
:

RZ l2r1 (14i647) 2124 i83
Conputei Scleüce 24 pages

F r lF rResearch Heport
SOI,'E EX?ERD,IENTS WITH STOCSASTIC EDGE DETECTION

Rainer F. llauser

IBU zurich Reseaach Laboratory, 8803 Rüschl"ikon,

Typed by Deüise MülLet usillg the lBM l'tc 82

S.. Jor. . Yorlrown. Zuiich

S\,ritzerlaod

i



''.\

Copi€s Inay be requ€sl€d lrom:

IBM Thomas J. Wärson Fes€ar.h Center
Distribüriön Sorvic6 38-066

Vorktotyn Haiqfirs, Now Yort t0598



Rz r2.ro 0t'43647) 2/24183
- Computer Scjence 24 pages

SOI'{E EXPERIMENTS WITH STOCIIASTIC TDGE DETECTION

t(alner ! .  Hauser

IBU zurich Research Laboratory, 8803 Rüschlikon, S!'tiEzerland

Iyped by Denise Müller tlsing the IBM Mc 82

ABSTRACT: The mathenatical concept of infonEtion density is applied to

?frJi?oUfe. 'or edge aletect ioo for appl icat ion in digi tal  image processing'

rhe stochastic properties of an inage are nodeled as llarkov chains ilt x-

anal y-alirections. Experiments are presented fox different probability
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Iebruary 2, 1983





1. Introdüct ion

At present '  nany research effoi ts i l t  d igi tal  i rnage processing deä1 \ t i th

the gef leral  theme of i r0ege understanding t1l ,  the objecr ive of qihich iB to

clarify issues relateal !o hlrman and rnachioe vision' In this context ' two

aspects are of pr imary inpbrtaf lcel  The repxegentst ion and the interpretat ion

o l  v i s u a l  d a t a .

'Reoresentat ion of v isual data

In any technical syst€m' where the primary purpose of the

rePresealat ioa of v isual data is intended for the human observer '

the alata is rePresenleil as an array of sPatially and amplitude_

quant izeal grey-1eve1s (pixels) '  This rePtesentat ion is denoninated

as the deterrduistic model- of an image' However' visual data can

also be rePresented in stochagtic terDos' An image is then nodeled

as ä randon fie1d.

Psychophysiological experinents sho\t that the content inherent

in any pictorial infornation presented to a hunan observer can

be subdivided into contouls and texlure'  I t  is also a proven

\, fact that contours play a key lole ühenevel cognition tasks are

per f  o rned.

In probleros related to image underslanding'  edge-detect ion and contour-

f inding algori lhns are t l iexefore of pr i roary importance '  ald rhe purpose of

this paper is to describe a ne$ apProach baseil on stochastic nodeling and

representat ion of image i lata.

To obtain a slochast ic representat ion of alr

to be constlucteai fron the deterniaistic inage '

inage, a randon field has

Ideal ly '  the iaadom f ield



should ref lect al l  the rknowleige! avai lable i lx the visual data given

(a pr ior i  or extracted iy other processes).  A possible appr:oach is Eo star. t

the pr:ocedure h' i rh a pr ini t lve random f ield and subdequent ly ref ine i t  over

di f ferent processiog steps l ike determining stat ist ical  data, cort tours anal

other stochast ic paraneters. The i terat ive process of the ref inef lent of  the

rando!0 f ie ld is i l lustrated in l ig.  l .  The 'knowledge' 0Ddeled in the random

field is accumulated in di f ferent steps, nhi le lhe rknowledger in lhe deter-

ninist ic nodel is constant.  I f  the result ing raüdon f ield contains jüst the

conf igurar ions equivalent with respect co the iDage-processing appl icat ion

intended, the deterrninist ic nodel is no longer needed, Bnt the current

srate of the theory of stochast ic ixoage moalel iüg does not al1or,r  exclusive

use of the randon f ield.  Consequef l t ly,  the fandom f ield conbined with the

aleterroinist ic looalel  is used as a representat ion of the piclor ial  informarion

given. As pract ical  examples of randon f ields, Markov f ie lds (Markov chains

e x t e n d e d  t o  t u o  d i n e n s i o n s )  h a v e  b e e n  u s e d  f 2  r ,

I igure 1. I l lustrat io[  of  the
nodel (over- lapping

process of ref inement for the stochast ic
knowledge is hatched).

Befinement Steps



The purpose of this repor!  is to demonstrale some of the di f f icul t ies

in detemining a good stochast ic model fot  a eiven iüage and to shott  the

feasibir i ty of  stochast ic edge-detect ion algori thns'  l . le Present a version

of a stochast ic edge-detect ion algori t lütr  with the fol loving basic idea'

By scanning unconscioüsly lhLough an irnage, our attent ion is sl inulaEed

by sensi l ive changes of br ightness'  colo): '  or texture'  Thetefole'  a possible

interpretat ion of the mechanism of hunan visual percePtion of color '  shape

etc,,  is !o model this scanning process as a prediet ion from Ehe kno\u'n Par!

of the i lnage to the part  next lo be seeD' A contour point is assmed when our

predict ion fai ls.  In images, predict ion can be stochast ical ly nodeled as

ranalom funct ions bu! üe need a measule foi  the fai lure of oür predict ion

in an lnrage point.  Ior this pLlrpose, the concept of infon0at ion density

has been def ined t3l .  I t  is a value attached Eo each i  age point exPressing

the anount of inforrnaEion the poinc adds to the lotal infortnation content

of the inage' When this value is higher than the average amoun! of infor-

nlat iof l  for one point,  an edge point is assu!0ed' In our case'  the stochast ic

models used ate very pr i toi t ive'  and an edge point can be assuoed uhen the

infornat ion- i lensi ty value is higher than in the independent case'

In our experiments, we approximated the dependences with Markov

chains in the x- and y-dj.rectioüs of the image' The Markov charns are

truncateal af ler t t to neighbors on boEh sides of the current point '  Two

dif ferent probabi l i ty dis.r ibut ioüs on the image and sol le var iants of rhem

are studieal anal lhe results comPared with lhe Sobel algor i thd! '  These

results are encotraging even for the rough approximations used jn the

stochast ic nodels.

2, lnformation Density

lhe necessary mathematical  def ini l ions and results

formula for stochast ic edge detect ion is deteroined'
tn this sect ion'

are presented, and a



2.1. Randon l l rnct iof ls

Stochastically modeled irdages are arrays of random variahles

{ € . .  |  ( i . i )  €  R  a  R  }- r l  v

together with a given saflPle

1 s . .  |  1 1 , 1 ,  €  K x  "  K y J .

In other uorals,  ioages in this sect ion are f in i te randoto funct ions

{E.  l t . r } ,

rhere T is a f in i te set of  indices, and 6t is a random variable ni th

values in a f in i te set G for each t  in T. The given samPle {sa i  t  e T}

restr icts the rani loro funcaions to cases wiEh P(gc = st)  :  O for al l  t  € T'

This restr ict ioo is necessary because the direct ion goes hele from sanPle

to ranalonr ftnction and not vice versa. The rnarginal probability of a

subset S of T is given as

?(a(st = st)  )

for ühich we use the abbreviat ion P(s).  [ rn the sane way'  ine vr i te P(l)

for ?(€t = st) ,  and so on. l  The cdrdi t ional Probabi l i ty for i  s1, s2C T is

defined by

?  ( S r  u  S r )
P ( s 1  l s ' )  =  p , q  ,  .

2.2. Infornat ion Theory of Fini te Randon lünclaons

The information conlent of the event {e. I  c "  
s l  with sC T is

1(s) = -  1og P(S) '  l there the logaricbn to the base 2 is usual ly taken'

l , l i th this def ini t ion, informal ion terns are attached to the s{bsets

of inage points.  In image processing, one is not interested in the nargi f la l



inforrnation content of a subset but in a neasrre for the infon0ation

content of one irnage point t .  This local ized information conten'  should

ref lect the i lepenalences between di f ferent points '  Iot  lh is purpose' the

concePt of infornat ion alensi ty vas def ined [3] as

r  \ .  1_:r<r ls>, (1)Jr(Ei = ITT L f. ir'  l ' i  sE IL I  '  - -  
' \---. 

\ lst i
a n d  h a s  t h e  r o l l o v i n g  t h r e e  P r o p e r t i e s :

1) For a1l t€ T,the inforroat ion density is not negat ive: JT(t)  > 0'

2) Sdmation over aI1 t ts results in the g1obal i f l foroat ion contenl l

I .r-(t) = r(r) '
tär ' 

\
3 )  I f  a l l  P o i n t s  a r e  s t o c h a s t i c a l l v  i n d e p e n d e n t  t i ' e ' ,  I ( s )  =  

t l s  
I ( t )

for al l  s c Tl '  the information density JT(t)  ! t i11 be equal to the

infornat ion content I( t )  of  the point t '

f o r  m o r e  d e t a i l s ,  s e e  i 3 1 .

z.  J.  narKov unalns

,r"r.l 
"..[l i]as 

are rinile random runctions {e , I t e r} with a

'  lotal  oraler ing relat ion def ineal on the index set T'  l ' le ser JTI = N and

T = {1, . . . '  N} without loss of general i ty '  The Markoviaf l  property is

usual ly presented in the forn a4l

P(6n = cn I ; ' ,-, = s,,-r, . '" E,,-i = 9,,-i) = P(En = cn I q,'-t = t, '-t)

which leads to the concept of t laosi t ion matr ices'  I^ lhen the tra[si t ion

matr ix from o' Ie point to the next is constant,  the Markov chai is cal led

honogeneous. Two transition matrices can be rrulriPlied Eo determine the

t iansi t ion probabi l i l ies from one point to the poif l t  af ter the next poiot '

and i t  is c lear that each subset S of T def ines iEself  a Markow chain

{e. I  t  u s} ni th lhe indüced total  ordering relat ion'



I-et

P(a (€.  = e.  ) )
. t l

P (6 r  =c i  ) ' ? (6 i  =
-1  -1  -Z

n-1
- I t -  P  ( € .  =

6

l r i t h  s  -  { i 1 ,  . . . ,  i r r }  and

the Markovian property, üe get

'  ? (€i = ei I 'j,sn =  E i . )
J

t2

take one suhset S T

<  . . .  <  i  <  N .  I , I i t h

s i lg i  =c i )
-2  - t  1

- i+ r

€t .
.l

e,  ̂ E .
I  t + r

n-1
I  P ( € i  = g i ,

j=2 - j  ^j

which tr ivial ly results in

E. =c.  ^€.  =s:  ) .
'n-1 'rn_l 'm+1 'm+1

(2 )

s i lä (6 i .=s i .
'  j *  I  J

+
T

t

T
t

+
T

t

T

T
t

T
t

) )  =p( t i  =s i

This fornula expressed in \dords says that each tandon variable is conditioo-

ally independent of the rest of the chain given its nearest neighbors,

and

2.4. Infornation Density of üarkov chains

L l e  s e t  T  =  t r '  I  L ' c  T , / \ t '  >  F r . n , r  r
L 

-  - . -  - t

E E L  w t  L ' r  r v l u u t 4  t - ,

i fSn

i fSn

Sn

Sn

€  T , \ t r  <  t ]

I ( t  l s )  =
nin j )
j  €snrt

**  i )
j esnrl

min j,  nax j)
j  €SnT t  j €SnT ;

r ( t )

r ( t  I

1 ( t  l

1 ( t  I



The infornation density can be written in the forn

N- l

Jr(r, = fr _ l- rfr:Il \\1,,
K = U  \  K , /

vhere E](t)  = I( l ) ,  and whele for k > 0 the fol lo lding three cases can occur:

r )snr ; :0 ,  snr : -ö

t \  c  n ' r  =  Ä  s  n  T +  t  r ü- , '  . -E  "  
-  - x

-+
3 )SnTr tö '  SnT r *0 .

The t irsr case gives

t - I  , .  , r
F  / r - 1 1  - .  |  . .

. l -  \ i - r l  r ( t  I  r ,  '

the secord

k-2 t-1
I t

wnet" In) = 0 for m < O or n < n. r'or k > O, this results itr

N  , - _  . \
t  /  N - l 1 '  z -  l : r

-  r  \ k - 1 / r \ L  I  r ' l '
r = t + t '

and the third

(-u) 
,j., (o);:)'n r ',,,,



r -1 , .  - .
I ( i- l  )trt":r - 'cl l

N  , r

I  ( l - i )  (r( t , i )  -  r( i ))

k-2 r-1 H l :_, \  /  n_i \  r , ,_'L  l  r  \ " "  /  l ' ' - ' -o /  ( r ( r ' i )
c=0  j= l  i = r+ l \

Ir(d,ül ,
N n-r
TI

Nt  " .

The infonEtion density is

Jr (r) a(N,t ,n) I  (n) + b  ( N ,  t , n , n )

wheae

€ ( N , t , n )  =
,\'(ll)
o1' ("iT

i f m < t

i f m > t

(3a)

N-1
- I

N-I k-2 t-l N
r- [ i I I

k=l r=0 j=l i=r+l

and

N-i \
x-z-t ))



b ( N , t , m , n )  = i f m < t = n

otherwise. (3b)

N

I
i=t+1

N-1
k

N-i )
k-2- tJ

{ - - l
\ 9. ,/

t - l

I t
N-n

k-2-

rnsteai l  of  2N i l l forrnat ion terms I(s) with SCT, we only bave

N  t e r n s  1 ( i )  a n d  N ' ( N - 1 ) / 2  t e r n s  I ( i , j )  I o r  M a r t o v  c h a i n s '

2 . 5  A p p r o x i m a l i o n s  F o r  E d g e  D e t e c t i o n

Markov chains are the easiest examPle of randon

nor,r apply theü to edge detection, we assume that

r ( i , i )=r ( i )+r ( j )  ro r  l i - i  l>3 '

and take a Markov chain of length 5 :  T = { t-2 '  t -1 '

i n l o r E a t i o n  d e n s i t y  i s  i n  t h i s  c a s e l

functions. lle 5ha11

r ,  t + l ,  t +2 ] .  The

rr(r) -  -  |  rct-zl  -  |  r<t-r> - f ,  r<.*r l

_ .f r<t)

* f  r t . -2, .)  + |  r t t , t+zy

*  |  r1.- r , . )  + ]  r ( t , t+r)

-  
{  r t t - r , t * r )

as can be seen from formula (3).

I I ( t+2 )

(4 )
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uith forür1a (4), we can develop an edge-deirection algoritbn.

lie assuxde that the crrrent irnage point together ttith its tvo nearest

neighbors on each side ilr the same collllut ford a Markov chain of length 5.

No dependeaces beF,reen the .olrrms ar. nodele.d. This algorithn can only

find contours orthogonal to Ehe colunns (see Fig. 2a). The same algoritlm

üith the rows nodeled as Markov chains detects edges only orLhogonal to

the roirs (see !ig. 2b). combined, the process running in bolh directiöns

resuits in a bihap with ealges detectei l  in al l  d irect ions (see Fig. 2c)-

: -'7, i:tlt:-:E

=

;i

a )

Figure 2.

. b ) e )

Markov-chain-based stochast ic ealge detect ion. a) x-direct ioa only '

b) y-direct ion only,  c) both direct ions conbined.
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the inage for which f ig.  2 presents the detected co$tour6 is sholtn as

Figure 3. original inage.

as shor,m in Fig. 2c, the fol lowing thresholdthe bitnap

i f0

1

To obtain

i s  ü B e d :

I
B(r )  =  <

L

J r ( t )

Jr (t)

r (r)

r ( t ) .
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An edge point is assumed 1"'iren the infoxmation density is higher than in

the independeot case.

lle usea! here a rough aPproximation for: che inforlDation density of a

Markov chain because points LTith a distance of more rhan two poinls are

approximated as independent, Also' the use of one_dirnensional randon

funct ions on inages is a poor sinipl i f icat ion, s ince one i 'ou1d l ike to

n o d e l  d e p e n d e n c e s  i n  t h e  x -  a n d  y - d i r e c t i o n s  s i l n , r l t a o e o u s l y .

3 .

we have deduced the fofirule for the infotmation density of Markov

chains rhich is üsei l  in this sect ion. In this fornula, the inforDraEion

tenas I( i ) ,  I ( i , i+1),  end T(i ' i+2) occur.  I le now discuss solut ions to

deternine these velues.

J . I .  F i r s L  a n d  S e c o n d - O r d e r  S t a t i s t i c s

ln an image of suff ic ien! s ize, we can deternine the Probabi l i t ies

p(6 i  =  e ) ,  P(6 i  =  c r ,  e i+1  =  s2) ,  änd P(E '  =  c1 ,  E i+2  =  s2)  f ron  the  f i rs r

anal seconal-oraler stal ist ics.  The general  idea behind this stochast ic model

is the assünpt ion that the probabi l i ty ?(€i  = e) only dePends on the value

g anal not on the value i ,  aoal thar the probabi l i ly P(Ei = el ,  6j  = 82)

only depends on 81, 82 and l i  -  j l .  rn this sense' lhe Markov chain is

assumed to be stationary. It must be reEar.ked that this approach does üot

gualantbe the Markovness of this probability distribution' The Markovness

can be forceal by determining ?(qi  = gt '  Ei+2= c) t i th malr ix mult ip l icat ion

fron the rrarsi t ion probabi l i l ies codputable vi th P(8. = g) and

?(Ei = 91, Ai+t= C2),  The algori thd i r i th the stochast ic nodel based on

f irst  anal second-order stat ist ics can deLect contours (see l ig '  4) '
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Figure 4, Resulr of rhe
nith first and

stochastic edge-detection algoritfuir
second-order 6tat ist ics on1y.

We 6hoüId nention an interesting geilanken experiEen!. If we take
an arbi trary permutat ion of the f ia i te set c of grey levels,  iü üost
cgses the resulring inage rail1 be a nore_or_less homogeoeously grey inage,
rrhere an observer cannot see l{hat it represents. But the aleoritlm
described here detects the sanre corEours as in the or iginal  inage. The
second-ordet statistics have no peak in rhe diagonel, but tbe infornation
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def ls i ty is the saure for each image poi[ t .  For this sdrpr is ing effect,

the quant izat ion is responsibie. In this sense, the stochast ic edge-deEeccion

algori t tm baseal on f i rst  and second-order stat ist ics is an analysis Eool

for inages.

To obtain an adapt ive version of this algor i thüt,  the f i rst  and second-

order staaistics can be deteroined for an apPropr:iate neighborhood of rhe

current image poinl. 1n this case, the landom function approxinäted as a

Markov chain is no longer stat ionary. This approach ref lects the fact lhat

hunan observers see conlours !,/ith respect to sone neighborhood, but inage

regions far aüray do not inflüence the contouls.

The approach with first and second-order statistics has the advantage

thaE also contours in image regions r,tith Lreak conlras! ale follnd- contours

are detected the Sobel algor i tbm does not f ind'

3.2. Art i f ic ial  Probabi l i t ies

The second-order stat ist ics for points close together in natural

iüages üsüally show a doninant peak in lhe diagonal' because the probability

is high that the poif l ts have more or less the sane grey 1eve1. Insteäd of

deternining the f i rst  and second-order stat ist ics '  \de can conslr l rct

ar l i f ic ial ly üni form f i rst-order stat ist ics aßd second-order stat ist ics

w i t h t h e i l o n i n a n t p e a k i n t h e d i a g o n a 1 ( s e e F i g . 5 ) . T h i s a p p r o a c h g i v e s

r e s u l c s  s i n i l a r  t o  t h o s e  p r o d u c e d  b y  t h e  S o b e l  € l g o r i t h n .

A variant of  lh is approach is to determine the colrect f i rst_ordei

s t a t i s L i c s  a n d  L o  c o ' l s t r u c r  L n e  s e c o n a - o r d e r  s L a L i s t j c s  o n l y .

This approach has the disadvantage that the probabi l i ty dist t ibut ions

do not ref lect any character ist ics of the image given. I t  is not in the

sense of stochast ic inage processing to take one stochasl ic nodel for al l

images possible, where the main idea is to translate the knowlei lge about

t h e  i n a g e  i n r o  a  s L o c h a s t i c  m o d e I .



i .  ' -
.c;.i|

Resuii of the stochastic eclge-iletection algorithm

with art i . f ie ial  stat idt ics only '

::,:;-,'.

Figure 5.



3.3. Mixed Approach

we can inprove the approach of the first anal second-orcler statistics

by the approach of the artificial probabilities l'ithoul adding its alisailvan-

tage. we retoüch the original secood-order statistics by addiag sone points

to rhe diagonal to accent the peak. Thi6 is the. for:m of the algoritbm in

ü/hich ve discuss i ts results (see Fig. 6).  The co$tours should be connected

a n d  r h i  n .

':. i : :tt::

iF.:;'l, id,

Resült  of  the stochast ic edge_detect ion elgori thm
I. ' i th art i f ic ial ly enhadced second-orde! stat ist ics.

I igule 6.
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3.4. The Sobel Algori thn

To compare the algorithrn desciibed, we üse the sobel algoritlün k'hich

is easy to inplenenc anil Proaluces excellent results [5]' The Sobel al8orit]ün

calculates the convolution of the inage ldilh the two matrices

and cornbines the tl,7o results witir a non].inear Point operation. i,Ie imPlemented

the rEs point nonliüearity. This algorithm has the disadvafltage that the

thresholal must be optiTized by husan intervetllion' In Fig' 7, we lried to

suppress aL1 insignif icanc points anal to shon al l  the contouis detected'

f-r o rl [-t 
-z -t.l

l -zo2l  ,  lo o ol

!'o'l l', 'l

l

t1
ä

Result of the Sobel edge_detection
algoritlm.
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3.5'IresPls
we now present a series of inages with lhe results produced by the

stochastic algorirhrD described and by the Sobel algoritbn. The examPles

are selected !o denoüstrate special  problelos of edge-detect ion in general .

The scanned text inage we present first shons noise due to the revelse

shining through the paper (see l ig.  8).  with requant izat ion, the noise can be

r dtr I CnEBYCHETtSChen

P {1". -

Lich ist die I{erxorrsclc

lie aormale Stabilität hin
ind s. - E (sJ gleicbmäB:
, l :  .  . '  l

Tigure 8.

b)

Edge detect ion on
edge detect ion, c)

scanned text.  a) or iginal
Sobel edge detecl ion.

b) stochast ic

c )

image,
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signif icant lY

good that all

reduced (see l ig.  9).  But

edge-detect ion algot i thms

this case, the

detect more ol

contrast is so

less the sane

for

' - iJr

r der TcnEaYcHEFFschen

r I ls" -

| lich ist dic IrIARKoFFsclt,

lie normale Stabilität hin
ind s* - E(s") gleichmäß

G6 i der lfamrvcsErl*äen

P{1"' -
lich bt die $anrorrräc

lic nffüsL St8-btlitÄt hin
inil ro - 8(s.) gl€ü,tutß

b)

Figüre 9. Ealge deteclioa on requantized

b) stochast ic ei lge detect lon,

P {lt' -

lich i5t die M. ARßorrscÄ,

lie nomane Stebilität hin
ind s" - E (sJ gleicbrnl8:

c )

scanDeal text. a) origioal inage'

c) sobel edge detection.
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In ! ig.  10, the t \ ro algor i thf ls detect di f ferent contours. The stochast ic

a.[gor ir tur I inals contours around Lhe ear,  L;hi  le Lbe Sobel a]gorirhn gives

a good contout of the tree on the r ieht s ide of lhe house.

I igure 10.

b )

Edge-detect idn
detect ion, c)

c )

b)  s tochast ic  edgeexanple. a) or iginal
Sobel edge detect ion.

image,
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Edge detect ion in noisv images is a Problen'  I ' ie changed 102 of the

image points of the illlage in Fig. I0 randomlv into random-generated grey

1eve1s. The Sobel algor i t lm fai ls,  and i t  should be noted that both

algorithms use the salre number of inage Points to find the contours' but

arraf lsed in di f ferent foros (see l ig '  11).

b )

Iigure 11' ndge detection on the
a) orisinal . image '  b)
edge detection.

c )

inaee of Fig. 10 \ , r i !h noise added.

stochast ic edge detect ion'  c) Sobel
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l,le present tllro other exaroples in ligs.

contains many changes in contrast which give

second inage has very unsharp contour:s i/r'hich

12 and 13. The f i rst  iDage

the impression of noise. The

are hard ao detect,

b )

Edge-detect ion exaople. a) or iginä1
detect ion, c) Sobel edge derect ion.

c )

".,i:1.'"1
'i#i
'".i.fl

',cd.., l;\

F i g u r e  1 2 . image, b) stochast ic edge
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'tltA--

!  lgure

b )

13, Edge-detect ion
detect ion, c)

. 1
:..f

c )

exarnple. a) Original  inage, b) stochast ic edge

Sobe1 edge detect lon.

The last exarPle should denonstraEe

larger regions mlst be taken instead of

that,  for stochast ic edge detectron,

a cross with nine image Points '

. t t t -  .  . ; .
- 1,. .". )
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4. conclusion

In tvo different processes, ite modeled ilhe rows and columrs of an image

as ltarkov chains. lor these, we calculated a very rough appror.imation of

ttre infornation density JT(t). An edge point is assumed when the infon0ation

density JT(E) at point t  is greater than the value for the independent

case I( t)  for at  least one of the ! ! , ,o processes. To calculate the infor '

nat ior density effect ively,  the prot 'abi l i ty distr ibut ion of the in0age nust

be givef l .  I t  can be deternined ei ther via f i rst  and second-order stal ist ics

o r  v i a  a n  a r t i l i c i a t  c o n s t r u c L i o n .

--  div ide the process inlo two processes, one

in the x- and lhe oirher in rhe y-directio$. In image processing' lafldon

functions arith two-dinensional index sets should generally be üsed. The

inlent of  this prel ininary solut ion was not to Present a f inal  edge-

detect ion algori tbo, but to demoostrate the feasibi l i ty of  the concepls

presented in [3] ,  and to give sone idea5 of the di f f ic l r l t ies in stochast ic

inage processing. The important remaining problen is the development of

better stochast ic descr ipt ions for inäges'
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