes and non-linear separating boundaries. This mo-
tivated the invent of a multi-layer network with non-linear learning algorithms
known as the multi-layer perceptron (MLP) [134].

ouieut parieRn

fetay

Figure A.6: Schematic representation of the multi-layer perceptron

A schematic representation of the multi layer perceptron (MLP) is given in
Figure A.6. In general, such a network is made up of sets of nodes arranged
in layers. Nodes of two consecutive layers are connected by links or weights,
but there is no connection among the elements of the same layer. The layer
where the inputs are presented is known as input layer. Similarly, the layer
producing output is called output layer. The layers in between the input and
the output layers are known as hidden layers. The output of nodes in one layer
are transmitted to nodes in another layer via links/connections that amplify
or attenuate or inhibit such outputs through weighting factors. Except for the

input layer nodes, the total input to each node is the sum of wcightéd outputs
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of the nodes in the prior layer. Each node is activated in accordance with the
input to the node and the activation function of the node. The total input to

the ith unit of any layer is

= ZW,JV,. (A.31)
3

Here V; is the output of the jth unit of the previous layer and W;; is the
connection weight between the ith node of one layer and the jth node of the
previous layer. The output of a node i is Vi = g(U;), ¢ is the activation function.
Mostly the activation function is sigmoidal, with the form [Figure A.7)

1
9@) = T

(A.32)

Figure A.T: Activation function for the multi-layer perceptron

In the learning phase (training) of such a network we present a pattern X =
{x}, where z; is the kth component of the vector X, as input and ask the net
to adjust its set of weights in the connecting links and also the thresholds in
the nodes such that the desired outputs {#;} are obtained at the output nodes.
After this we present another pair of X and {fx}, and ask the net to learn
that association also. In fact, we desire the net to find a simple set of weights
and biases that will be able to discriminate among all the input/output pairs
presented to it. This process can pose a very strenuous learning task and is
not always readily accomplished. Here the desired output {¢;} basically acts
as a teacher which tries to minimize the error. In this context it should be
mentioned that such a procedure will always be successful if the pattern is
learnable by the M LP.
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In general, the outputs {V;} will not be the same as the target or desired values
{tx}. For a pattern vector, the error is
1
E= 53 3otk — Vi)? (A.33)
*
where the factor of one half is inserted for convenience of mathematical sim-
plification. The procedure for learning the correct set of weights is to vary the
weights in a manner calculated to reduce the error E as rapidly as possible.
This can be achieved by moving in the direction of negative gradient of E.
In other words the incremental change AW}; can be taken as proportional to

—% for a particular pattern, i.e., AW}, = —naf,vi. However, E, the error is
expressed in terms of the outputs {Vi}, each of which is a non-linear function
of the total input to the node. That is,

Vi = g(Uk) (A.31)
U

where Uy = ;wkjv,. Hence ax/v:j =V

N

o - 9E _ 9E oU, _ O

K= g, T a0, oWy, o0, (A.35)

778F6V = 02 iy, :
= Taviou. C T Mot R

Now if the kth element comes from the output layer then

oE

Sv7 = (6= Vi) [from cquation A.33],
k

and thus the change in weight is given by
AW, = n(te — Vi)g'(U)V;. (A.36)

If the weights do not affect the output nodes directly [for links between the

input and the hidden layer, and also between two consecutive hidden layers],

the factor 2Z can not be calculated directly. Tn this case we use the chain rule
to write
IE OF 0U,, 9E 9
—_— = . W, E (/Vm A.37
Vi 2= DU, OV Z 90, OV Z miVi = k- (A3T)
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Hence
—n(aﬁ\—f;)g’L(jUk)V;
*ﬂ(; gKZka)g'(Uk)Vj

for the output layer and other layers respectively.

AWy = (A.38)
i

It may be mentioned here that a large value of 7 corresponds to rapid learning
but might result in oscillation. A momentum term of aAWj;(t) can be added
to avoid this and thus expression (A.35) can be modified as

IE
AWii(t+1) = 777%9'(Uk)‘/;+01AWk;(l) (A39)

where the quantity (t-+1) is used to indicate the (¢ 4 1)th time instant, and
a is a proportionality constant. The second term is used to ensure that the
change in Wi, at (¢ + 1)th instant should be somewhat similar to the change
undertaken at instant ¢.

During training, each pattern of the training set is used in succession to clamp
the input and output layers of the network. Feature values of the input pat-
terns are clamped to the input nodes whereas the output nodes are clamped
to class labels. The input is then passed on to the output layer via the hidden
layers to produce output. Error is then calculated using equation (A.33) and
is back propagated to modify the weights. A sequence of forward and back-
ward passes is made for each input pattern. A set of training samples is used
several times for the stabilization (minimum error) of the network. After the
network has been settled down the weights specify the boundaries of the classes.
The learning of this type of network is therefore supervised. Since the error is
back propagated for learning the parameters (weight correction) the process is
also called back propagation learning. Next phase is testing/recognition. Here
we give an unknown input and the neuron with maximum output value will

indicate the class to which it belongs.

The problem with this type of network is that it may get stuck to local optima
and the training process is very slow. A solution to overcome the first problem
is recently suggested in [295] and a new fast learning algorithm described in
[296). Applications of this model can be found in [166, 167, 176, 183, 184, 185]
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It may be mentioned here that at present researchers are trying to fuse the
concepts of fuzzy set theory and artificial neural network technologies in order
to exploit their merits for designing more efficient systems. A discussion on it

is given in Chapter 1 (section 1.4, pp. 31).
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