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Chapter 1

Introduction

The technique of extracting information from an iinage is referred as imnage analysis. Generally,
the first step of image analysis is to segment the image into its constituent parts or objects.
Autonomous segmentation is one of the most difficult tasks in image processing. Fu and Mui
{7] categorized segmentation techniques into three classes. (1) feature based clustering, (2) edge
detection and (3) region extraction. Segmentation is a process of partitioning the image into
some non intersecting regions such that each region is nearly homogeneous. Formally it can be
defined [8] as follows : if F is the set of all pixels and p( ) is the uniformity (homogeneity)
predicate defined on groups of connected pixels, then the segmentation is a partitioning of the
set of connected subsets or regions (s, - - - 3,) such that

U?:lsi —_— F

with
3iﬂ8j=¢', 1‘7&.7

The uniformity predicate p(s;) = true for all regions s; and p(si N 3;) is false, when s; is
adjacent to s;. A large number of segmentation techniques are present in the literature, but
there is no single method which can be considered good for all images, also all methods are
not equally good for a particular type of image. There are many challenging issues like, the
development of a unified approach to image segmentation which can (probably) be applied to all
kinds of images. Till now, there is no universally accepted method of quantification of segmented
output. Authentication of edges is also a very important task. Different edge operators like
Sobel, Prewitt, Mar-Hildreth, etc. compute a nunerical value using its edge operator(s) at every
pixel location to indicate whether an edge is present or not at that location. Here this numerical
value may be termed as a measure of edginess at that pixel location. However, all of them are
not valid candidates for edges. Normally a threshold needs to be applied on the edginess to get
the edge pixels. The selection of a suitable threshold is very important and a difficult task. It
is crucial because for some part of the image, low intensity variation may correspond to edges
of interest, while the other part may require the high intensity variation. Adaptive thresholding
9](10] [11] often is taken as a solution of this. Obviously it cannot elimninate the problem of
threshold selection. A good strategy to produce meaningful segments would be to fuse region
segmentation results and edge outputs.

One may attempt to extract the segments in a variety of ways. Broadly, there are two
approaches namely, classical approach and fuzzy mathematical approach. Under the classical
approach we have segmentation techniques based on histogram thresholding, edge detection,
relaxation, and semantic and syntactic approaches. In addition to these there are some methods



which do not fall clearly in any one of the above classes. Similarly, the fuzzy mathematical
approach also has methods based on edge detection, thresholding, and relaxation. Some of these
methods, particularly the histogram based methods are not all suitable for noisy iinages. Several
attemnpts have also been made to develop image processing algorithm using Artificial Neural
Network (ANN) models, particularly Hopfiled and Kohonen Neural Network models. These
algorithms work well even in a highly noisy environment and they are capable of producing
outputs in real time applications. Since the proposed methods are neural net based we provide
a brief summary of some NN based segmentation techniques.

1.1 Neural network based approaches

In an artificial vision system, one desires to achieve robustness of the system with respect to
random noise and failure of processors. Moreover, a system can probably be made artificially
intelligent if it is able to emulate some aspect of human information processing system. Another
requirement is to produce outputs for real time applications. Neural network based approaches
are attempts to achieve these goals. Blanz and Gish [12] use a three-layer feed forward neural
network for image segmentation, where the number of nodes in the input layer depends on the
number of input features and number of nodes in the output layer is equal to the number of classes.
Babaguchi et al. {13] used a multilayer network trained with back propagation for thresholding
an image. The input of the network is the histogram of an image and the output of the network
i8 the desirable threshold. At the time of learning, this method needs a large set of sample images
with known thresholds which produce visually suitable outputs. But for practical applications it
is very difficult to get many sample images. Shah [14] formulated the problem of edge detection
in the context of edge minimizing model. The method is capable of eliminating weak boundaries
and small regions. Cortes and Hertz [15] proposed a neural network based model to identify
potential edges in different orientation. The performance of the system has been investigated
through simulation studies using simulated annealing and mean field annealing. Srinivasan et
al. [3] proposed a two stage encoder-detector network model for edge detection. The single layer
encoder stage, trained in a competitive mode, compresses data from an input receptive field and
drives a back-propagation-trained detector network whose two outputs represent components of
an edge vector. In case of step edges of a noisy image, the experimental results show that the
performance of the neural edge detector is comparable to that of the Canny [1] edge detector.

1.1.1 Proposed Work

In this thesis we report two connectionist schemes for two different types of problems in image
segmentation. The first scheme deals with edge detection. There are many methods of edge de-
tection. Here we have chosen two widely used edge detection operators namely Canny’s operator
and Mar-Hildreth’s operator. Neural networks are well known for their property of universal

approximation of arbitrary nonlinear functions and subsequent generalization. These properties
of a neural network has been adequately exploited in this schemne.

The next scheme deals with segmentation of “homogenious” textured regions. Texture clas-

sification has also been attempted in numerous ways. Gabor filters are known to detect features
appropriate for the texture classification. Texture classification with the use of Gabor filters has

been reported to be successful in the literature [6])[5]. But a crucial problem with these methods
involving Gabor filters lies in the gelection of the filters. We have tried to address this problemn
to a certain extent. In our scheme, a feedforward architecture extracts the features in the image
using Gabor filters and classifies the image. Moreover, it learns the optimal parameters of the



filters. Our study involving this scheme is not yet complete. |

The thesis is organized as following. Chapter 2 deals with a brief introduction to neural
networks, the detailed learning methods for a feedforward type of network is also discussed there.
Chapter 3 deals with our edge detection schemes. It contains description of some important edge
detection schemes along with the details of our scheme and the simulation results. In Chapter 4

we discuss the methodology and results of our of texture segmentation scheme. Finally the thesis
18 concluded in Chapter 5.



This chapter gives a brief introduction to neural networks in general and the training scheme of
a multilayered perceptron in particular.

2.1 Neural Networks

The concept of artificial neural networks (NN) has been inspired by biological neural networks,
but the heart of this emerging technology is rooted in different disciplines. Biological neurons are
believed to be the structural constituents of the brain and they are much slower than silicon logic
gates. But inferencing in biological NN is faster than the fastest computer available today. Brain
compensates for the relatively slower operation by a really large number of neurons with massive
interconnections between them. Biological Neural Networks enjoy the following characteristics:

e It is a nonlinear device highly parallel, robust and fault tolerant.

e It has a built-in capability to adapt its synaptic weights to changes in the surrounding
environment.

* It can handle easily imprecise, fuzzy, noisy and probabilistic information.

o It can generalize from known tasks or examples to unknown ones.

teristics {16], [17], [18]. This NN paradigm is different from programmed instruction sequence.
Here information is stored in the synaptic connections. A neuron is an elementary processor with
primitive types of operations, like summing the weighted inputs coming to it and then amplifying
or thresholding the sum. The computational neuron model proposed by Mc<Culloch-Pitts is a
simple binary threshold unit. The § th neuron computes the weighted sum of all its inputs from

other units and outputs a binary value, zero or one, depending on whether this weighted sum is
greater than equal or less than a threshold 6;.

Thus y;
where f(z)

f(22; wij z; — 6;)
I if 22>0
0 otherwise.

|

If the synaptic weight wi; > 0, then it is called an excitatory connection; if wi; < 0, it is viewed
as an mhibitory connection. A simple generalization of Mc-Culloch-Pitts neuron by replacing the
threshold function f with a more general non-linear function enhances the power of the networks



built from such neurons. Even a synchronous assembly of McCulloch-Pitts neurons is capable,
in principle, of universal computation for suitably chosen weights [16]. Such an assembly can
perform any computation that an ordinary digital computer can. Neural networks are naturally
parallel computing devices. Although the development of neural networks is inspired by models
of brains, the purpose is not just to mimic biological neuton, but to use principles from nervous
systems to solve complex problem in an efficient manner.

A neural network is characterized by the network topology, connection strength between
pairs of neurons (weights), node characteristics and the status updating rules. The updating or
learning rules may be for weights and/or states of the processing elements (neurons). Normally
an objective function is defined which represents the complete status of the network, and its set
of minima corresponds to different stable states of the network. The adaptability of a neural
network comes from its capability of learning from "environments”.

2.2 Training a Multilayered Perceptron
The Multilayered Perceptron (MLP), is the most popular of the feedforward type neural networks.

Both of our schemes use this type of architecture. Hence for the sake of completeness we describe
the structure and the training equations of an MLP here.

Figure 2.1: A Conventional MLP

ol lefe

Figure 2.1. shows a conventional MLP network. The first layer is the input layer and the last
layer is output layer. All the remaining layers are the hidden layers. Each node in a hidden layer
is connected to all the nodes of its immediately following and preceding layers via weights. At

each node, all incoming signals are surmmed and transformed by a non-linear activation function
to give the output of the node.

We use the following symbols,

e z; : i® component of an Input vector x in the training set.

® y;: ih

component of the target vector y in the training set.
e f : activation function.
¢ 1 : No. of hidden layers.
o of : Output of the i node in k*» hidden layer; 0] = z; and o t! = ;.
{¥ : Derivative of the activation function of i*» node in the k* hidden layer.

- wfj- : Weight connecting the 5*® node in the k** hidden layer to i** node in the k + 1
hidden layer.



e ¢z : Error rate corresponding to the pair (x,y).

e 7 : learning rate or step size.

The back propagation algorithm comprises a forward and a backward pass, the latter being
the weight adjustment pass. The forward
pass is given by,

S f()_'_:j 0; " {;) when, k=1,.,n+1 (2.1)
' z; when, k=0. |

In the backward pass, weights are adapted with a view to minimizing ¥ €; over the entire
data set S, using gradient decent on each ¢, in the training set where,

€= (yi — 1::;}1“"‘)2 (2.2)
;

Following gradient decent technique we obtain the expression for the incremental changes as

Atﬂf’ == q6k+l

where, . |

6# _ f ZJ (6k+1 ;i) when k ?(__ n+1 (2.3)
i - (ﬂ: - 0}'“) fl¥, when k=n+1.

The incremental changes Aw?; ; may be summed up over the entire data sat S and w ;8 updating
by the resulting sums or the updates may be done separately for each pat.tern in S. The formner
method i8 called the batch method while the latter is called the on-line method of training .
One update cycle using the entire data set is known as epoch. The training is continued for
several epochs, and it is stopped when the connection weights stabilize or decrease in the error
is insignificant.



Chapter 3

Edge Detection by Neural Network

As stated earlier, it has been proved that neural networks can act as universal approximators for
a large class of non-linear fuctions [17]. Hence it is justified that neural networks can be used
to learn the complex functional relationship between an image F an its edge image I. In this

chapter we first give an overview of some of the well known edge detection techniques, then we
describe our methodology along with some simulation results.

3.1 Edge Detection

Edge detection is the most common approach for detecting meaningful discontinuities in a gray
level image. An edge is the boundary between two regions with relatively distinct gray level prop-
erties. In edge detection problem, we generally assume the region in question to be homogeneous
8o that transition between two regions can be determined on the basis of gray-level discontinuities
alone. Basically, the idea underlying most edge detection techniques is the computation of a local
derivative operator. The magnitude of the first derivative can be used to detect the presence of

an edge in an image, and the sign of the second derivative can be used to determine whether an’
edge pixel lies on the dark or the light side of an image.

3.1.1 Gradient Operators

The gradient operator of an image f(z,y) at location (z, v) i8 the vector

Vf = [%] (3.1)

It 18 well known that the gradient vector points in the direction of maximwn rate of change of

f at (z,y). In edge detection the magnitude of Vf is an important quantity and is denoted by
mag(V f)

] "2 (3.2)

mag (Vf) = |G + G2
where G; = g-}: and Gy = %. This quantity equals the maximum rate in increase of f(z,y)

per unit distance in the direction of V f. Common practice is to approximate the gradient with
absolute values :

Vi &Gzl + |Gy, (3.3)



which is much simpler to implement, particularily with dedicated hardware. The direction of the

gradient vector also is an inmportant quantity. Let a(z,y) represent the direction angle of the
vector Vf at (z,y). Then,
Gy

a(z,y) = tan~! (Zi;)' (3.4)

The gradient image is obtained by the computatining mag(V f) at every pixel location. The
places of gray level discontinuity may be detected from the gradient image. The gradients are
sensitive to noise present in the image. Usually computation of the gradient can be done by some
discrete approximation of the derivatives. Many such approximation are available in literature,
egg the Sobel, Robert, Prewitt etc. As a representative we describe Sobel operator.

The Sobel operator is a type of gradient operator which has the advantage of providing both
a differencing and smoothing effect. The smoothing effect is particularly an attractive feature of
the sobel operator, as differencing enhances noise. Figure 3.1(a) shows a typical 3 x 3 window in

an image. Considering the window in Figure 3.1(a), the derivatives based on the Sobel operator
are

Gy = (274223 +29) — (21 + 222 + 23) (3.5) I
and
Gy = (z3+ 226+ 29) — (21 + 224 + 27). (3.6)
Z1 | 22 | 23
24 | %5 | 2e
A ‘ <8 | 29

Figure 3.1 (a) : 3 x 3 regions

To calculate the gradient of the image by the above equations the gray level values in a 3 x 3
window ( a8 in Figure 3.1(a)) are overlapped with the masks shown in Figure 3.1(b) and 3.1(c).

Computation of the gradient at the location of the center of the masks is then done by Eqgs. (3.5)
or (3.6). To get the next value, the masks are moved to the next pixel location and the procedure
i8 repeated. Thus, after the procedure has been completed for all posible locations, the result ia
a gradient image of the same size as the original image. As usual mask operations on the border
of an image are implemented by using the appropriate partial neighborhoods.

-1]-2]-1
o[ofo
1[2[1]

Figure 3.1 (b) : mask used to compute G; at center point of the 3 x 3 region

1]0]1
202
101

Table 3.1 (c) : mask used to compute Gy at that point

The other gradient operators use the same philosophy but different approximation schemes.
Although Sobel operator has some smoothing effect, it is still sensitive to noise. To get better
noise immunity several other approaches have been designed. We next discuss two such methods.

8



3.1.2 Laplacian of a Gaussian Method - Marr - Hildreth Approach
The laplacian of a 2-D function f(z,y) is defined by its second-order derivative as

sz = g—%+gz-—§£ (3.7)

Equation (3.7) may be implemented in digital form in various ways.For a 3 % 3 region, the most
frequently encountered implementation is

Vif = 4dz5— (z9+ 24 + 26 + 23) (3.8)

where the z’s are been defined in Fig (3.1(a)). The basic requirement in defining the digital
Laplacian is that the coefficient associated with the center pixe] be positive and the coeflicients
with the outer pixels can be negative . Because the Laplacian is a derivative , the sum of the

coefficients has to be zero. Hence the response is zero, whenever the point in guestion and its
neighbors have the same value. |

0{1-110
-114}-1
0(]-1)] 4

Figure 3.2 Mask used to compute the Laplacian.

Figure (3.2) shows a spatial mask that can be used to implement Eq(3.8). Although, as
indicated earlier, the Laplacian responds to transitions in intensity, it is seldom used in practice
for edge detection for several reasons. As a second order derivative, the Laplacian typically is
unacceptably sensitive to noise. Moreover, the Laplacian produces double edges and is unable
to detect edge direction. For these reasons, the Laplacian usually plays the secondary role of
detector for establishing whether a pixel is on the dark or light side of an edge. A better use of
the Laplacian i8 in finding the location of an edge using its zero crossing proeperty.To reduce noise
sensitivity, the image usually smoothed by a Gaussian filter and Then the zero crosging of the

Laplacian i8s used as an edge point. More specifically we convolve an image with the Laplacian
of a 2-D Gaussian function of the form '

hMz,y) = e (fgﬁ)

where o is the standard deviation(Marr and Hildreth [1980]). Let r? = 22 + ¢2. Then, from Eq
(3.7) the Laplacian of h (that is second derivative of h with respect to r) is

(3.9)

2 /’

— g o3
V2h = (" 04" )e-m (3.10)

The zero crossing of (3.10) are detected as edges of the irnage. The amount of smoothing depends
on o and hence the quantity of edges obtatined seriously depends on o.

3.1.3 Canny’s Method - A Summary of Some Inportant Feature

This method also consists of two steps : a smoothing of the gray label image and a pmoedﬁre
for detecting the maximum gradient in the smoothed image. The optimal smoothing operator
has been discussed in the literature for some time, for example, Marr-Hildreth(1980) and Canny



(1983). Both authors came to the conclusion that the Gaussian average operator is near optimal.
Canny used a derivation of optimality which is linked with the concept of an edge. The search

of the maximum gradient is done differently in Canny(1983) and Marr-Hildreth{7]. Canny used
the derivative in the gradient direction whereas Marr used the zero crossings of a 2nd derivative

(Laplace). Canny proved that his procedure is more efficient with respect to localization. Marr
also dicussed the possibility of using the derivative in the gradient direction but used Laplacian
-operator to simplfy the algorithm. Canny’s operator tends to "push away” noise (insignificant
edges) around a strong edge. Canny's edge dector in-general consists of two steps namely :
smoothing and finding the maxima of the first derivative

Let the smoothed image be denoted by g(z,y) :

9(z,v) = 3 D fla+iy+i)hiij),

t=-nj=-n

where f(z,y) is the original image and h(%, j)’s are weights.The h(%, §) has the same form of (3.9)
with (x,y) replaced by (i, 5)

The strength of the smoothing filter is apparently determined by the o parameter - the bigger
¢ the more smothing.For the 2nd step, edge detection, we need the first derivatives in the X and

Y -directions. Instead of using the differences g(z + 1,y) — g(z,y) and g(z,y + 1) — g(z,y) one
can use

" n '
gz = Z Z flz + 4,y + 5)he (3, )

t=—nj=—n

and

gy = ) D flz+i,y+5)hy(i,j)

i=—nj=-n

where h, is the derivative of h(xz,y) with respect to z and hy i8 the derivative of h(z, y) with
respect to y. The size of the filter should be linked with the strength of the filter (= o). For
higher o we get higher values farther away from the local origin (i, j) = (0, 0). Therefore, we

need some rule for cutting off the series of coefficients coming from h, and hy. We have chosen
the following rule:

n = the size of the filter ((2n+1) x(2n+1) matrix)
n =250, 0 > 1 ( nis rounded to integer)
n=3 o<l

This rule ensures that if |h; (i, 5} or jhy({, 5)| > 0.01 then these values are always included.

3.1.4 Non Maximal Supression

The 2nd step of edge detection algorithin involves locating the edges of the sinoothed image. The
position where the slope, - the derivative, of the gray level function f (z,y) has its maximum is
declared as the location of the edge point. To determine the steepest slope, not in the X or Y
direction but for a curve running in gradient direction, we maximize the first derivative in the
gradient direction. Due to the risk of getting many insignificant edges it is necessary to look the
edges in smoothed image g(z,y) instead of f(z,y). So we estimate of the gradient direction and
gradient slope in the smoothed image g(z,y) with g, and gy being the (approximate) difference
quotient of g in the X and Y direction. The gradient direction is (9:9,) and the gradient slope

10



gradient magnitude is equal to \/ g2 + g2. In principle, for every pixel, it is necessary to find the
maximum gradient direction on the gradient surface. To reduce computational overhead one can
check for the maximum in the local gradient directions in a number of points in the grid. For
each point the gradient slope in (x, y) which ditto in (z + Ef—,,y +1) {(z — g%,y - 1)

In this fashion compare three gradient slope G, Gl,G2. If é > G1 and G > G2 then a maximum

18 obtained and consequently (x, y) is edge point. G1 and G2 is estimated by linear interpolation
between grid points.

3.1.5 Hysterisis

Canny used two threshold values T'1 (lower threshold) and 7'2 (higher threhold ). If the gradient
G < T'1 then he concluded that there is no edge point at that pixel. If gradient G > T2 then
accept the pixel as an edge pixel. If (T1 < G < T'2) then accepted that pixel as an edge pixel if
there is atleast edge point within 4N or 8N . Here 4N and 8N stands for 4-neighbourhood and
8-neighbourhood respectively which are defined in the following Figure.

8 (48 8
48| P 48
8 |48 8

In the above Figure 8 denotes the 8N and 4 denotes the 4N of P.

3.2 The Network Structure

Here we propose a 2-stage feed forward multilayered network very similar to the conventional

multilayer perceptron(MLP)} accomplish the task of edge detection. The network is 4 layered as
shown in Figure (3.1). The first layer is called the input layer.

f OUTPUT -
L
s )\x ;
ﬁ // | .‘.-'Q;" - As Usual MLLP
e N Learning is
eV P Activation Nodes Done by

( L . Each function is logsig Levenbarg
Marquard

> Hidden Layer
Method

-~ Connection Weights Are
N S o Fixed.

{, _{_H f For o INPUT S (Layer])

Figure 3.1: Multi layer perceptron network.

Edge is a local property of an imnage. Let us assume that the edge at pixel (z,y) is determined
by a window of 8 X s around (z,y) and for the smoothing (or feature extraction) suppose the
pixels in a window of size p x p around (z, y) are enough. So for the smoothing of all pixels in a

11



window of size s x s about (z,y) a window of size (s +p — 1) around (x, y) is needed. The layer 1
(input layer) of our network will have (s+p—1) x (s + p — 1) neurons and layer 2 will have s x s
neurons, If s = 5 and p = 5 then layer 1 will have 9 x 9 = 81 neurons and layer 2 will have 25
neurons. In our simulation we use p = 5 and s = 5. In the first layer we take 81 nodes and in the
2nd layer we take 25 nodes. We denote the nodes in the first layer y(_a,-4)s.eee.. yY(4,4) and in the
second layer nodes are denoted by L(—2, 2} reeens yT(2,2)- We first smoothed the image to extract
the feature values by considering a 5 x 5 window around each pixel. The connection weights
between first two layers are determined by Wiy ia),(41.d2) Where wy, 4y (4, 5,) = weight between
T(i1,i2) and Y(51,72)» -2< f1,t2 <2 and —4 Sjl:jQ <4;

w(‘!:ii)i(jl yji) — 0 if Iil - igl > 2 iy | ‘ii_Jﬂl ? 2
= g([%1 "jl|=|iz“.’;‘2\) otherwise.

Here g ~ N3(0,0,0%,0%) . N,(.) stands for a bivariate normal distribution. The connection
weights between the first two layers are fixed because the output of layer 2 is the feature value .
Nodes in layer 2 computes the weighted sum of inputs and thereby it finds the Gaussian smoothed
subimage in layer 2. The connection weights between all other layers are not predetermined, they

are learnt. These weights are updated by Levenberg-Marquardt method which we describe next.
In the 3rd layer we took 35 nodes and a single node in the output layer . Note that, between layer

2 and output layer there could be several hidden layers. The output node determines whether

an edge i8 present or not. All nodes, except nodes in layer 1 and laye 2 use sigmoidal activation
function.

3.3 The Training Scheme

Generally the feed forward networks are trained by the backpropagation(BP) algorithm. The
backpropagation algorithm through widely used has certain problems. The problem of getting
stuck at a local minima is often encountered while using backpropagation algorithin. The choice
of the learning coefficient used in the BP algorithm is very important and usually it takes too
many epochs for convergence. Here we have used a less popular scheme of gradient descent type
optimization procedure called Levenbarg and Marquardt method. This algorithm is computation-
ally more complex than the BP algorithin. But the number of iterations required for convergence
is generally much lower than that of the BP algorithm. Moreover, the problem of local minima

18 not as serious a8 in the BP algorithm. Next we discuss the details of Levenbarg-Marquardt
method.

3.3.1 Levenbarg-Marquardt Method

To discuss the method we pose the problemn in a simple way as : find 8 to minimize

n

3(6) = D _(yi— f:(0)) (3.11)

i=i

2
=y -1

Where y; is the target value. f;(6) is the functional output,  is the vector of parameters to be
identified.

12



Linear Taylor series approximation to. f; (0) about 8(9) obtains

(g(a)
fi8 = f; (9(“))+af‘§;, )(9-9(“3). (3.12)

Using the approximation (3.12) in (3.11) the minimization problem can be converted to a linear
least square problem

minimize [r®) — F(@) (9 — 9(“)) | (3.13)

where
r(® —y_ f(g(ﬂ))

and F'* is 2f evaluted at 6(*). Now (3.13) has the solution

9 — g0 _ (F_(n)’F_(u))"‘ F(@)'a)

leading to the Gauss-Newton algorithm

glatl) _ gla) + J(“]‘
where
6(::) — (F(E)IF(G]) -1 P“(“)Fr(“)_ (314)

Let * be the desired optimal solution. So s'(6*) = 0. If 9 be a trial value,by the Taylor
series expansion we get r .
3'(6°) — s (60) = (8* —~ 6p)s (o)

(0° — 8o0) = — [s"(6) ™" &' (6o)

Taking 6* as #(*+1) Gauss-Newton iteration i8 repeated..
This &'(6p) is now the gradient ¢ - and s” (o) is the Hessian H . the gradient s(8) are,
respectively

ds(80
g(8) = ';(9)
ik Ori(0)
= 2% 1@ 3.15)
1gﬂ"ﬁ() 30 (
= 2J'r (3.16)
and the Hessian is
24(0
6 = %98;93

= 9ri(6) Ori(6) < &*ry(0)
2Y. 50 0w +22 1005550

i=1
2(J'J + A), (3.17)

I

where r,-(ﬂ) = y,-.-- fi(ﬂ) .

13



Here J is the matrix

J=J0) = [(Jy)] (3.18)
]
= 58,
- o
o0
= —F(0) (3.19)
and
- 321';(0)
A = A@9) = En(e) 656 (3.20)
Thus Gauss-Newton step from equation (3.14) becomes
5@ = —g@ g
(a0 g0) g s
since J(®) = — F(%), We have F_(“)rF(“) = J@) J@) apq (3.20) becomes
50 = — (J@ @) y@'pa), (3.22)

Using ideas due to Levenbarg(1944) and Marquart(1963), Levenbarg-Marquart algorithm enables
one to use ill conditioned matrices J(®)' j(a} by modifying the Gauss newton step (3.21) to

50 — _ (Jtn)’ 7@ 4 (@) D(n))“ 7(@) (a) (3.23)

Here D'%) is a diagonal matrix with positive diagonals elements. Often for simplicity D) = I,
the identity matrix.

When D(®) = I, the Levenbarg-Marquardt direction of §(® in (3.22) interpolates between
the Gauss -Newton direction (%) — 0) and steepest desent direction (7% < o0) Also, as the

direction tends to the steepest desent,the step length [j§(=) ||2 tends to zero.lt is Known that a
direction d is descent direction at 8 iff there exits a positive definite matrix R such that d = —Ryg
[4). For 5@ > 0. j(@) ja) 4 7% D(®) is positive definite, as D@ ig pogitive definite. Hence §(%)
(3.12) in defines a descent direction. We note that as 7®) 3 o0o. the step the length (%) tends
to zero. Thus by choosing 7(®) large enough we can reduce s(8) = 3.0 r;(8)®. However if n'®) is
too large for too many iterations the algorithm will take too many small steps and make little
progress.

Levenberg-Marquardt algorithm differs in how to chose and update 7®.Initially a small positive
value is taken, egg. n{l) = .001. If, at the a-th iteration, the step 6(% in (3.22) reduces 3(8), then
get (%) = 9{8) 4 §(3) and divides 1 by a factor, egg nlot!) = yle) /10, to push the algorithin closer
to Gauss-Newton [and to bigger steps for the next iteration, by (3.22)] If within the a-th iteration
the step 6(®) does not reduce 3(8), they progressively increase 5(® by a factor, egg (% 10n(@),
each time recomputing 6(®) yntil a reduction in (@) is achieved.
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Chapter 4

A Neural Network based Method for
Texture Segmentation

4.1 Introduction

Inspite of the importance of texture and its presence in many real and synthetic images, it is hard
to find a reasonable quantitative definition for texture that is general enough. One definition for
texture describes it as repetition of some primitive patterns in space. But such a definition may
be appropriate only while referring to deterministic patterns. In contrast, man made and natural
images (for example clouds, ocean surface, etc.) posses stochastic structure. Rurthermore, it must
be noted that the interval between repetitions of the primitive patterns need not be constant and
can be space variant in one or more directions. Thus diversity of natural and artificial texture
makes it very difficult to give a universal definition of texture. We prefer to adopt the definition
suggested by Sklansky(1979), because of its generality: ”a region in an image has a constant
texture if a set of local statistics or other local properties of the picture gre constant, slowly
varying, or approrimately periodic”.It must, however be noted that texture has both local as well
as global meanings - it is characterized by invariance of certain local attributes of the texture that
is used in the identification of a texture type and its global property. In image segmentation using
textures , 2D Gabor filters are being widely used for extraction of local texture information. The
merit of employing Gabor filter is that it provides maximum spatial resolution in characterization,
while keeping the filters as narrowband as possible for discrimination between the spectrally
neighbouring features of different textures. It is possible to use a bank of Gebor filters so as to
represent a texture with feature vectors whose elements are the amplitudes of each filter response.
This approach is known as multichannel filtering. Selection of filter for efficient characterization
of the textures in an image is one of the major issues in multichannel filtering. Selection of set
of Gabor filters bands for efficient characterization of the textures within the image i8 one of the
major issues in Multichanel filtering. Bovik et al. have used one Gabor filter per texture class,
each tuned to peak frequency [5]. Raghu and Yagnarayana [6] proposed a texture classification
framework based on two stage neural network model comprising Self Organizing Map (SOM)
and Multilayer Perceptron (MLP) for the problemn of texture classification . The texture features
are extracted using a multichannel approach. The chanels comprise a set Gabor filters having
different orientations and frequencies to constitue N dimensional feature vectors. SOM acts a.
clustering mechanism to map these N -dimensional feature vector into its M dimensional output
space, where they used M = 2. This in turn, forms the features space are then fed into an MLP
for training and subsequent classification.

In this chapter we introduce a neural network model which integrates the convolution filter
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and classifier in one. The network also learns the filter parameters along with the rules for
classification, online. Thus our atrategy involves finding the correct global filters which will

produce the appropriate features required for the classification task along with the classification

itself. In the subsequent sections we discuss about the network architecture and the training
schemes.

4.2 Network Architecture

Output Laycr

Hidden Layer.

Figure 4.1: Neural Network.

The architecture of the proposed network is illustrated in Fig 4.1.The network has layered

architecture of a feed forward type. The first layer is the input layer, the second layer is called
Gabor layer. The General form of 2-D) Gabor function is given by

n 2
1 —'a‘-[a’; ul ] L
h(m,y,am,g,,kmky) - o ﬂe ( ( If) ejkm:n-}-:rk,y

The spatial extent of the Gabor function is defined by (0;,0y). The orientation of the filter is

given by tan~! (:-:) and its frequency is specified along the z and y co-ordinates by k, and ky,
respectively. If I(z,y) is the image then the feature value at (z,y) is given by

f(z,y) = [I(z,y)*h(z,y) (4.1)
_ p -~ 2

d
Z E 1(37+awy“l‘ﬁ)h(a:ﬁ:amﬂy:km:ky)

a=—d f=—d
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for a filter g(z,y) with given k;, k,,0,,0,, where * denotes the convolution operator and d
defines a window of size 2d+1. This f(z, y) is the output of the Gabor layer. Thus each processing

unit in the Gabor layer acts as a Gabor filter with parameters oy, oy, kg, ky. Thus at end of
successful training we obtain the set of optimal Gabor filters which can do the classification
task. The subsequent network layers are called hidden layers and output layer. The units in
these two layers use sigmoidal function, taking the weighted sumn of the outputs of the units in
the preceding layer as inputs. Thus layers two and three are identical to that of an conventional
MLP. We start with a fixed number of nodes in the Gabor layer(i.e., we start with a fixed number

of Gabor filters). In the course of training the parameters take optimal values as required for the
classification task.

4.3 Training

Let Y (h =1, --., n) be the target' output for the h-th node and Zj be the computed output of
node h in the output layer; where

k
Zy = f° (ZSih) :
i=1
The instantaneous training error is defined as
- 2
L=} [Ya— 2]
h=1

Here s;n = wi, f(x;n), f° is sigmoidal function i.e.

1
1 4 e’

foz) =

{
Tih = Y wjif; 1= {1}k
j=1

where
i = 19i(2, ) * helz,v)|* + |gi(z, y) * hy(z, y)|? i = 1(1)t;
-1 f{ z2 2
he(z,y, 02, Oy, kz, ku) — 3T(m+#)m3(km$ + kyy);
_1 2 a
hl(miy: Tz, Oy, kz, ky) — eT(i’+#)3i“(kmm + kyy);
and
NES . = 1(1)k
f(i'lh)‘—l_I_E_.mm t = 1(1)k.

The connection weights between hidden layer and output layer is denoted by w!, and the
connection weights between Gabor layer and hidden layer is denoted by w;; These connection

weights and the filter parameters are updated using gradient desent. To write the updation law
explicitly,

Wip = Wip — Nw 55—
Ow;y
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where

OL k.‘ ~Bah 1 |
2 ()

ih — (1 4 e—%hn )ﬁ' (1 + e¥in)

k k
1
Soh = ) winf(zin) = Y win
i=1

g=1 1+ e%n -
Similarly,

oL
Wji = Wj§ — "w?&u—ﬁ

where

oL de | k e Joh —Tik
= -2 Yh — f0 8; X =W © '
Owj; hz=:1 ( / (:zz; lhﬁ)) (1+ %) i (1 + e%in)? Ji

The parameters for the Gabor filters, i.e, the parameters associated with the second layer nodes
are also updated by gradient decent technique. The update equations will be as

gL
Og; = Ozy — No, Fer
T4
N oL
Oy = Oyy — Yo, agy
]
oL
kzj = k:rj — f}km gr
Ty
oL
3
Here
oL n ( ( u e~ton F ~Tin g
= —2 Yh — fﬂ 8 X =~ ! © _— fJ—
dog, hZ=:1 ; ‘h)) (1 + e=%n)? &= w‘h(l + e%in)* Bog,
and

o = 2I(@,y) % hel@, V|[S8 s e _a GI(@ + 0,y + B)ha (@, By 0g, 0y, ks by )} + 2] (2, ) 4

h,(.‘l‘, U)][Eg=—d Zg:-d E;'I(IB + f..’t‘, y + ﬁ)hﬂ(aa Bs l'—"'r:.'t:v Uyr k:m kﬂ)]
Similarly,
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and
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H‘;f_ = 2{I(z,y) * he(z, U)][E =—d Edﬁ=-d %I(ff + a,y + B)h,(a, B, Oz Oy, Kz, ky)] + 2[1(3713’) ¥

vy
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and
a%L = =2[I(z,y) * he(2, V[T o=-a Lh=—a I (z + o,y + Bhs(a, B, 02,0y, kz, ky)] + 2[I(z,y) *
h (:'I" y)][E --——dEﬂ:-—daI(x+a!y+ﬁ)hc(a!ﬂiaﬂ:!ay1kﬁwky)];

n . k e %oh e Tih af
- 22 Yn—f Zﬂih ' “fz Win *L;
h=1
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and
B%yL— — _2[‘[(::1 y) * h;;(:l?, y)][E = Zﬂh dﬁI(x + o,y + ﬁ)h (ﬂ!, ﬁ: amao'y;kmg y)] + 2[1(5'.7 y) *

h (11’?, y)][z:d-—“d Eﬂ-——-d ﬁI(I + a,y + ﬂ)hc(a 8,0z, Ty, ke, ky)]
the npdating of the weights and parameters are continued in an online fashion till t.hey
stabilize.

4.4 Experiments and results

We tested the proposed net to classify two classify two types of textures. The texture image

used for this experiment is computer generated. The size of the image is 64128 containing two
textures. We took a sample of size 800 and try to learn. The weights and filter parameters are

randomly initialized. For two texture we took 5 input nodes, 10 nodes in the hidden layer and 2
nodes in the output layer. The results, we got are not satisfactory. We noticed that the results
are influenced very much by the initial choice of paramneters. Random initialization of the filter

parameters is not a feasible schemne for this problemn. We believe a good initialization scheme will
iinprove the results to a great extent.
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Chapter 5

Conclusion

In this thesis we have tried to address the problemn of image segmentation in a neural paradigin.
We have attempted two different problema. The first one is of edge detection, which is central to
many complicated tasks in image processing, artificial vision etc. The second one is on texture
segmentation. Many real life images like satellite images, variety of medical immages etc. are
generally textured, hence the segmentation of such images requires proper methodology of texture
segmentation.

Edge detection operators basically trasforms an image F to its edge image say I. Neural
networks can be employed to learn this functional relationship which mape F to I. We have
made a feedforward neural network to learn the well known edge operators of Canny and Mar-
Hildreth, our results showed that the neural edge detector is quite succassful in learning these
operators. Though our experiments involved only two edge operators but we believe that a
feedforward type network can be easily made to learn any other type of more involved operators.

Segmmentation of textured images were attempted by using Gabor filters. Literature shows
that the problem of selection of a proper set of Gabor filters which can extract relevant features
from an image for good segmentation has not been adequately addressed. Here we proposed an
online selection procedure for the parameters of the Gabor filters used. Our network generates
features from the pixel values through a bank of Gabor filters, whose parametersa are learned
by the network along with the connection weights through training. Our study in this regard
is not yet complete. We have not been able to train the network adequately so that it does a
useful segmentation. We have noticed that the output of segmentation highly depends on the
initialization of the filter parameters. We tried with a random initialization scheme, which failed
to give good segmentation. But we believe that the methodology developed will be useful enough
once a proper initialization scheme is developed for the filter parameters before the onset of
learning. We are presently exploring possibilities for a good initialization acheme.
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