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ABS FRACT

The purpose Of' this thesis IS to des elop an algoriti;- cr\el1tl1:'1e

corrupted bv a hi1 level of' noise with, dilrent cImructcrist ic S. In -arIula!Ir r i~c

Inlaees considered are composed of' scycral regions dLsLrihin dMl-: nc-a~s*i'

h&Akeroun1d. The aleorithm described is based on a FNI 1r' 'D22 deI<IE

miodel of- the Image and us~es Kalman F iltering (K I- tech n1iLqus iud D'.aami

Progranummug ( DIIl in order to smooth within the reaions. 1 hie theoretical bc on

f'or one dimensional and two dimensional data which1 ive dilfibreut caatnt n

simulaition results are presented, with examnples of' synthetic data and JujIL-craciCr-

Licae!es.
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I. INTRODUCT ION

The objective of segmentation is to divide a given imaLc into meaini: ul je-'ons

or units. In many vision problems the first task is to distinguish objects to ,in.: .-

between various obstacles.

A general vision s- stem for Artilical Inzelligence appi.ations can be e.oi:cset
in the followin- blocks:

I. Data ac.juisiaiot: The picture of interest can be taken by suitable ta!)In.s for
these purposes and can be digitized using proper soluxare and nard-vre.

2. ,Scgtpt' ~i,,nt: Removing noise and dividing the imaCe into siniicnt reions.
.nizg't' uwdrsandb,: Deciding which objects are present and cliss'iF-in themi
according to size, shape. etc.

The general approach at the basis of image segmentation is basCd on tile

identification of different properties characterizing the regions of intcrest. For

example. several objects can be identified by their average intensity le;vels or t-y the

textures on the surfaces. The task of an image segmentation algorithm is rhcvctbre to

identify the regions from the vision signals which contain noise (due to the elcotroic

emton-ent and othr environ-ental factors such as turbid waters in uwderw.;t'r

environments) or uninteresting details. Fcr example, if it is desired to rec,.niac -'e

presence of a house in the picture. we need to segment the image by disregarding tnc

doors, windows, cracks on the wall, etc.

Altliough all the metbods in the literature for segmentation are well Su-tcu to

niost of the cases of interest, they have poor performances in the presence of ;A Li:h

level of noise. In the cases of noisy data statistical techniques are moie suitable. In

particular these are based on classical techniques of estimation. such as MaxihiUnM

Likelihood (NIL) or Maximum a Posteriori (MAP). Statistical estimation teclnques

rely on the use of distinct statistical models for the original image and for the

disturbances.

In this thesis we present a segmentation alg:orithm for images 11iected Ib. a l.Ic

level of noise, based on statistical techniques. In particular we use Markov Random

Fields NIRF) as a model of the ori,nal image, and we assume White Gaussian noise

as a model for the disturbance. The ieason for the choice of NIRF is based on everal

considerations:

I. The% extend one dimensional well-known models to the multidimcnsional case.

aa,



2. They relate global statistics to local dependencies of' the data.

S. 'lcN can model compact. distinct regejons hv a suiltable 1 - cIce of' parametcers .

The smoothinu is obtained by a combination of' NI RF (for the transition het-xcen

regjuns 1, Kalman Filtering 'Vechiiiques (to filter within the regionsi and D\ nLIno

Programming (to determ-ine the best seqIuence o1' edPcs Which intximi1111s the likelihood

Related to the works of' cznientation, the alc'orithms of' Derin. ['1liott arid Cristi

[Ref's. I,21, (lemon [(Ref, -3,. Bes ag [Ret' -41 ha'.e shown lie etlect i cness of* tie~e

tchniques seg11mnti muges corrted by- 3 high lev'el Of' noise. Parallel to these,

works, a combination Of' Autoregressive and NI RE models has been presented by

Therrien [Ref. §j to ;cerment teXtuired iages of'terrain data.

In the next chapter. the p~roperties of* modeling the original scene by Nlarkov

Random Field and choice of the parameters in Markov Random Fields are presented.

IEs timiation alcorithnis f-or one and two dimensional data Lire c'iven in Chapter IIl.
Finally, simulation results For different characteristics of data are the subjcts Of'

Chapter IV.



11. STATEMENT OF THE PROBLEM AND \IODELENG L SIN( i\IRi

I lie problem to be addressed in uhi clia pter Is 3 a- to M()U1d1 t!;,

andisc~tIn.t:rtlamn the Li~cn obe'e a A\s siill n tic l:.;u:K. ot

niodel Cor the oricinal zcene is assumecd to be) a Nlarkcv RandaJ,:a l icl X: \ RI i ..

procper-tie's are discussedi in tile next 'ectnun. As explailicud belouw. t[le xn:.

basedc onl a Ila\ esia n approach and a NIaximnui a Pu stcroi I(N IA I' :x h:

A. PROBLEM STATEMIENT

Let thle orliial scene X = Nkt be a radOlI 11I Okil on I'Ia [nUX0 1:~cI~aa

lattice L = :ik-t) E I2 : k :5 N. 1 5 t 5 N,; wic Z is tile set o i cc

AIsUnn dis,.rete valueWs F1. F-.P .~ wich are constantt in rctuns R-.P,.P .. .~l

R. C L and P.. nl R. I-) or Itj. For e.xamiple this ight bQ the case a: e' er Ll I-3'0eCtS

with dlkrenlt intensizv lcees.

A\lso let X be corrupted by an aidditive noise and mnodeled 1-v arah. ed
WV = k.t) E L. Furthermore. WV will be assume1d to be I \%ht (JLLsanfil

k~S.

w ith -ero m-ean and Known 'variance a2. WV Is idciitically Iidepenldenly k~ ~
Li.I and indepenident of' N.

T-herefore, the obs-erved imiage canl be ienl by a randjoml field Y Y a

where ( k.t ) E L and e .. )Is an airbitraiy unction. in our case wke as~un.C iaC

noise. and therefore the observed signal cam be expressed as

Y =X +X .k,= kjt kjt

Now, the problem is to estimate N frin thle data Y. Sincee WC~ui t..i:l old',

noisy observations are available. IIIC estimate canl he obtained by inlax liza n of, -lie

a postcriori disribution of the sxemi with respect to x by a Ba- esianl applroIli.

I icrel ore

A

\1v = ma\ P. (,>



%khere x Is the es tinmat at' oripilal Ncene aind Px Y, ~fL t

As 't can be seen CFrom [qutationa 2.1,. the pro VeInI 1 (b 1i.C .

probability ot' g ixen v. Ihis formn nf i3ax e~ian.,11t1a ' i~'.I

,, i or MIAP e~timaition.

Biaxes tactoi/a"tion and the o~ci Ac 10 I r:thIIot. U<cr,1 or. ..

ITT IX) = Ilia\, 1,1y x

41he two) likelihood terms oni the lefi tand ri-,Li hand ol~ tfqa:

deternmed b. [lhe model of' Nand of' tic dtrxne.IL he1oelo :I

LIs41 IIed to !e aI MIarkov RadI om IIII CId NI R I Liil k formIl' -I :::. I P

Ret 3~f': p. 72-4 and by ['liot. I ern. Cisti and ( eman [Ref s. .

B. MARKOV RA.NDOMI FIELDS (NIRFI

Do'7ini''n: Let L be a tinite latzice L k. : I K :S ~I <N_ _

denixed as, a sul-et: at L so that ( k,tt E j. whecre ik.r) E L ai"nII.u E 11

only- i' (k~t) e i~'.Then a random field X = Ak -1 w h thei propeaxT

~'k.t k.t'N.x..i~EL

is a NI arkov Random Field with neip-hborhood

A Nlarkov Random Field can be illustrated as in Figui e 2. 1, % where 1,

01t tihe element (k~t indicated by a "' depends on its nelibcrs i~~dV

only. 'vwo simple neighborhoods are shown in Flizure 2.2. 'These arc:

;(I~ U )2 +4 ('-n)2 < 1I

and

I ln) :0 < 1i-I1)2  )2- (j- <

RelatIi'.e simple neighborhood systems as in Figure 2.2 are adequain r,.cJi. III:

s.eiics oft iiiteresz.



o0 0

o0 0

Figure '-A Dependence oF '\irkov Randoin FjelJ
1~x F e~ tnn~else)

a 1..

rigure 2.2 Neighborhoods ij I (a) and n.'j (b).

Although a MRF can be considered as a multidimensional exItension of a

Markov Chain. a difficultv exists in definingc \RF. In fact the Main concept at the

basis of 'Markov Chains is the concept of transition probabilities. These are subje:>N to



id conditions and they relv on the fct that an odcriiig can 6e c,.joe "

dimensional problems. This is not the caise in iiiul tLdinlc i on d pi-r,, lm, ,

ordering of'points in gceneral does not exist. v. hid.h prese',nts a di11,.li i, t.: :"

of transition probabilities. Beca use of this we have to approua.i .\[Rl-s i.:n a ,. ic: .t

wax from the .I arkov Chain,;e.I heretbre. to dCteriione the tru,.tre 1[ , :li- j l.t

proba hi litv of \IRI models, we need somc new dcl idtuo n u riRd tileorcai,. I n

particulr the joint proba bility is hascd on the con.c;t Of (uiW , C:'en belu

l,),tliiw: G ieni a Narko v Random I-icld I MR F) \kwth ticighbo s1 , i.,, ;, ,, L

set of pixels which are neighbors of each other I ReCV 0: p.1 S]. 1 he ',ariou>v Li .

cliques [or r.  and r, z are shown in Liure 2.3. Based on the deliniicn ,. ,,-

the j'oint probability of a .Iarkov Random Field with neighborhood i| can be e.,-,,u

by the following theorem:

Tcort', (tlanmerslev and Cliffordi [Ref. 6: pp. 192-1991. SuppoSe X is Sn \1IF

such that Px(x) -) for all x. with niithborhoud i. Then Px(X) can be d-:5:ed as

following:

) L U x )
Px (X) = - e .S

z

where

UX)= CV(x) ".9 1
LE'1

is the set of all cliques as shown in Figure 2.3 and usualh- L(x) is dCfined is the

energy function. V (x) the potential associated with clique c, and the partition fuaccion.

Z is defined as

Z = v e U (x ) 2 .l .

which is a normalizing constant that causes PX to be a consistent probability measure.

On the basis of the above theorem we can arbitrarily assign a joint probabiiltv of

NI R Fs by the potential functions V (x). The only constraint on V (x)is that it has to

*' 13



Figure 2.3 Cliques for Neighborhood Systems 11i~j (a) and n. 1

1)e finito tfo-r all x. It means that the form of V (x) is fixed by-, the struIcure of' the

iattcc zivcnr by Kindermian [RefI SI.

in order to understand the above result and definitions, the joint probability of'

any Nlarkov Random Field with neiehborhood r* can be written as

1~x~ Vv 1i\.d) -vZ(Xk.t-1 Xkt) -~3(Xk1 ,t'k.t)l'(2. l

k.t k.t k.t

f'or the case in Figure 2.3 (a).r

%. . .



De'/iiiion: A NIRF which has all nonzero probabii! as in K, :,. 2. 1.

namely, Px( x) 1 0, is called a Gibbs Field (GI'. The GiiLb rn-dul -ai I-, ,

model the spatial interactions between region;, in wlilh a pixcl d its ickiA:,r .

,imiiar statistical properties. In other words, it IodeJ > itial c t1ti1 . :.h n

characterizes the images we want to segment. \otC that the structui cc* P.\t 11

relati ei cimiple for v as in Equation 2. II Its complexityv increases ;osidr. KIr

lai ger neighborhoods. For that reason, in general only the lower sets 11i.it and lj'.]- arc

considered practically applicable, and even in r,,- cliques with only on.- k t.'.

elements are taken into account. In addition, the (ibbs distribution ni,tLi aiso 'ic

used to model textures. In our problem we just want to model tile tact that t,2 mc st

likely scenes have regions which are clusters of ptxels. and the .Markov Rarndcm --c

model is adequate For this purpose. provided by properly assigning the potential

functions. A particular model we are zoing to consider in this thesis is the N RF with

neighbors r l as in Figure 2.3 (a) and with potential functions defined as:

V(xk. t = 02.12

x if XkA = Xkt-Iv'\k't"Xkt) = x3(xk" t'Xkt = - otherwise 7.13"

for any value of' k and t and f a positive constant. The larger the paramet.er 3, u ie

more the joint distribution PX is peaked around smooth realizations. By this deIT.iition0

we can write the joint probabilities as

Inx(x) = P {Eg(Xk,tXkjt 1)+ K(X k-l,t }  hZ(.4

k.t

where

g( \ = Ic.1 ifxk. t = Xk.i.i 2.15)g(Xk't'Xk'l't) - I o otherwise

Also, by the assumption of Gaussian noise w ith zero mean and standard dc\ :tior. (.

Equation 2.1-4 with Equation 2.4 yields the likelihood as

," * ) '' " " .0 • ' . . . . . . 4 r' , r ' , ,€ ,\ 4" ,I ,V ", • ,, -,r " " " "



tnPyvx(Vf\+lnPx(x)=. Yt -x + 12. Io

k,t k.t

I lence. given the data = v in noise, the noise model 5). cr and the Gibbs field

model Equation 2.14 with parameter J3, the estimate of the oriinal scene is given by

X= t xk. t , such that

I- .,xk.t.l) - g(Xk ,.l x 2} (2.17)
2ar -1 j k.t k. 1:(kX kt1

k.t k,t

is nnimal.

In particular there is no need to undertake the difiiculty of calculating the

partition function Z since it is a normalizing constant. So. it was omitted in Equation

2.17. Approaches to minimization of Equation 2.17 can be based on relaxation

[Ref. 3: pp. 730-732] or deterministic [Ref. 4: pp. 266-267] or Dynamic Programming

[Ref. 2: pp. 44-45 and Ref. S: pp. 12-13]. In the next chapter a difTerent approach to

minimization of Equation 2.17 based on Kalman Filtering techniques will be presented.

C. CHOICE OF THE PARAMETER IN THE NIRF

The dificulty in using the Gibbs Distribution as a region model is to estimate the

parameters of the model from specific realizations. Some methods have been used

previously to estimate the model parameters. For example. Besag [Ref. 6: pp. 211-2121

suggested the coding method where the parameters are determined from subsets of data.

This requires solution of a set of nonlinear equations. Another example of the

parameter estimation method is given by Derin and Elliot [Ref. 2: pp. 43-441 which

uses standard linear, least-squares estimation. This has been proved to be effective in

modeling textures by GFs. A different approach was used by Geman [Ref. 3: pp.

727-7291 which defined a simulated anmihiling, where stochastic relaxation was

combined with monotonic increasing parameters.

For this thesis, the parameter ]3 of the model in Equation 2.17 was set by trial

and error until a reasonable liltering was reached. The optimum value of the

parameter 03 is smaller for high values of signal to noise ratio. So, it is necessary to

modi y this parameter as the signal to noise ratio changes.

16
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Ill. SEG\IENTA110N AND SNIOO ILN(,M 0 N11E IIE"NSlUN.ILAND
TWO DIMENSION k~l -SIGNALS

['lie CoantenIt at tis chlapter is thle \CgmiimIita1oii l"()it11:1N tor eciueiiwd

"lnd twVo dii iICnISUIoal "ikl. r-oilo~~ir a1 it fa.u N kra~.C :i

thC orucinal data IS otaItllCd by minimIzaion0I atth-USt I'LIII uiictia bei L I lqaa-tioll

2. 1-. 'lo provide tis, a sinoothin2 teclinh tue is de\ ised which is hasdi~ a

combination of' Kalman Filterine (KU) and Dx naic Pro~znriui iL (Dil. D ai

Pro g raniining IS used to determi ne tile best Sequence at' ed-es wichincn.cte

likelihood function and a detailed algorithmi is presented in Appendix A. K~ra

Ilti iing is used to tlitter within the regions. Tis til1teririg tech-niquet- is preielred

becauIse thle Kalmnan [Filtering is the best linear optimal estimiator. If the nloise inl tile

data IS assumned to be Gaussian, the Kalman Filter gives the mrrinium -iriance

estimate11 Of thle original Scene. In particular it evaluates the conlditional nv~tUi thle

orignal data 2iven the past observations (measurements). If the as;suimiini ot

Gaussian noise is, removed, the KF yields the best linear estimate.

In the next subsection, the segimentation alLeorihm for a blinary sequenic (i.e..

one which assumes only two levels) is presented and the result will be cxtcnic to

general mlultile vel cases. Related computer prograins arc included in Apendulx 13.

A. BINARY SEGMENTATION USING DYNAMIC PROGRAMMING
A LGO RI THM~
Suppose that it is desired to segmient a binary sequence havineu lu :ic level "I"

and 'Q- which are related to two intensity- levels (gray levels) corrupted by an additiVe

noise. The noise is considered as a zero mean Gaussian noise with a known sitn~dal d

deviation a. In the general imiage processing extension, we can consider a lceilc V0 as

a background and a logic "I" as an object. An example of 'the original sequenceL, and

the noisy sequence is given in the next chapter.

Let x. be the logic values at' the original data of intensity levels, which .vsicn

real numbers F(0), F( 1) to the regions denoted by logical zeroes and ones Aepc iey

Then the noisy data can be given as

Y. = F xi )+ NV

where W. N (0 , a). We can def-ie the signal to noise ratio (SNR) as

17
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SNR _ _ _

III tIs section wve assume to know thle levels Fill ) H and thle oi a e -

H ere. the assumiption of F and (r known is not rcetricti\ c. since'arosd rtli\

exlist in the llterrt ture which enable one to etiniate means and \atria ce olf n AxL':S sOF

(iii s, ian 11pUldtions. We have seen In Chapter 2 that a NI RF cahe Ltrhitrai 2v

assign1ed by the potential Function V. InI rarticular we can moudel 1,pati 11 L1%~~t

'ass igLning hi-li probabilities to smooth sink.1his ~an be achileved by aiiv h

likelihood I uiiction in the followingz Ibrni:

N

x .. " x )1
01 1 p= vy(x. A 1.X1  i> x '.3

where

= Iifx X, 3.4
g~X1 X,) - otherwi-se34

The parameter P3 models the smnoothiness of' the original data. In rccu:Lrsic f'01o11
the likelihood function can be written as:

A

with =0 . The estimate x is obtained by miaximizing over all possible rca liz:aloiis

x. Applying Dynamic Programining DP~ algorit hm in Appendix A,\ thle 11A..i1111.12 o

k is obtained. Results of segmentation ol noisy blinar-y. Image is giveni in Chapter-4
kp

le a -,I Ir

.'. 6 M L. N..% _, V. , . 1 mf** ~ -*



B. S.MOOTIIING OF PIECEIVSE CONSTANT SIGNALS IN O).NE
DIMIENSION USING KALMAN FILTERING

The algorihm presenited Ii the prey jous sceutio for ii~r a. sNi~

s!Wl1 n ber of' lc cls . :\10t 1.u-11 it Can1 he :Cciiralizcd to aiw, iiuni )cr o!'. . i. r

comlpi-eXity increases c:onsiderably and ice-omeks uilIbe~Sab]IIn IIuL11 :ill\tiI SO. .

for onec and two dimens;ional 0 bservatioiis which have mo rc thaniV' * L' C

wc niccd to scarchA for- a di1h'reiit approach.

-\s mentioned inthe flirst secion of this chape.anwaciiiii\~iLau.sta

Kalman I ulterine- tChIikjues Zand Dynamic Prograiiuiing is dcv eloped. In Ipic~uI

filterlinL is concerned with the extraction of' Slinls from,1 iioisc. It, the ocvt~ n

orliial scene are modeled bV linear stochastic models, a soJltion to 11'k2c:ca

Filtering problem can be obtained by use of' the Kalman Filter.

Due to the assumed piecewise characteristics of" the data, tL~e realizatiUons of' Y

c-1n be mlodeled by thle state-space models

-t *i + 37

where w is Gjaussian 7ero mean1 i.i.d. with standard deviation a. and v Is noZ10li" atI I
the edges between regions oinlv. B%- defiinu the original data X in onte diracasion a

X = Xt . t ELL L = 1.2... Nf'. the one dimensional %larkov inodel corresponaun,- to

* \IRU: has Joint denisity

lnPx(x=I1 '(xt,xt 1 1 ) - lnZ

* te L

and the likelihood function to be maximizcd like Lquation 2.16 is

(X=- - Yt1 x1? + P3 I . 1 1  4

Mi ere the first te:rm on the right hand side of this equationt uI-0iP.s 1uroil LmC LlUl:e alid

the second term is the potential defined bclrer.

19N
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The Kalman Filter tor the state-space model in Equation 3.6 and .! ~~~:c
b%- the recursion Equation 3.11 as

XL L Ks. 1 (yt-XL) 10',; t

where Kis the Kalman gain. When an edge is detected the 2ain nieeds to be
t6

reinitialized at that point. To do this, define a binary sequence

3'.

w.hich has a logic -V at the Qdges between the regions and a lo2ic T0i)t" c~os

Just to gzive an examiple, let's say T, [t. t -1aniT,[tt-1were.T,. T, are

adjacent regions and t < t, < t. WNe can define v .=I as sliowni Ill

F>:Lure 3.1 In zenerl

V L lIift - I (-T.kand t T,1fr sonic 1.2)
ot hllerise

Vt2 =1 Vt 3 =1

T 2

Vtl =1II

ti1 t 2 t 3

FIL~re .1 A ExmpleforAd~aentRegilVt

20.



'Ihlen thle estimated dlata can be determined [in thi. iiois'. Ce.4LIerpC V :>V

3.11.) and 3. 11 as

A

w here

t - I, - I otherwise S1

Filtering Equatin 3. 13 yields thle estimate of' x a

where tstands for the distance of t from the nearest left edge. Equation 3. l0
expresses the Kalman Filter as an averaging of' tile measurements.

In the case that the edgzes are not known, observe the f'ollowino'1L:

1. Given thle noisy data v for any binaty sequence in, thle estimate 'X Is well dcilied
by Equation 3.13 -3.15, call this estimate x(mJ:;

2. The g(. .)term in the Markov model Equation 3.S and thle likelihood tuniioni
Equation 3.9 can be interpreted as a penalty to the edes. I ron tiic
dependence of x on the sequence mn stated above it can be wrizten.

r AlIifi 0t

Therefore wve can derinc the function

214.



7tint  = ( .1.,

Sit l m t = 0
L r I It lilt =i

e L let vi, xi. '), mi  be the sequences and .x. H. up to index j. ;r

instance J . v.v(. \Vith this definition the likelihood function
Equation 3.9) associated with ttle estimate of'x satisfies the recursion

( n +11= (J( r. i -- .v. (y -X n4-1(n ' J - O Ilmnv l) (3.19)

In the case of the index set is L 0, I.N the likelihood function F'Juation
3.9 for the estimate x m) is

"xr\(m) 3, (20

By these considerations the smoothing problem of the data is reduced to

maximization of the likelihood function Equation 3.9 with respect to all binary

sequences m. This can be done using the recursive formula Equation 3.19 and

Dvnamic Programming techniques given the details in Appendix A.

C. SMOOTHING OF PIECEWISE CONSTANT SIGNALS IN -,O ,,
DIMENSIONS USING KALMAN FILTERING

There is a problem in extending Kalman Filtering techniques from one dimension

into two dimensions due to the lack of a causal state-space model for higher

dimensions. Anyway, we can determine a two dimensional recursive formulation like

Equation 3.13 - 3.15 by assuming the estimate x as the average value of the noisy data

within the reeions.

Proceeding just like the case in one dimension, a smoothing algorithm can be

developed to maximize the likelihood function given below:

N N NI J.'P

1(k.t= -2- ly(k,t)-x(k,t)ij3V(xk t~k ) + IIg(xkrxk.f, (3.21) ,

k.t k.t k.t

To do this, first assume the edges to be known, and define M = :mkIt where rnk.. E

Co.le I .for each (k,t) e L. e. being the four combinations of edges correspondingL

to the four possibilities in clique tlki  as

V



z g k.t k 1) = .22,I

and

k.t xk l.t -

These combinations of edges is shown in Figure 3.2.

e e3

Fiur? 3.2 lllus.rauon of dzes.

Some definitions are given below referring to Figure 3.3 Cor eac:h point Ek: L 11o

obtain the smoothing algorithm:

DO'fzinio 1:r is the number oi I points between Lu~ and thoc~x~

a b o e.

Delinition 2: Z is the average value of the nioisy daca y in the, -L. x< I ireE.ion.

Definition 3: k is the numrber of' points In the ioniogeneous; reg-,on surr,)lidej

by row k. colun t and the line ofedges.

Definition 4: x is the average o noisN, data v in the reaion in WhiLil t -i

Usinhe the definitions hiven above. the filzerin.- aigorrth can be Jeelo! ed ,s

toll owinfl

Dtzt~ k: Ek~ is the~ nube ofy pont bewenkkt adtl,: ls ,.

W' A I
231



kZkt

k~

k,tt I

Fizure 3.3 IiLIStration or* Paranicters of' Two Dininsic aai Kalman F:>er

where

II

and

H k(ztsk -N5

wh~ere

Hk.t kk 
'-5,

also

24



T f k-lj Ii mkj E I

L t~kA- k.t ifkle:e
T.. t othcrX i,;

ihlis ale-orlitiln is baScd onl the !Uct thaL hr aim: 1,o( IM 1) r kil rcewti.s A 3~I

It% ri ee of a noisy% sien'Ial deioted by \oil thliein B\ A. U B3 reC re ~C"

v A(: U B3) = a \.\ av1

%k-h111  A A U 13',1 = B, A U ill where. den otes the tinmer o: c.:

the set. 1 he recursion Equation 3.-24 comPutes the averaCe oil A\ cnd L ~:;1
the averaice on A U 13. As InI the one dinietisionai c-Isc Ljuationls 3.21I - 31.24 27ce

It w el-detlined mapping wh Ih iSSOCiateq a.n estimte mi N to iny -,Id -)Cce'.
A x N

C. e.e~ .\MnaLoouS COns ideradtions as for the: one dincn'ao mc
to the hikclhood Function as

Ilhe re f , eIe

vkJ

So. the estimate xcan be determrinedl hb searchue,- o'~cr all rosqibic sets c ~: la

order to find 'x which miaximiizes the I kel; hood I L11It un EJuationI S2 1. 11. .&.'

Di)'iamiic PrograninIdig algorithml IS uICdI to ma1,1\11111C the l1ieLoad I Urn I .

d Ime ni o ns.

%p



IV. RESULTS OF SIMULATIONS

A. ONE DIMENSIONAL SIGNALS

We started the simulations by creating a one dimensional two level binuv

sequence which ihas 12S points as shown in Figure -4.1. Gaussian zero mean noise

with different signal to noise ratios (SNRs) calculated with the formula given by

Equation 3.2 was generated and added to the orii nal signal by using IMSL ;ibrarn

subroutines. The noisy sequences are given in Figure 4.2. -4.3, 4.4 and -4.5. Here. the

standard deviations for the noise are 25. 50. 75 and 1o00 respecti',.iv.

IL

Fi,.ure -1.1 Originnal Bmarv, Sequtence.

p20
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Figure 4.2 Noisy Sequence &uh ~=5
SNR = 4.
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Figure -4.3 Noisy Sequcit-e %vith a 51)o
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Ficure -4.5 Nokv Sequence xich (T= 1I)S
SNI X It

The seizmentatton algorithim explained in the first section ot Chapter Swiach ua-es

Dvnamnic Prooramnming was applied to filter out rhe noisy sinlwih ie sienali to

nioise ratios eTiven above. To imiprove the result, for eachi sIiuluii ihlaor:a
was run twice, from lIeft to right and from right to left Ini oirder to provid u ne, l

results.

T hie outcome Of simulations depend on the amodul priicc ll no~ h

smoothniess of che original data and this parameter was switchled several tiires u.a" ye

had the best seg2mentation for each casc. The values of 13 were set by% tril ai-nd error

ior this studv. The best values tbor 13 or the given S"NRs were olltaied as ,4

0.--4 anld 11.72 respectively. Filtered ;ignals are presented in Figures -i.0.*4.S ainI

k .1*

Is.e0.



Figure -4.6 Seginenced S~4CfLCILL! for (T= 25 aridJ~ .4
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FiLgure -4.9 Segmented Sequenice Cor Dfilu and =

For the case af" data with unk~nowvn levcls wxe dzvclopte'd a frn cznttn

aleorithin. The difficultv Is to estimate tile data levels. as wxell asto 1etcrnmne -,he

sezmniciation. This se2mentation algorithim is I-ased on Kaimn Fiit\ri: and

D';-nanuc Promiramming. First. this method hias Lcen apphicd to mne onedtciol

noisy signals shown in Figures 4.2. 4.3. -4.4 and -4.5. The noisy data was filtered

tWILC twUo passes). The two passes results art, shiown in Figures 4.). 411 toCr g

and 51).

34o

*~~~o 'r ~



Figure -4. 10 SegrnencleJ Secqueu~ by !KF vli r



Figure -4. 11 Segzmented Sec aence by K F with a= 5o.

B. TWO DIMENSIONAL INIAGES

WVe applied the two dimensional filtering algorithm to the test rna4ZCS Which

contain three different rezions 6~ven in Flaure -1. 12. In this test linaee th-re are "our

'4'

differenit intensity levels (one for the backeround and three for the Objccts ) Raindom
Gaussian1 noise has been added with standard deviation a= 10 and G= Y As sniowll mn

Fizurcs 4 -1.4.14.

The result of filterin is shown in Fcures e4.15 and -4.16. otic that In these
cases the noise has been removed while preserving the edos between the regions. The

vais of the parameter r giving the best results are 0=2.o for a= 10 and 1 S for

re showin a trend of this aorthng The value of P depends on the SN. R o the

noiss picture. in particular should be decreased for higher levels of ohse.

36
* **= .5*j') shoin a% tren o%. thi aloitm Th vaue d\deeds' %'s \R f

nois piture Inpariculr ] shold e dcreaed or hghe leels f nioe

36



A\s an application to a test Image in undecr.v1,tcr ci wnc. cA-.~

algorithmi to a 512 x 512 pic-tuve of' a fish1 corrnjved 1--, ie ~e
iTnI2 ~e Is sho-xn in Figure 4;.1T and the I1tered one iS \lho--'n in, f i1 -Ii. 1

si~n ~ nceof' it Is the fiict that after fltering t he 11id aid heb1 k:1c;~ ~c~'

dti tinten sity levels. \lthouigh applications to thica L1,of i he. ul are IIiJ

:nveStii-.ltOIon tho! !IcIt that the object ithe fish in this i-tse) presclnt L ~t:' .

distinc t from11OI th akground can be used for alonmatic det:ction cr litc 2nij

artitIcL1 intecli~ence f'ramework.

Figure 4.12 Original l est Iniage.
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AA

F Igure 4.18 Segmented Fish with a= 25 and P1=(.25

Analogously we tested the algorithim on a 16 level chieckboard shown In L~r

-4.11) for different levels of noise. In particular the values of the 16 levels are ienby

10' .oISo. 70. 2100, 120, 60, 140, 75, 175. 90, 65, 130, 55, 190, 110 From :mjl :urit

'reac h line. The effcts of additive noise are given in Figures 4.20 and -4.21 lor a= It0

anul (7=20 respectivelv. The noise is always assumed to be Gaussian. zero mema zad

white. The application of' the filtering algorithm is shown in Figures 4.22 anui 4.23

l timin P= 1.2 and 03= 0.7 respectively. As expected the alg-orithm filters witjll t1he

regio ns while preserving the sharp separation betweeni adjacent regions. A\lso "hok\ I, In

Fti~urc 4.22 are the edgles between regzions, as dctected by the algorithmi wlh h'

* the rcinitializations of the Kalman Filter gains.

.43
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V CONCLUSIONS

An algzorithmn to sc(egren noisv data in one d'iension1 anJ two- dI;MenS] w:s

been pr-cscntcu. where the segmients are piecewise constanlt. Thle data are JcL:nc %i'

state-pace miodels. The pxtiUcuLar feature of' the aLOorithin is to >.'LJIJfl 1fr rlic best

sequc nce of' edges in order to inaxiiuze the likciihz)od function. The alurit1' hats

emphasized piecewise constant data. but it can be ex c;;ded fo)r the data %. Itli ; eclOian

characterized IK textures to which We associate differenit :\utuicsic I (AR) niodck.

Typical applications are riot only image seemencitation but also segmenC~tationl in] specLh

anialysis, such as phenomenon separation.-
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APPENDIX A

DYNAMIC PROGRAIMING ALGORITHM

The Dvnamic Programning is an algoritimi used when the solutiun to a po Nm

may be considered as the result of a sequence of decisions. An optimal soufce af

decisions will maximize the given function, in the case that is used in this stu.li te

likelihood function Ck"

In Dynamic Programming an optimal sequence of decisions is obtaincd h,

making explicit appeal to the Principle o" (Optimuii(V. In the cases when this prirIcIpic

can be applied, an optimal sequence of decisions has the property that wh: eer the

initial state and decision are, the rest of the decisions must make up an optimal

decision sequence according to the state resulting from thL first decision. Sta'ndard

Dynamic Programming techniques are introduced by Bellman. [Ref. 91

The mathematical equations and the algorithm is given below [(r the case that

was mentioned in the second section of Chapter 3. By defining the likelihood function

as

* k k

(x xl,...,xk) = j gx .,x. 1) - - - .-F(xi)I (A. 1
j=0 j,-2 j

or in recursive form

(k + (xO'XI .. Xk+ 1) k(XOXl ..... Xk)+ Ak+ l(Xk+ lXk) (A.2)

where

k + Il(Xk + Il'Yk = 0g(Xk + l'Xk) "2a7ik+ '(k+1 [2
t\.

and setting the initial condition x., = 0 and also assuming that xk can be oniv logic

"fl or "1". we can determine the best sequence '. k0.N which maximizes

Nix ..... XN). For this purpose define

%5 %

"- k I 2:6



Jk0)= maxl k \ (),..*k-lP

a rid..

and~= k"1 k 1

We can reprc, ent the problem in the form of a gLraphi as 'i I-i-ucA .wt t c

where the nodes at the k-thi stage rcpresent the state xk(either U'or "1 , tnd ~
* branches represent the galassociated to the transition from one sItate to thie c. II

tIs way j 0 and j reprcsent thc maximium of' all possible gaimls up to xk ' a.

xk 1 repcieY hese quantities can be recursively upda.ted as

ak- I4 ma;k(i Ak + I k(+ Ck -+ I'

and

with AC kas in Equation A.3. Also we can keep track of the branchesw 'hiJh ' cl he

maxInUirn likelihood by defining, Pointerk(0). and Pointerk( I) at each stac,,e k. 1 hne

sequence x maxrni lng ~.)is therefore obtained by backtrackiine- as I,, the

Let ^Nhe such that =N^- rnax J\()

For k =N - Ito ()

\= Point~erk .lxk

end for

end



k=O k=127

logic 0

Fi~~~ure~~ L. hieo otS~ec fDcsos
k.1 (0'0

0 05

t k 0 %

A~k (1,0

STAR X. k k 1 ( '0) k+1 1'0

'&'plogicU
FI~r A.1- C1-* fBs cuec iD tiils
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APPENDIX B

COMPUTER PROGRAMIS

C
C *

k- PROGRAM BINARY.DAT
C

C * PURPOSE To generate 128 poin cinary sequia.,,e.

C IRE UIRED IMSL ROUTINES None.
C

C * IMPLEHtENrED BY Lt. Kini HACIPASAOCLU Jan. i-$F7

C
TNTEGER IITTT,FlIITT.F(128),TEM,',SETBUF,K

(JPE(UN:~i~T~r 9 E-~l'?Y.DT' A.-CESS='IDIRECT ,T:SN;
*RECL=32 ,!AXREC=128)

C
DO 10 K=1,128

IF(K GOE. 0 .AND. K .LT. 310) THEN
F(K'=100

ELSE IN(K .GT. 70 .AND. K .LT. 90) THEN
F(K)=100

ELSE IF(K .GT. 120 .AND. K .E. 128) THEN
F(K)J00

ELSE
F (K) =200

END IF
WRITE(I'K) (F(K))

10 COiTINluE
CLOSE (UNIT1l)

C
CA 1.L IINITT(480)
CALL !ERII(2,1)
CALL SETBUF (2)
CALL EW.INIDO (-50.O,300.0,-50.O,400.0)
CALL fVA-00-0O
CALL DR ,AA300-0O
CALL DRAM A 300.0,400.0)
CALL 'JAA -50.0,400.0)
CALL DRAWA -50O,-50.0)

CAL OVEA ;0.0,0000CALL D1 0.0 0 .0)

CALL DRAWA 128.0,0.0)
CALL MOVEA 0.0,0.0)
DO 35 K=1,128

X= K
Y=F(K)

CALL DRAWA(X,Y)
35 CONTINUE

CALL FINITT(O,O)
STOP
END
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C * PROGRAM EINARY2.DAT

o * PURPOSE To oener-ate orne aim-evsisi-zl 12 ui :iaty
o sequence :thi zero rfla5f Gaus z3I--f i:.:e UC
C by Dynamic Programming algorithlm tos;r:
C a noisy signial.

oREQUIRED IN1SL ROUTINES G 2JUL."

IN1TEGER PNIIIT, FINITT, F(123) .TERl, SEB -UF,I ,N1R, L
REAL ~II0rOERWGm,,15
DOUBLE PRECISION DSEED
DSEEDGS547l
OFE;;,(IIIT=2,NIA1E-'BINARY2.D)AT' ,CCESS='IDIRECT' ISAU=NW
*RECL=32,rIAZREC=128)

C
DO 10 I=1,128

IF(I .GE. 0 AND. I .LT. 30) THEN
F I )=100 1%

ELSE IF(L .GT. 70 .AND. I .LT. 90) THEN N
F(I )100 1

ELSE IF(I .GT. 120 .AND. I .LE.123) THEN
F(I )100

ELSE
F(I)=200

£ END IF
* NR=1

CALL GGNIL (DSEED, NR, R)
SIGII=7S.0
R = 51G 1A14 R

C R:NOISE FUNCTION WHICH WAS GENERATED
S(I>F(I )rR
W,,RITE(2'I) (()

10 CONTINUE
CLOSE (UNIT=2)

C
CALL INITT(480)
CALL TEPAI1(2,1)
CALL SETBUF(2)
CALL DWINDO (-50.0,300.0, -50.0,400.0)

CALL DRA'W1A(300.0,400.0)
CMIL DRAW -00,400)0
CALL DRAW-A -SO.O,-SO.O)
CALL 11OVEA 0.0,1000.0)
CALL DRAWA 0.0,0.0)
CALL DRAWA 128.0,0.0)
CALL NOlVEA 0.0,0.0)
DO 35 I=1,128P

CALL: DRAWA(X,Y)
35 CONTINUE

CALL FINITT(O,O)
STOP
END
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C * PROGRAM ONUR2

C * PURPOSE To s-ement a noisy binary secj-:ence using
C Dynamic P-rogramnrg algorihm.

C * REQUIRED IMSL ROUTINES N-one.
C
C IMPLENENTED BY Lt. 17ani HACIPAS;AOGLU March 1987
C

INTE-ER NT,i,FO,F1,OJUT,PT R(12.8,0:1) ,F(1123)
INTEGER IN'ITT, FIN ITT, 1ER;1 , SETEUJE , 11
REAL BETA, SIG: A, LiEW0, LNEW1 110-VEA,L, L1, OUT3(1 :12.3) ~MT~r:,T:
R.EAiL DELV(1 :12w ,0: 1,0O:1) I)WINDO, DRWAAc,S(l23),X,Y, SSE, SEE,"TEEF
S IGNA1 SQ.O0
? EAD(*,1) BETA

I FOFR:AT(F4.1)

F1=200
OPENi(UIIIT=2,AME='BINIARY2.DATI ,ACCESS=' DIRECT' ,STATUS=,0LDl

*RECL=32,l1APEC=128)
DO 3 r1=1 128
READ (2'N 51 (S(N))
WRITE(6 - S) S(N) , N

33 CONTINlUE
CLOSE (U?,IT2)
K 1
LO=BETA-( ((S([()-1OO)**2 )/(2*(SIGM A*.*2))))Ll=-BETA- ((S (K)-2O0)**2)/(2 (SIGHA .*2)))
DO 15 11=1,128
[=1M-1
DEL17 (1(1,0,0) BETA-( ((S(K+1)-FO)**2) /(2*JSIC.IIA*+2)))
DELV([K+1,1,0)=-BETA-(((S(+1 -F0)*-*2)/ (S .GiA)DELV(K+1,0,1)I=-BETA- (((S(K+1)- El )**-2)/(27*(SIGI1, A**2))
DELV (1(41,1,1) =BETA-( ((S(K41)-Fl)-~*2)/(2*(SIGIIA*-2)
IF((L0+DELV(K+ ,0,0) S .LT. (L1+DELV(K(+1,1,0))) THEN

LNEWO=L1+DELV(K+1 ,1,O)
PTR(lI,O)=1

* ELSE
LNEWO=LO+DELV(K+1 ,O,O)
PTR(M,O)=0

END IF
IF( (LO+DELV(41 ,0, 1)) .LT. (Ll+DELV(K41 ,1,1))) THEN

LIIEW1=L+DELV(K1,1,1)
* PTR(M, 1)=1

ELSE
L14EW1=LO+DELV ([+1 ,0, 1)
PTR(-1, 1)=0

END IF
L0=LNEWO
L1=LNEW1

15 CONTINUE
C TRACE BACK PROCEDURE

OPEN(UNIT3,IIAME=OUTS.DAT' ,ACCESS'IDIRECT' ,STATUS='NEWl
*RECL=32,MAXREC=128)

IF(LO .LT. LI) THEN
J 1

ELSE
* J=0

END IF
OUT=J

Do 44 [=127,0,-i
IF(OUT .EO. 0) THEN

OUTS (K#1 )=100
ELSE

CUTS ([+1 )=200
EN D I F
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OUT=PTR(K-1 ,OUT)

44 c E 6 ,*) OUTS(K+1),K+1

DO 55 K1l 128
WRITE(3 IKS (OUTS(K))

55 CONTINUE
CLOSE (UIIIT=3)

CALL INITT(480)
CA-LL TERIV2 1)
CALLT SETBUF (2)
CALLH -D -,uD0 ( .0,300.O,-50.0,400.0)
CALL NOVEA (-5O.0,-50.0)
CALL DRAWA (300J.0,-50.0)
CALL DRAWA (300.0,400.0)
CALL DRAWA (-50.0,400.0)
CALL DRAWA ( -50.0,-50.0)
CALL 1-10-EA (0.0,1000.0)
CALL DRAWA (0.0,0.0)
CALL DRAWA (150.0,0.0)
CALL IMOVEA(0.0,O.O)
DO 3 K=1,128

X=K
,OUTS (K )

CALL: DRAWA(XY)
3 CONTINUE

CALL FINITT(O,O)
STOP
ENJD
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c
C *
C PROGRAM TEST.DAT

C PURPOSE To qenerate a test irnai e which !,as
c three different intensity levels.

C * REQUIRED IMSL ROUTINES None,

C * IMPLEMENTED BY Lt. Kani HACIPASAO)GLU Mlay 1937
C
C

BYTE A(128,128)
INTEGER R,XC1,YC1,K,'C2,YC2,Fl(1:128,1 :128) ,F2(1:123,i:123)

C
R=209
XCI =60
Y-11=60
Y C2=60
XC2=90

C
OPEN (UNIT=S, NAME='ITEST. DAT' , ACCESS' DIRECT' ,STATUS' NEW'
*RECL=32,M.AXREC=128)

C
DO 10 I=1,128
DO 20 J=1,128

Fj~jJfl XC1**21(-C)*f-R*N

MF2XC IJ(( -±4J.7C2)**2 (R-,*2 )
IFU(F1(I,J) .LE. 0) .AND. ,.,(I,J) .GT. 0)) THEN

A(I,J)=50
ELSE IFU(F1(I,J) .GT. 0) -AND. (F2(I,J) .LE. 0)) THEN

A(I,J )=150
ELSE IF((F14(I,J) .E. 0) -AND. (F2(I,J) .LE. 0)) THEN

A(I ,J)lOO0
ELSE

A(I ,J)=200
END IF

20 CONTINUE
WRITE(5' I) (A(I,J) ,J=1,128)

10 CONTINUE
CLOSE (UNIT=S)
STOP
El D
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C

C * PROGRAM TESTIM.DAT
C
C * PURPOSE To generate a test image w;ith zero iiean
C *Gaussian noise to be segmented Ly
C *Kalman Filter.
C *
c * REQUIRED IMISL ROUTINES GGNNL
C *

a c IMPLEMENTED BY Lt. IKani HACIPASAO'3LU rfy 1937
C
C 4''
C

BYTE A(128,123)
CHARACTER-i5O TESTIM
INTEGER ::,ci,YC1,XC2,YC2,F1(128,128)
INTEGER NR,Rr,SIGIIA,CR,F2(123,128) ,AA(123,125)
REAL GGtlnIL,R
DOUBLE PRECISION DSEED
DSEED=65471
W-,RITE (*,100)

100 FORMAT ('ENTER IMAGE DATA NAME')

C101 FORMA7 'ASO)
CR=20

YC1=60
YC1=60
XC2960

CC=9
OPNUICAE'ETMDT ACS'IET SAU=EI

* RECL=32 T=,MAE128) .AIACESIIRCISATS1,1--
CEL3,-ARC1B

WRITE (* ,222)
* 222 FORI!AT( 'ENTER SIGMA')

READ(*,333) SIGMA
333 FORIIAT(I2)

DO 10 I=1,128
DO 20 J=1,128

* ~~Fl (I ,J)=((( XC1)**2+(J-YC1 * *2) - (CR**2))F2 I ,)=((IXC2)**24.(J--YC2 )*2.(R*)
*IF((FI(I ,J) .LE. 0) .AN'D. (F2 (I,J) GT. 0)) THEN

A( I, J)=50
ELSE IF((FI(I,J) .GT. 0) -AND. (F2(I,J) .LE. 0)) THEN

A(I.J )=5
ELSE IF( F15(I1,J) .LE. 0) -AND. (F2(I,J) .LE. 0)) THEN

A(I,3) =100
ELSE

A(I ,J)=200
END IF
NR1l
CALL GGNML(DSEED NRR)
Rr=SIGMA* ,nint(RS

a AA (,=A(I ,J) +Rr
IF (A (IJ) .LT. -128) THEN

AA(I ,J)AA(I,J)+256
ELSE IF(AA(I,J) .GT. 127) THEN

AA(I,J)=AA(I,J)-256
ELSE

AA(I ,J)=AA(I ,J)
END IF
A(I ,J)=AA(I,J)

20 CONTINUE
WFITE(1 'I) (A(I,J) ,J=1 ,128)

a10 CONTINUE
CLOSE (UNIT=1)
Sl opa
END
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o * PROGRAM FINAL .DAT

C PUPSET
C PURPOSE To enerte a test imacge whi~ch has 1
C dit event reaions.

CREQUIRED IMSL ROUTINES None.
C
C IMPILEMENTED EY Lt. Kari HACIPASAGGLU June 19S7

BYTE A(128,128)
C

OPEM (tlIIT=1, !L:,zE= Ir-INAL. DAT IACCE35='IDIRECT' ,IA=':W
*RECU=32,::AXR'EC=123)

DO 10 K1.l32
DO 20 L=1,32

A CK,L4-64>130

A I< ,L+96)=70

A(K+32,L)=200
ACK432,L+32 ) =120
A(Ri-32, L+64 )=60
A(K,+32,L+96 )14O '

Cp
C A K+64,L)=75

AK+64,Lt32)=175
A K+64,L+64)=90

A(K+84,L+96)=65

A (K+96,L)=130
A CK+96,L+32 ) 55
ACK+96,L+64 )=190
A (K+96 ,L'-96 ) =110

20 CONTINUE
10 CONTINUE

Do 30 I=1,128
URITE (1 1'I) (A(I ,J),J=1,128)

30 CONTINUE 9

CLOSE (UNIT=1)
STOP
END



C
C *
C * PROGRAM NFINAL. DAT
C *
C * PURPOSE To generate a test image which has 16
C *different regions with zero mean 3auzsian
C * ospo esgented by Kalman Filter.

C REQUIRED IMSL ROUTINTES GGN11L

C IrIPLEtIENTED BYLt.. I'n HICPSOL ue13

C
C

BYTE A(128,123)
CHARACTER*50 tIFINAL
INTEGER NR,Rr..SIG11A,AA(128, 128)
REAL GG1,1NL , R
DOUBLE PRECISION DSEED
DSEED=6547 1
;NRITE(*, 100)

100 FORMA%~ 'ETER IMAGE DATA NJAME)
READ( ,101)

101 FORIIAT(A50)
C

OPEN (UNIT=1 , NAIE I FINAL3. DAT' ACCESS= DIRECT' STATUS=UW
*RECL=32,11AYREC=128)
WRITE (*,222)

222 FORITAT ( IENTER SIGMA')
hEA~kv 333) SIGMA

333 FORIIAT(12)
DO 10 K=1,32

Do 20 L=1,32
AIKKL)=100
A K KL+32 50
A, K ,L+64 :180
A (KL+96)=70

C A(K+32 ,L)=200

A (K+32,L+32 )=120
A (K+32,L+64 =60

A (K+32,L+96 )=140
A(K+64,L)=75
A (K+64 ,L+32 ) 175
A (K+64,L,+64 ) =90
A (K+64,L-i96)=65

C
A (K+96,L)=130
A (K+96,L+32 ) 55
A (K+96,L+64 ) 19 0
A K+96,L+96 =110

20 CONTINUE
10 CONTINUE

NR= 1
DO 80 I=1,128

DO 90 J=1,128
CALL GGNML(DSEED,NRR)

Rr=SINA* nint(R)
AA (I, A I IJ)+R
IF AA (IJ) .LT. -123) THEN

AA(I, J=A( ,J)+216
ELSE IF(AA(IJ () .GT. 127) THEN

AA(I,J)=AA(I ,J)-256
ELSE

AA(I ,J)=AA(I ,J)
END IF
A(I,J)=AA(I,J)

90 CONTINUE
WRITE(1 'I) (A(I ,J) ,J=1,128)
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CLOSE (UIIIT=1)
S TOP

I END
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CC *

c * PROGRAM CRISTI2D
C
c * PURPOSE To secament a t-o dimensional noisy image
c using-Maro' Randm Field, :ynamic
c Programming and Kalman Filtering techniaues.C *"
c Rc * REQUIRED IMSL ROUTINES None.

c IMPLEMENTED BY Lt. Kani HACIPASACGLU Aug. 1987
C

common ny, y(512,512),tau(512),xtop(512),iedge,ymax
integer start, dir, cycle

C

character*'20 image, imout
byte s(512,512), v(512,512)
write(,, 777)

777 format (' Enter Input Image File Name:')
read (*, 778) image
write , 782

782 format(' Enter Output Image File Name:')
read(*, 778) imout

778 format(a20)
open (2, name=image, access = direct', status=lold')

c get data from file
write (*, 779)

779 format(' Enter image Size')
read(*, 780) npoints

780 format(i3)
write(*, 555)
read (* 666) sigma, beta
2riLt0 (*, 790)

790 format(' see edges? (yes=l)')
read (*, 791) iedge

791 format(il)
write * 810)
write (, 792)

792 format(' Enter scale factor (1.0=no scale)')
810 format(.' output yout=ythtscale*(y-yth) ')

read(*, 793) scale
793 format(flO.2)

write(*,811)
811 format(' 1: yth=(yav+ymax)/2; 2:yth=0.9ymax; 3: enter yth; ??')

readc* 791) iyth
if ( yth.e q.3) then
write *, 794)

794 format(' Enter yth:')
read (*, 793) yth
endif

c
do 5 k=1, npoints

read(2'k) (S(k,j), j=1, npoints)
do 6 j=1, npoints

temp=s (k, )
if (temp.2t.0.0) then
temp=temp+256
endif
y(k,j)=temp

6 continue
5 continue

close (unit=2)
c
c
555 format ENTER: Sigma, beta')
666 format(2f10.4)
c
c * main loop ***
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write(*, 6657)
667 format(, Start Computing ... 1)

yrnax0 .0
yav=0.0
ncount=O
nxmpooints

gam1-0(2.*sigma**12)

c initialize

(Io 30 j=l,ny
tau( j)=O.0
Xto;D(j)=0.O

30 continue
c

c ma In 2.3Op **

do 40 i=l,nx
start=1
di r= -1
cycle=1

c call line(i, start, dir, cycle, gain, beta, rowav)
Ctrtn

dtartn
dir =2
cl ieisat icycle, abtarwv

40 continue

c **compuJte average of output lma qeyav,=(ncount*vav+rowav)/ (ncount-l
ncoun-t=ncount+i

c
write(*, 668)

668 forrnat, ... End Computing. Now transfering data to disk ..
c
c output data**
c

if (iyth.eq.2) then

endif
* if (iyth.eq.1) then
* yth=(yav+ymax)/2 .0
* enduE

write(*, 800)
800 format(, yave, ymax, yth )

write(*, 801) yav, ymax, yth
801 format (3(x, f1 0.4))

do 60 k1I, npoints
do 61 j=1, npoints

ysyth+scale*(y(k,j )-yth)c
if (ys.qt.255.0) then

endcif
if (ys.le.0.0) then

ys=0.0
end if

c
itempjnint(ys)
if (itemp.gt.127) then

* iternp=itemp-256
endif

v(k,j )itemp
61 continue

560 continue
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open (unit=3, nameimout, access=ldirect',
* status='new' , recl.128, ma;xrec=5l2)

c
do 50( =l, npoints
write( 3 j (v(j,k), k=1,npoints)

50 continue
close (unit=3)

C
stop
end

C
subroutine line (i, start, dir, cycle, gain, beta,rowav)
integer start, dir, cycle
ccmrnon ny, y12,512), tau(512), xtop(512),iedge,ynax
real xhat (4 512), lambda(4,512)
real ttau(4j, txtop(4), tlambda%'4) txhat(4), te(4)
real ne!.,tau(4,512), newxtop(4,512
real e(4,512)
integer pointer-(4,512)

c
c sc:an from START by DIR (=+I, -1)

3.start
c *77 in11itialize first column

do 90 k=1,4

lambda(k,start)=0.0
e(k,start)=0. 0

90 continue
C
c

rowav=0 .0
ncount=0

c stae=left edge, upper edge)
c *Onoege, =e ge
c
c state (0,0)

do 110 k=1.4
ttau(k)=tau(j)+l
txtcp (k)=xtop (j)+(l.0/ttau(k))* (y(i,j)-xtop(J))
tlambda(k)=lambdak j-dir)+ttau~k

ztxtop(k)-xhat', j-dir)
* txhat(kc)=xhat(k,j-dir)s-(ttau(k)/tlambda(t) )*z

c
el=(y (i~j+dir) -txhat (k))**2
e2=( i~j)-txhat (k) )*2

* e3=( i+I,j)- txhat(
te(k)=e(k,j-dir)+gam (el~e2+e3)/3 -2*beta

if (k.e q.1) then
eminte (k)
endif
if (te(k).le.emin) then
im k
emin=te(k)
endif

110 continue
ft c

newtau 4,j'=txto~ im)
* lambda(4, j) tlambda(im)

pointer(4'~)im
newxtop(4,'fl)=ixtop(im)

* xhat(4.j )=txhat(im)
e(4, j)=te(im)

c
c state (0,1)**

do 115 k=1,4
tlambda(k)=lambda(k, j-dir)+l

zy(i,j)-xhat(k,j-dir)
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te(k)=e(k,j-dir)+gain, Ie1+e2+e3)/3
C

if (k.eq.1) then
erinte (k)
endif

if (te(k). le .emin) then
im k
emin=te(k)
e ndi f

115 continuee
c

* newtau( 1, j )1

laimbd3a ( 1, -tamb a im)
pointer(1,j.)=m
xhat (1,j )=t:That( im)
e(1,J)=te(im)

c

U ~ state (1,0)
do 120 I:=1,4
ttau(k ) tau(j)+1
txtop(k)xtop (j) + (1.0/ttau(k))*(y(i,j)-xtcp(j))

C
el=(y(i,j+di r)-txtop( )*

e3=(y~(i+I1j)-tftop(k) )**2
te(k)=ek,j- dir) + gam' -(e1+e2+e3)/3t

A C
if (k.eq.1) then

emLIn=te (k)
if (te(k).le.emin) then

eminte(k)
e ndi f

120 continue
C

newtau(2 ,j )=ttau( im)

larbda(2 , j tau(3D
pointer(2 ,j) 1-m* xhat(2, j)=txtop(im)

* e(2,j )=te(im)

c state (1,1)
newtau(3 ,j )=i
newxtop(3,j)=y(i,j)
lambda(3 j)=1
xhat (3 j =y( ij)

e3= (y (i+l 3):yij -
z2= am*(ei+e3 3
if M(4, j-di r .1It.e(1,j-dir)) then

e(3 , )=z2±e(4,j-dir)+beta
else pointer-(3,j )=4

e(3,j )z2+e(1 ,j-dir)-sbeta
endif pointer(3,j)=l

C
if (j .gt. (1-dir-).and.j .lt. (ny-dir-)) then



goto 999
end if

C
c **backtrack *

emin=e (1~
C do 150 k=1,4

if (emin.le.e(k,-j)) then
emin~e( ,k,j
ini k
endif

150 continue

882 y(i,j)=xhat(im,j)
c

w ~ rite(*, 111) im
11 format(i3)

C
if (cycle.eq.'), then t,(,jxtop (j)newxt(m j.

tau(j -newtaukim 3J

c compute max intensity
if (yi,j).ot.ymax) then

c
c row average

ro,,av=(ncount, rowav,+y(i,j))/(ncounit+l)
ncc,-nt~ncount+l

c
c mark. the edge with a black entry

if (im.ne.4.and .iedge .eq.1) then
Y(J i )0 .0
endif

endif
c

inlpointer(im,j)
~j -dir
if (j.gt. (1-dir) .and.j .lt. (ny-dir)) then

endif goto 388
c

return
end

00
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