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ABSTRACT

Two dimensional random fields have been proposed

of real world images. Random

used for the modelling of image

as stochastic wmodels
fields

edges.

can =alse be
Such models are useful

image is noisy, because they

our knowledge about the edge

especially when the
incorporate part of

in the image. In particular, the use of

distributien
Markovian random fields introduces the dependence of
the existence of an edge element on the existence of
an edge element in the neighbouring image pixels. An
algorithm is proposed which makes an optimal decision
on the existence of an edge element in an image pixel

by taking into account the image intensities and the
contributions  of

algorithm

the adjgacent image pixels. The
is very similar to the Viterbi algorithm,

which is very well known in the communications.

1, INTRODUCTION

One of the most important tasks in image analysis
in the

objects are very well described by the shape of their

is the recognition of obJjects image. Many

boundaries, These boundaries tend to show up as
intensity discontinuities in an image. The local image
grey
continuous series of edge elements forms an edge which

level discontinuities are called edge elements, A

is usually part of the boundary of an object.

There exist several algorithms for edge detection
I4{1.They can be grouped in three main classes:

1) Local edge operators

2) Global edge detection algorithms

3) Relaxation technigques,

The first class includes the edge operators that
detect local intensity discontinuities. The second
class includes algorithms that use global information

to decide on the existence of an edge in a particular

pixel. The edge relaxation techniques improve edge

operator measurements by adjusting them, based on
measurements of the neighbouring edges. The relaxation
techniques are |usually iterative and 'they are
intensive.

computationally Their results are usually

very satisfactory.
Qur approach is to use stochastic edge models for
edge detection. The detection of an edge element at a

particular edge pixel is based on two information

in edge detection

sources:
a) the apriori information from the stochastic
edge model which incorporates the influence of the

neighbouring pixels
b) the information of the image intensities.

The stochastic edge model used is the
two-dimensional discrete Markov process. Such a medel
can easily incorporate the influence of the pixels of
the immediate past on the pixel of the present (the
notions of present and past will be explained in the
This wmodel

line-by-line. The

next section). leads to an algorithm for

edge detection edge detection

algorithm for each line is similar to the Viterbi
algorithm used in the communications.

The outline of the paper is as follows. Section 2
describes the random edge model. The use of this model
in edge deteciion is described in section 3. The edge
described

Examples and conclusions are given in section 3.

detection algorithm is in section 4.

2.RANDOM EDGE MODEL

An edge element is described by its direction
which

local

is aligned with the direction of the maximal

gray-level change and its magnitude which
describes the severity of this change. We assume that
an edge can have only K discrete directions (eg. along
the axes of 0, 45, 90, 135, 180, 2285, 270 and 315
degrees). We denote by Xp5 @ dicrete random variasble

which describes the existence of an edge element at

pixel (i,J). This random variable may take the values
0,1,..,K. The values 1{,..,K denote the possible edge
orientation. The wvalue 0 denotes the absence of an

edge element
distributed

dimensional

in the pixel (i,J). Edges are randomly

in an image. Therefore xi, form & two-
random field denoted by a vector x of
if the

reasonable model

dimension NM image has dimensions NxM. A

already used in the description of
natural images is the discrete two- dimensional Markov
process 13,4,51. This model
edge model,
edge

of an edge in its

can also be used as an
because in real cases the existence of an
in an image pixel depends only on the existence
This

in the relaxation

immediate neighbourhood.
property is extensively wused
121. Re shall

discrete 2-d Markov process.

techniques give a definition of the

He define an image line I= ((I,j), J=1,M-12} as

4711;;;/
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‘present’, HKWe define as ’past’ all the image lines i,

1<i<I. The 1line I-1 is called 'immediate past’. The

lines i, 1<i<N are defined as ’future’.Re denote by x;
1Xpoq4 the vectors of the random variables xij in the

lines I,I-{ and by p(gI Vs plXpiy) their probability

distributions.

The random field xijis called Markovian
if the probability distribution of the ’present’
vector depends only on the probability distribution of

the vector of the ’'immediate past’:

(0 plg) = plxglxr_1)PEz4)

The definition given here 1is a3 special case of

the definition given in 13I.The only difference is

that we use lines as boundaries instead of the
rectangular  boundaries used in I3I. The Markov
property 1is stated =as probability propagation from

boundary -‘to boundary both here and in I31. The vector
%y of @ Markov process may take (K+1)##M different
which are

values, called states of the precess., The

transition in the Markov model is associated to the so
called state diagram shown in Figure 1. The arrows of
the diagram denote transitions and the numers near the
arrows denote the

corresponding transition

probabilities. Another redundant description of the
Markov process is the so called trellis 18I, shown in
Figure 2. Each node corresponds to a distinct state of
an image line and each branch corresponds to a
transition of a state of an image line to the state of
and ends with the

known states Xq1¥ye These states are usually assume to

its next line.The trellis begins

be the zero states in the edge detection because no
edge exists at the lines { and N of the image.
It will

described by (1) is not very convenient because

be shown 1in the next section that the
model

of 1its computational complexity. Therefore simpler
edge models must be defined. Such a convenient model

is the one described by!

@ plxyg) =plxyglny 5 g0 2P0 5q Xig0)

where Xx.. is the vector:
“1jp

= % jT
13p™ Him1,3-17%11,5 7541 5 1

This model that the

distribution of the random variable xijdepends on the

states probability
probability distributions of the random variables x.
’xi—l,j—l ’Xi—l,i’Xi—l,jtfﬁhmtSJmmEdlate neighbourhood,
coerresponding to image pixels from the ’past’ of the
(if the

is only a special case of (1), It will be

(i)
This model

pixel image is scanned line by line).

efficiently used in edge detection.
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3.EDGE DETECTION

is stated as
which 1is the

image plus additive white noise, estimate the

The problem of edge detection

follows., Given an observed image VY,
original
edge distribution x of the original image. It is known
that the edges of the original image are a Markovian
random field described by (1).

He shall

try to maximize p(x,y)!

use the Bayesian appreoach and we shall

is the conditional probability
density function of having image intensity y given the
of the original image. Since

the following

where  ply/x)
edge element vector x
additive white

assumption is reasonable!

noise is assumed,

=
=

p (yij I Xij )
1 3=1
(1),{3-4) the probability pl{x,y) is

;ﬁ.

N
4 piylw= [] plylxy=
i=1

-
]

According to

given by:
N N
(5) plx,y) =p) || pl;lx ) [] ply;lxy)
i=2 i=1

By taking the logarithm, (5) becomes:

(6) Inp (x,y) =1np () +lnp (y ]+

N

+ Z [lnp (yilxi) +lnp (>_<i|>_<i_1 )]
i=2

where the length:

(7) A=
= Inp (y; lx) +1np G [x; )

is assigned to each transition of the trellis.
The problem of finding the optimal edge distribution x
is equivalent to the problem of finding the shortest
route in the trellis,
the Viterbi

However,

This problem can be solved by
algorithm (to be discussed in the next
section). the number of states of the Markov
process is (K+!} which is an extraordinary number for
practical
effort

algorithm

applications. A trementous computational
is required for the application of the Viterbi
in such cases. Furthermore, values must be
given to an extremely high number of transition
probabilities p(gj_/xi_f. These reasons lead us to the
use of the Markovian model (2) and to the maximizatioen
of the Jjoint probability p(x, y) line by line,

The probability to be maximized is given by!

fccording to (2), relation (8) becomes:
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(9) p(xij'yij)=p(yij|Xij)p(xij|xi,j-1’Zijp)p(xi,j-1'gijp) corresponds to a path in the trellis from node 1 to
Since the edge detection is done line by line, noede M. One of the paths starting form node { and
stoping at a state of pixel k has the minimal length

the optimal vector xi}f known to be a _l.In this case

and it is called ’survivor’. The corresponding vector

vector X'jp of (9) is- equal to vector gijpand (9) .
becomes: ka is denoted by ;Ik.The shortest complete path Xry
M M must include one survivor which corresponds to one of
the K+1 states of the pixel k. Therefore if we want to
(10) p(x,,y.)=p(x.q) plx, . |x. . 1,8, ) ply: < 1% )
174 i1 l;l 13'74,3-1""13p l;l 13713 . pind the complete path %py s we can find the survivor
In this method we use an 1i-d Markov process, of each state of pixel k. Based on these suvivors, we
s Ceia: can find the survivors of each state of pixel k+! by
whose transition probabilities p(x_ij/xi jérgijngpend

on the already wmade decisions in the previous line,

instead of wusing a 2-d Markov process. The number of

states in such a Markov process is (K+1). This random

process can be described by a state diagram whose
transition  probabilities vary. Such a two-state
diagramm is shown in Figure 1. It can also be

described by a trellis, similar to the one shown in

Tigure 2. Each node corresponds’to a state x of a
pixel (i,J). The extreme pixels (i,1); {(i,M) or =o..
line possess no edge =nC Tonels IIVFEIIInIing FnEte L=

0.By taking the logarithm of ({0), we have!

(11) Inp (x,,¥;) =1np (x;4) +1np (vy4 Ixi1) +

M
1
> [1“ P lyyylxgg) +In Gy leg 5 '@ijp’]
=2
The following

length is attached to each

transition of the trellis:

(12) Ax;50%; 5 q)=lnp (yijlxij)+lnp (Xijixi,j-’l 13550

Again, the problem of finding an optimal vector x5
is eguivalent to finding the shortest route in the

trellis, which is solved by the Viterbi algorithm.

3. THE UITERBI ALGORITHM

The Viterbi algorithm has extensively been used

in communications theory, e.g. in convolutional coding
161,

taylor this algorithm to

and intersymbole interference
shall

detection,

In this paper we
the needs of edge
and especially to the formulation described
by (10). & very similar algorithm can be developed for
the problem formulation described by (5).

T

HWe denote by XIk
corresponds to the pixel (I,k). Such a vector

the vector (xIl, x&z,.., x&k)
which

denctes a specific path in the trellis which starts at
node 1 and stops at one of the K+i states of the pixel

(I,k). A length A(xlk) is associated to this vector!

k

=1
where A(XI_,XI j_l)are the lengths of the transitions
which corrgspo;d to this path.The vector XM

-, adding to the lengths of the survivors 2Ik the lengths

of the transitions from the states of pixel k to the

states of pixel k+! and by choosing the path having

the minimal length as a survivor. This procedure can

be repeated recursively, until we find the shortest

complete path ¥ . The algorithm is a simple version

M
of forward dynamic programming. Its formal statement
igs as follows.
Initialization: X =0
x=0
A(?_gI,I) =0
Recursiont
Compute

Ay aqr-Xp) =ARR) +AGG g %)

for all transitions (ka+1,ka ),

For each state xlﬂéﬂfind xysuch that:

Ay yun) =min Ay g %p)
Ik

Find the vector &I,k+l:

T (gl,k’:&,kﬂ)

The vector glM found gives the optimal choice of
edge elements on the image line I. The same algorithm
with slight modifications can be used for the problem

formulation (5).
4, EXAMPLES

We have tested the algorithm in the image shown

in Figure 3a. In this example, we check only the
existence or not of an edge element at an image pixel.
interested

We are not in the directions of the edge

elements. The result of the Scbel edge detector, after
appropriate thresholding,
Viterbi

been used for edge detection. The detection has been

is shown in Figure 3b. The

algorithm described in the prevous section has

done line by line and it has been based on (10). The

transition probabilities are chosen apriori, The

probabilities p(yij /xij ) are chosen in the following

way. A known edge detector is applied to the image
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(eg. Sobel operator) and produces an image having
intensity e . in pixel (i,J) and histogram p(eij). The
1

following cholce is made!

e, .
(1) plyyslxi = e
1,7

P(Y; 5 lxij=0) =1-plyy; ]xij=1)

The edges detected by the Viterbi zlgorithm, are
shown Figure 3c. The results of the Viterbi élgorithm
are clearly superior to that shown in Figure 3b,
because this algorithm  takes into account the

information of the adjacent pixels.
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State diagramm

Figure 1: State diagram of a two-state Markov process
describing the edge distribution on an image
line, with the transition probabilities wvary-
ing according to the information of the prer
Aious line

STATE k=0 k=1 k=2 k=. k=4 k=M~2 k=M-1 k=M
[ » -~
1 K\\\\:zig:ggf;:ZESZL ;;ESZ;//)7
Trellis

Figure 2: Trellis of a two—state Markov process

(&)

()

(c)

Figure 3: (a) Test image corrupted by white Gausian
noise.
(b) Result of the Sobel edge detector.
(c) Result of the Viterbi edge detector.



