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ABSTRACT

5 -

The purpose of this thesis is to develop an algorithim [or scgmenung nnages
corrupted by high level of noise with Jifferent characteristics. In particular tie )
images considered are composed of several regions duesenining ditlerent objects arnad )
background. The algorithm described 18 based on a Murkov Pandem Fieltd MR "
model of the image and uses Kalman Filtering (KP) wechuiques and  Duinainie 3
Programming (DP} in order to smooth within the regions. The theoretical back zround ::z-
tor one dimensional and two dimensional data which have dillerent characteristics and .J
simulation resuits are presented, with examples of syvnthictic duta and underwater !

miages.
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[. INTRODUCTION

The objective of segmentation is to divide a given image mnto meaningil iogions
or units. In many vision problems the first task is to distinguish objects te discrinanate
between various obstacles

A general vision svstem for Aruficial Intelligence applications cun be deconinesed
m the following blocks:

I, Duata acpudsition: The picture of interest can be taken by suitable cameras for
these purposes and can be digitized using proper softwvare and hardware.

20 Segmentation: Removing noise and dividing the image into significant regions.
3. Image wnderstanding: Deciding which objects are present and classdving  them

according to size, shape. etc.

The general approach at the basis of umage segmentation is based on the
identification ot different properties characterizing the regions of interest. [or
example, several objects can be identified by their average intensity levels or by the
textures on the surtaces. The task of an image segmentation algonthm is theretore to
wdentfv the regions from the vision signals \&hu.h contain noise (due to the clectronic
eaumnment and other environmental factors such as turbid waters in underwvater
environments) or uninteresting details. Fer example, it it is desired to recognize thie
presence of a house in the picture, we need to segment the image by disregardimy tie
Jdoors, windows, cracks on the wall, etc.

Although all the methods in the literature for segmentanon are well suied to
most of the cases of interest, thev have poor performances in the presence of a high
level of noise. In the cases of noisv data statistical techniques are mole suitavle. In
particular these are based on classical techniques of estimation. such as Maximum
Likelithood (ML) or Maximum a Posteriori { MAP). Statistical estumation technijues
relv. on the use of distinct statistical models for the originul image and tor the
disturbances.

In this thesis we present a segmentation aleorithm tor images allected by a Ligh
level of noise, based on statistical techniques. In particular we use Markov Random
Fields (MRF) as a model of the original image, and we assume White Gaussian noise
as a model tor the disturbance. The reason for the choice of MRI is based on reveral
considerations:

1. Thev extend one dimensional well-known models to thie muludimensional case.
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They relate global statistics to local dependencies of the data.
3. They can model compact, distinet regions by a suttable cheice of parameters.

The smoothing 1s obtained by a combination of MRI (for the trunaution between
regionst, Kalman Filtering Techniques (to filter within the regionsy and Dynamic
Programming tto determine the best sequence of cdges which maxinuzes the hikelihood
function.

Related to the works of segmientation, the algerithms of Derin, Llliott and Crisu
(Refs. 1.2], Geman [Ref. 3|, Besag [Retl 3] have shown the eflectivencess ol thee
techniques segmenting images corrupted by a high level of noise. Parailel to these
works, a combmation of Autoregressive and MRFE models has been presented by
Therrien [Ref. 5] to segment textured mages of terrain data.

In the next chapter, the properties of modeling the original scene by Markov
Rundom Field and choice of the parameters in Markov Random Fields are presented.
Estimation algorithms for one and two dimensional data are given in Chapter 11,
Finally, simulation results [or diflcrent characteristics of data are the subjects of
Chapter IV.
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IL STATEMENT OF THE PROBLEM AND MODELING USING MRV

The problem to be addressed i this chapter is how to moded the onsod oo
and sts estmation from the @iven (ebservedy data, s staied i othe Lo e o o
model for the ornginal scene is assumed to be a Markev Rundom Field (MR o
properties are discussed i the next secton. As explaned below, the evinat s s

PRNSY

based on a Bayestan approach and a Maxmauwm a Posterson (MADP techniaes

A.  PROBLEM STATEMENT

Let the original scene X = 1N, 1 be u random Lidld on a finie ©wo dunensional
latice L = vk eZ 1 Sk < Ny b= v = N, where Z s the set of integurs,
assunung dJiscrete values F L FL 0 F oo which are constant in regions Ry Ry R
R & Land R N Rj= 0 for1z]. For example this might be the case of sever d ubjedts
with ditferent mtensizy levels.

Also let X be corrupted by an additive noise and modeled by g random Geld
W= Wtk € Lo Furthermore, Wowill be assumed to be a White Gatsaan tield
with 7ero mean and known ‘ariance ¢°. W is wdentically independenty distrivaied

(Ludoband mdependent of X,

Theretore. the observed umage can be given by a random tield Y = I SRR
. — . . 3
\k.t Ek.t ‘\xk.t . “k.l’ 20

where (ki) € L and g (., ) is an arbitrary function. In our cuse we assunie widiive

noise, and therefore the observed signal can be expressed as

Y . = Xk'[ + \Vk‘[ i

to
L]

Now, the problem is to estunate X from the data Y. Since we assuiie thidt only
noisy observations are available, the esumate can be obtained by maninuzarion of the
a postertort distribution of the scene with respect to n by a Bazesan approuc

Theretore

wawﬁy)= max, o« Pyt 23
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» where X 18 the estumate ol origiul scene und Py yive = Piobubio v N o= 0 =

As it can be seen from Equation 2.3, the probicm s to maningse the o o
- LA - . . . .,

A probability of X given v. This form of Bavesian ostunauen is hpovn v Yo s

» Poseerondor MAP estimation,

’

% Buaves factorization and the convenitcnce ot loganthuue uperanion tia s

<+

NP R

' InP S e PR = max, L Iy gy v = by ‘ |
A n \";X(_\ \} nhiy X} = “M\;\; Hin \l\(» ) by e 2.

.

= The vwo lkehhood terms on the left und rmghi hand ades of Lagaen o 24 o0 ]
C - - < N n . ¥ -

- deternuned by the model of Xoand of the disturbance. The mode] tor fhe ~oons s

- assumed to be a Muarkov Rundom Freld i MR whiach 1 formdly doien v Bos

g iRet. 3rp. 7241 and by Llliot, Dernin, Cristt and Geman [Rets. 0.7).

{ B.  MARKOV RANDOM FIELDS (MRF) A
4]
A Detinirion: Let Lo be a linite lattice L = pkaoy: 1 £ k S N s v N d

N, , Jdetined as a subset ol L <o that (k.ty @ p  where ko€ Loand inppen . b ana ’

- onlv il (ke n, ; Then a random field Xo= (X with the property

..

",

hy) N =X N = 11 = Y <

‘,} P..\k‘[ A .\i.j ARSI L; 2

B 1Y =« W = 1

K I ,.\“ Yo .\i_]. Nj o U E N

2
L is & Markov Random Field with neighborhood iy,
o . . . - .

» A Markov Random Field can be illustrated as in Figuie 201, where the statr s

o

: of the clement (k.t) indicated by a ™" depends on its neighbors indicated By o0 O
- onlv. T'wo simple neighborhoods are shown in Figure 2.2. These are: )
Y

o

: ! C o2 L e .

: N, = Ly 0 < (-1 + (-ni- = 1Y} RN
"
N and :
. .
185

;.

'(' hl . 9 . h - -

. N, = W(hny: 0 < (i-1)* = (j-ni- = 2} T
L~ Relatively simple neighborhood svstems as in Figure 2.2 are adequate in modeatg nuest X
N scenes of mterest.

" .
N 11
y

]
8

4
L G R ~
T T A e S Y N e e

NSO . NIRRT AT

.~

A NN




O

O

Figure 2.1 Dependence

{ Narkov Random Field
Pt 7 Evervthing elsen.

(a)

(b)

Although a MRF can be considered as a muludimensional extension of a

Figure 2.2 Neighborhoods n, jl (a) and n,

-
-

1 {b).

Markov Chain. a difficulty exists in defining MRF. In fact the main concept at the
basis of Markov Chains is the concept of transition probabulitics. These are subje s to :
l"\
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mild conditions and theyv rely on the fact that an ordering can be deternaned mnoone
dimensional problems. This is not the case in muludimensional problems thae o
ordering of points in general does not exist, which presents a dilicult: e the detiiinion
ol transition probabilities. Because of this we have to approach MRS moa dujaant
wav {rom the Markov Chains. ‘lherefore, ro deternune the structure for i jount
probability of MRE models, we need some new definitions end theorenis.  In
particular the joint probability is bascd on the concept of clicue yiven belows

Detigeion: Given a Markov Randoni Pield (MR} wirh neighbors 0 o cevwe s

set of pixels which are neighbors of each other [Refl 0: p 19§ The various wpes of

cliques for "i.il and ni.j: are shown in Figure 2.3, Based on the definiticn of chigtios
the joint probability of a Markov Random Field with neighborliood 1 can be e.\;nx':s\cd
by the {ollowing theorem:

Theorem (Hammersley and Clittord) {Ref. 6: pp. 192-199]. Suppose X 1s au MRT
such that Py(x) > 0 for all x, with ncighborhoud 0. Then Py(x) can be detlned us

following:

1 -
I’X(x)=?e'U‘) (2.8
where
L'(x’)=z\'c(x) (2.94
gE';

.f is the set of all cliques as shown in Figure 2.3 and usually U(x) is delined as the

energy function, V (X) the potential associated with clique ¢, and the partition lunction
Z is defined as
7= V‘e't(x) (2 1wy
X

which is 4 normalizing constant that causes Py to be a consistent probability meusure.

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

MRFs by the potential functions V (x). The only constraint on V (x) 15 that it has to
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Figure 2.3 Cliques for Neighborhood Systems n, jl (@) and n, j: (b

be finite tor all x. It means that the form of V (x) is fixed by the structure of " the

lattice oiven by Kinderman [Ret. S
in order to understand the above result and definitions, the joint probability of

any Markov Random Field with neighborhood n, ‘.1 can be written as

! i =Sy e (v WO i ) A
. InPyixi _‘1(Kk.n)+_‘2('\k.t-1"\k.t) M 3(xk-l,[‘xk.t) InZ (2.1
K.t k.t k.t
{or the case in Figure 2.3 (a).
14
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Definition: A MRF which has all nonzero probabilities as o Lguation 2001,
namely, Px(x) > 0, is called a Gitbs Field (GI'). The Gibby medel cuan Fe used
model the spatial interactions between regions, in which a pixel and ity naghoors L
simifar statistical properties.  In other words, it models spatal conunuiic whih
characterizes the images we want to segment.  Note thuat the structuie cf P\\.\s I
relatively simple for “i.jl as in Equation 211 [ts complexity increases consideraniviier
larger neighborhoods. For thut reason. in general only the lower sets “i.jl and 'l,f are
considered  practically applicable, and even n ‘1._;: cliques with only o or o
elemients are taken into account. [n addition, the Gibbs distribution might aiso e
used to model textures. In our problem we just want to model the fuct that the mest
likelv scenes have regions which are clusrers of pixels. and the Markov Rundom Fieid
modcl 1s adequate for this purpose, provided by properly assigning the potentiad
functions. A particular model we are going to consider in this thesis is the MRF with

ncighbors n! as in Figure 2.3 (a) and with potential functions delined as:

fifx, =«

. . = kot K.t-1
VolXy Xy ) = V(X Y ) = -
2 M1 M-tk - otherwise
for anv value of k and t and B a positive constant. The larger the parameter B, the
more the joint distribution Py is peaked around smooth realizations. By this definition

we can write the joint probabilities as

» . = fv , . I A .
P (x) [Bl_g(.\k'[,xk'l_lwg(xk‘{..\k_l‘[)‘ InZ (214
k.
where

lifx, = x )
g(xk . Xk-l l) = k.t . k-1.t 213
: ’ -1 otherwise

Also, by the assumption of Gaussiun noise with 7ero mean and standard Jdeviution 6.

Equation 2.14 with Equation 2.4 vields the likelihood as
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\ N + ()= (v, X, ) F BV e(x, X WX, X . ARTE

o Py (¥ + InPy(x) ’GL(}k‘t S Bl_g(.\k‘[,xk_l‘[)«ué(\k_(.\k‘(_l), InZ (2o
(n e .

" K.t K.t

e S ¢ v . . . ~. -

) Hence, given the data y={y, | in noise, the noise model W(®. 6) and the Gibbs field

R0 . . ) . . . .

,:' model Equation 2.14 with parameter B, the estimate ol the original scene is given by
4 ~

D) c= Iy i . . -

e N= N such that

N I

3 v oov =R N ery . ; . . ST

) 26° AN TR TR C PR L L (2.7

g k.t k.t

‘",

v is minimal.

¢ | | . ,

% In particular there is no need to undertake the difficulty of calculating the

§|: partition function Z since it is a normalizing constant. So, it was omitted in Equation

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

b, [Ref. 3: pp. 730-732] or deterministic [Ref. 4: pp. 206-267] or Dynamic Programming

k)

N . - .

;'0 [Ref. 2 pp. 44-45 and Ref. 8: pp. 12-13]. In the next chapter a different approach to
¢ L . . - . . . .

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

o

O

. C. CHOICE OF THE PARAMETER IN THE MRF

0 oy : . : L . : :

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

‘.-\ parameters of the model from specific realizations. Some methods have becn used

i

2, . .

::: previously to estimate the model parameters. For example. Besag [Ref. 6: pp. 211-212]
' suggested the coding method where the parameters are determined from subsets of data.

’ gy . . . - . .

.;‘; T'his requires solution of a set of nonlinear equations. Another example of the

:‘-\, parameter estimation method is given by Derin and Elliot [Ref. 2: pp. 43-44| which

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

> modeling textures bv GFs. A diftlerent approach was used by Geman [Ref. 3: pp.

":‘ 727-729] which defined a simuwlated annihiling, where stochastic relaxation was

:'. combined with monotonic increasing parameters.

|/ . . R . R

% For this thesis, the parameter § of the model in Equation 2.17 was set by trial
‘ and error until a reasonable filtering was rcached. The optimum value of the

I arameter P is smaller for high values of signal to noise ratio. So. it is necessary to

p g g

™ modifv this parameter as the signal to noise ratio changes.
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HIL SEGMENTATION AND SMOOTHING OF ONE DIMENSIONAL AND
TWO DIMENSIONAL SIGNALS

I'he content of this chapter is the segnientation algonitinns for cue dinneastonal

and two dunensional signals. Foilowing a Maxinwin @ Posterons approacit, esiiate of

the origial data is obtained by muninuzation of the cost tunctiou given by fguation
2170 To provide this, a smoothing techmgue 15 devised which 15 bused on u
combination of Kaiman Filtering (KF) and Dyuamic Progromuoung (DPy Dinunic
Programming is used to determine the best sequence of edges which maxinwces the
likelihood function und a detailed algorithm is presented 1 Appendix A, Kalman
Filteting is used to filter within the regions. This filtering technique 1s preierred
because the Kulman [iltering is the best linear optimal estimutor. If the noise w the
data is assumed to be Gaussian, the Kalman Filter gives the minimum varnance

estimate of the original scene. In particular it evaluates the conditional meun ol the

original data given the past observations (measurcments). [f the assumpuon of

Gaussian noise 1s removed. the KF vields the best linear esumate.

In the next subsection. the segmentation algorithm for a bmary sequence tne.,
one which assumes only two levels) 1s presented and the result will be extended to
general multilevel cases. Related computer programs are included m Appendix B.

A.  BINARY SEGMENTATION USING DYNAMIC FROGRAMMING

ALGORITHM

Suppose that it is desired to segment a binary sequence having logic levels 717
and "0” 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 standaid
deviation 6. In the general image processing extension, we can consider a fcgic 07 as
a background and a logic “1” as an object. An example of the original sequence and
the noisy sequence is given in the next chapter.

Let x; be the logic values of the original duta of intensity leveis, which .migm
real numbers F(0), F(1) to the regions denoted by logical zeroes and ones r avely.

Then the noisy data can be given as

e
—

Y, = F(y) + W, (

where W, ~ N (0, 6). We can define the signal to noise ratio (SNR) as

17
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SNR =

g

3 likelihood function in the following forn:
'\1 | '\l
(0, X, Xy = ) - AR TN
( 01 .\])—Bzg(.\i+]..‘<i) ’G:—-'l ( 1[
1=0 1=
where
1af X=X,

gX; X)) = :
- -1 otherwise

Here, the assumption of F and ¢ known is not restrictive, since various al

assigning hich probabilities to smooth signals. This can be achieved by assiy

P
it

A A

In this section we assume to know the levels T'(0), Firly and the noise vaiidice

=}

07

ithias
exist in the hternture which enable one to estimate means and variance of nistures of
Gaussian populations. We have scen in Chapter 2 that @ MRF can be arbivrarity

assigned by the potential function V. In particular we cun model spatial continuiy by

iy the

A
(DY)

(V%)
-

The parameter § models the simoothness of the original data. In recursive form

the likelihood function can be written as:

l
. . —_— i . - c o [ R
(’k (XXX 4 )= fk(xo.xl,...,xk)+l}<=(xk+ N e T

20

S+ h”

(3.3

. - . A . . L . . .
with [_1 = 0. The estimate X is obtained by maximizing € over all possible realizations

X, Applving Dynamic Programming(DP1 algorithm in Appendix A, the masimuni of

fk is obtained. Results of segmentation of noisy binary image is given in Chapter 4.
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K B. SMOOTHING OF PIECEWISE CONSTANT SIGNALS IN  ONE
! DIMENSION USING KALMAN FILTERING
x The algorithm presented i the previous section tor binary dava is suiabue tor
small number of levels. Although 1t can ke gencralized to anv nwinber of levols, s
L)
) compiexity nereases considerabiv and becomes unfeasable o multleve! situanions. So.
5 for ene and two dimensional observations which hiuve more than oo sy oels,
% we need to search tor a duferent approuch.
, As mentioned in the tirst section ot this chapter, a new algorithin which uses e
' Kalman Filtering technigues and Dynamue Programumuing is developed. Tn uppheations
b filtering 1s concerned with the extraction of signals from noise. [t the observation wnd
b original scene are modeled by linear stochastic models. a solution to the general
{iltering problem can be obtained by use of the Kalman Filter.
[}
‘ Due to the assumed piccewise characteristics ot the data, the realizaticus of Y
*: can be modeled by the state-space models
k)
R
- R — - + » b .
. A X A {3.0)
o 4+ ow \ -
Vo<t W (3.7)
where w s Gaussian zero mean LL.d. with standard deviation 6. and v, is noniero at
¥ the edges between regions only. By defining the original data X in ene diraension as
j X = {Xt .te Li, L = (1.2,...N}. the one dumensional Markov model corresponding to
) MRE has joint density
)
InPy(x)=PY e(x,x, ) - InZ (3.8
] tel
'y
3,
and the likelihood function to be maximized like Equation 2,16 is
¢ . l AW 2 ‘< -
[ (x)= - —=)(v-x)" + Py ag(x.x ) (3.9)
,0__._.-: t —st -
D) r=3
el teL
b where the first term on the right hand side of this equation colacs trom tie nvise and
" the second term is the potential defined before.
] 19
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The Kalman [ilter tor the state-space model in Equaticn 3.0 und 3.7 i Jelined

bv the recursion Equation 3.11 as

A

~ . ) ~ . )
e =X T Kt*t(-‘z'\) (310,

where K is the Kalman gain. When an edge is detected the gain neads to be

retnitialized at that point. To do this. define a binary sequence
m, = v (3115
m, = v, (5.115

which has a logic “1” at the edges between the regions and a logic "0 in the regions.
Just to give an exaniple, let's say T = [t). ta- 1lland Ty = {ty, t5 - | where T. T, are
adjacent regions and t; < t, <t;. We can Jefine Vi = Vo = vy = Lasshown in
Figure 2.1 [n zeneral

lift-1le Tk and t € Tk for some k

"'[ = 5 . \31:)

0 otherwise

Vt2=1 vt3 =1
' ; \

' Ty :
! |
| 1
: 1

Vig =1 I |
4 |

t1 T1 t2 t3

Figure 3.1 An Example for Adjacent Regions.
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Then the estimated data can be deternuned from the noisy sequence v, usin Ui 1
; e g
J.lvand 3.11 as
A A oA .
T T A RERY
where
. 1
l\[ [ — [ l-vr
f[
and,
Litm, = 1 .
t[ = ) 1)
T * 1 otherwise
Filtering Equation 3.13 vields the estimate of X as
P
\ = —V¢ (3 4o
T U
l .
=1

where t stands for the distance of t from the ncarest left edge. Lguauon 3.10

expresses the Kalman Filter as an averaging of the measurements.

=

!J

In the case that the edges are not known, observe the following:

P ST B Pl Rl ity "}".-\;-"' S A

-~ . N . AL . -

Given the noisy data v for any binarv sequence m, the estimate X is weil detined
. - . . A

by Equation 3.13 - 3.15, call this estimate X(m);

The g{. . .) term in the Markov model Equation 3.§ and the likeiihood function
[quation 3.9 can be interpreted as a penalty to the edges. From the
dependence of X on the sequence m stated above it can be wriiten.

Lifm = 0

lifm = 1

Theretore we can define the function
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tifm =0
Yim) = . IR LY
-lifm =1
3. Foranyje L let v, ¥, X, ml be the sequences and v. X, X, m up to index j. for
instance Vo= dvo v o v Wath this definition the  likelihood function

-

FEquation 3.9 associated with tﬁm estimate of X satisfies the recursion

. . L | .

I Ly T =iy - . o it1,.2 L p- S

07 Hm! ™y =0mh “G:('\j+1\i+l(nl ) Prim ) (3.19)
[n the case ot the index set is L = 0,1.....N} the likelihood function Fquation

3.9 for the estimate x(m) is

EXimy = €N %im) (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 319 and

Dvnamic Programming techniques given the details in Appendix A.

C. SMOOTHING OF PIECEWISE CONSTANT SIGNALS IN TWO
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
Jdimensions. Anvwav, we can determine a two dimensional recursive formulation hike
Equation 3.13 - 3.15 by assuming the estimate X as the average value of the noisy data
within the regions.

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

developed to maximize the likelihood function given below:

| N N N
Ek.u= '2'07."2]5'““")'x(k't)i2+Bsg(xk.v\'k.n-xHBE‘:’(\,['XK-LQ (3.21)
K.t k.t K.t
To do this, first assume the edges to be known, and define M = m, j where m €

leg.c.cq.€,) for each (K.t) € L. ¢ being the four combinations of edges corresponding
N el . . 1
to the {our possibilities in clique n_° as
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. {
2{ = 30 H
! UK Yy ) = £ (3.22 ]
F) (]
and a
1
' ¥ = IR
V g("\k.l . xk'l.[) j: 1 o2
L These combinations of edges is shown in Figure 3.2. )
)
: ; | .
= .:
A
y \
1
¢
i | ~
|
»
n ! :
Figurs 3.2 [Hustration of Edges.
) Some detinitions are given below referring to Figure 3.3 for each poimnt ‘A € L y
s LS
,\ obrtain the smoothing algorithm: b
‘0 -~ .. . ~ . .
-. Definition I ¢, is the number of peints between (K.t) and the closest wdz2 “‘
M .
. abo N
A 3
Definition 2: 7z,  is the average value of the noisy daa v in the t, = X L region. -
. N »
: Definition 3: N, , is the number of points in the homogeneous region suirounded 2
o bv row k. column t and the line ot edges. o
" Definition 4: ‘(k , is the average of noisy data v in the region i Which ~ 1S .
' Using the definitions given above, the filtering aigonithmy can be develsped as
3 LJ
X following .
b ¥
3 b
: = 2 . - Y ~ SNyt )
\ Zea ™ Tkl S Yk ke Lo N
23
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Figure 3.3

. 1
[\k.L T,
Nt
and
\ ~ A
Y =\ b
\k.: \k.t-l
where
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[Hustration of Parameters of Two Dimensic aai Kalman Filier
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herwise
T, otherwise

This algorithim s based on the fuct that tor any disicmt paor of regiois A LB € 1L

[

average of w nosy signal denoted by xon the regions AL B LN U B are reated o
~ ad A o -
AU B = aA) +oasB) RO

'

withay = A A U Bla, = BA U By where . denotes the numiber o clemains i
the set. The recursion Equation 3.24 computes the average on A and guanon 220
the average on .\ U B Asin the one dimensionai case Lguations 221 - 3,24 repvresent
a well-detined mapping which associates an estinate NIRRT any ficld of edoos M€
"\Al x ‘\2 .

Py Analogous considerations as lor the one dimensionad <. iead

to the hkehihood lunction as

XN, A .
£ ‘\Z{T\Im(v“)l‘ BRI

[‘\[”]‘ v )I‘
(Yt ’,'[ +
\Vhel ¢

+~ 11t Ve = 9

miy, )= 0t Ver T €08

La
s
[ )

iy = ey
~ M ~ . ' 1 ~ .
So. the estimate X can be determuned by searcihing over all possible sets of eduos VMo
- ~ . . . . N .
order to find X which maximizes the Lkelihood lunction Eqguanon 3210 Howve o e

Dynamic Programnung algorithm is used to maninuze the hkeliloed funcucs i tao

Jimensions.
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! IV. RESULTS OF SIMULATIONS

. I3

- A.  ONE DIMENSIONAL SIGNALS

L]

n» , . . . . .

,‘ We started the simulations by creating a one dimensional two level binary
R sequence which has 123 points as shewn in Figure 4.1, Gaussian zero mean znoise
. with ditferent signal to noise ratios (SNRs) caiculated with the formula given bv
- Equation 3.2 was generated and added to the original signal bv using IMSL iibrarv
2, ) , , . - - .

2, subroutines. The noisy sequences are given in Figure 4.2, 4.3, 4.4 and 4.3. Here. the
- standard Jeviations for the noise are 25, 30, 73 and 100 respectyeiv.
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SNR = 4
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Figure 4.3 Noiswv Sequence with 6= 100
SNR = L. N

The segmentation algorithm explained in the first secuon ot Chapter 3 which uses

| Dvnamic Programming was applied to [iiter out the noisy signal with the signal (o

: notse ratios given above. To improve the resuit, for eacih simulauen the algerithm

was run twice, from left to right and from night to lett i crder to provide scoth

"
v

results.

L

The outcome of simulations depend on the model parameter B that modeis the

L

LR )

smoothness of the original Jdata and this parameter was switched several tines untll ve

> )

had the best segmentation for each case. The values of B were set bv tral and orror
for thus study. The best values tor B {or the given SNRs were obramned as v.s4, 0.00,
0.74 and 0.72 respectively. [iltered signals are presented i Figures =00 4.7, 4.3 wnd
| 4.9,

'h'&‘-‘r'l‘-"“

‘. 0

= 3.7 8" 1
N

W Ry S ROAT NEIE T EY AT by S 0 AN AT L I T i T AU T RS it S St I R R N ATy
, (O AU N A --- il ooc o 1% .nu...‘o‘ . WA e 0.0 N i - o W, ) . O



.0‘§'Q-.'ho o 0a%a? 8" 08" 200 At A 000 a0 A"t YA E 0 0 14708 Yot 008 Vat ‘it gt ) et *ab_"atataba ata'abs'ats ale’ Sa A0n S0u 0 n ol ae ‘4% 8% pba o —

i
; ]
) L
3 1
. '
g
3 )
f. .
v \
o
1,4 {
& 1
t
" \
"
y ‘ )
. ‘
o !
1!
A
4
é )
b \
b
1
) '
)
- ‘
. '
: ‘
W b
}
] ]
o
) —
0 :
N D
I i
; ‘
14 R '
L}
, .
l. A
- Figure 4.6 Seginented Sequence for =235 and p = 0.54. .
~ ;
\ 3
» : (
b: H ‘
I L)
. .
A »
\ N
o J
.
A 31
) . .
»
L]
s
‘6
’ \d
L«
. "
A N N L L e b o e B A A A ‘u,"\"\"-.‘ T SRR AN I A% ¢ PP OAD Y



RO A SR R R TN R AT A LY LN gt e R, , Vg ata‘QWatat, TR

Figure 4.7 Segmented Sequence tor s=30 and B = u.50.
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Figure 4.9 Segmented Sequence {or s=100 and fp = .72

[or the case of data with unknown levels wve developed a different semmontaten
algorithm. The Jdifficulty is to estunate the data levels. as well as w leternune the
segmeniation.  This segmentation algorithin is bkased on Kalman Fiitering and
Dvnanuc Programming. First, this method has been applicd 1o the one dimensional
noisv signals shown in Figures 4.2, 4.3, 4.3 and 4.3 The neisv data was  {iltered
twice (two passes). The two passes results are shown in Figures 4.1u, 411 ter ¢= 23
and 20.
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Figure 4.10  Segmented Sequence by KF vith = 23
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Figure 4.11  Segmented Secuence by KF with 6= 3.

B. TWO DIMENSIONAL IMAGES
We appiied the two dimensional filtering aigorithm to the test images which
contain three dJifferent regions given in Figure .12, In this test image there are four
Jifferent intensity levels (one for the background and three for the objectst. Rundom ]
Gaussian noise has been added with standard deviauon ¢=10 and 6= 20 as siiown in
Figures .13, 3.14.
The result of tiltering is shown in Figures 4.15 and 4,16, Notce that in these
cases the noise has been removed while preserving the edges between the regions. The
values of the parameter B giving the hest results are B=2.0 for ¢=10 and P=1.3 for
¢ = 10 showing a trend of this algorithm. The value of B depends on the SNR of the

noisy picture. [n particular § should be decreased for higher levels of noise.
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As an apphcation to a test image i underwaler Cnviionment, We o il
algortthm to a 312 X 3512 picture of a fish corrupred broadditive noises 1he oo
muge 18 shown in Figure 417 and the filtered one s shown i Ligwe 21y o
significance of it s the fact that atter filtering rhe fish and the background proesent wedl
disunct intensity levels. Although applications to this cluass of probleais are st under
mvestization, the fact that the object tthe fish in this cuse) presents charactersticos weil
Jisunet from the background can be used for automatic detection or recegnition b, un

artiticial intelligence framework.

Figure 4.12  Original Test [mage.
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Figure 413 Test Image with 6= 10,
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Figure 4.14  Test lmage with ¢= 2.
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Figure 4.15 Segmented Image with 6= 10 and f=2.0.
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Figure 4.16 Segmented Test Image with 6=20 and f=1.8.
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r Analogously we tested the algorithm on a 16 level checkboard shown in Figure 3
4.19 ftor ditferent levels of noise. In particular the values of the 16 levels are given by "
1ou, 30, 180, 70, 200, 120, 60, 140, 75, 175, 90, 63, 130, 33, 190, 110 from ictt to night :':
for each line. The efTects of additive noise are given in Figures 4.20 and 4.21 tor 6= 10
and 6 =20 respectivelv. The noise is alwavs assunied to be Gaussian, zero meun nid B
white. The application of the filtering algorithm is shown in Figures 4.22 und 4.23
. using f=1.2 and B=0.7 respectively. As expected the algorithm filters within the :_
" . . . b
’ regions while preserving the sharp separation between adjacent regions. .Also shown in
2 Figurc 4.22 are the edges between regions. as detected by the algorithm wiich shiows 5
. the reinitializations of the Kalman Filter gains. g
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Figure 4.21 Test Image with 6= 20.
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Figure 4.22  Segmented Image with 6= 10 and p=1.2.
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Figure 4.23  Segmented Image with 6=20 and p=0.7.
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V. CONCLUSIONS

An algorithm to segment noisv data in one dimension and two dimensions Lus
been presented, where the segments are piecewise constant.  The data are descrined by
state-space models. The particular feature ot the algonthm is to search for tae best
sequence of edges in order to maninuze the hkelilivod function. The algorithra has
emphasized piecewise constant data, bur it can be exicnded for the data with ivglons
characterized by textures to which we asvociate ditlerent Autoregressive tAR) models.
Tvpical applications are not only image segmentation but also segmentation n speech

analvsis, such as phenomenon separation.
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APPENDIN A
DYNAMIC PROGRAMMING ALGORITHM

The Dynamuc Programming 1s an algorithm used when the solution 1o u probivm
may be considered as the result of a sequence of decisions.  An optunal sequence of
decisions will maximize the given tunction, m the case that 1s used m this stuldy, the
likelihood function €, .

[In Dynamic Programming an optimal sequence of decisions s obrained by
making explicit appeal to the Principle of Oprimaiiry. In the cases when this priciple
can be applied. an opumal sequence of decisions has the property that whatever the
mitial state and decision are, the rest of the decisions must make up an optimal
decision sequence according to the state resulting from the first decision. Stundard
Dynamic Programming techniques are introduced by Bellman. {Ref. 9]

The mathematical equations and the algorithm is given below for the cuse that
was mientioned in the second section of Chapter 3. By defining the likeithood function

as

k k

Ek(xu..\'l,...,xk)=Bzg(xj,xi_l) Vv, -F(x)) )2 (A1)
=0 267 =t
or in recursive form
O (RgX Xy 4 )= G (XgoX X ) F AR L (X 4 %) A
where
1 « 2 :
26°

and setting the initial condition x| = 0 and also assuming that x, can be only logic
‘07 or "17, we can determine the best sequence {'ik . k=0,...N} which maxinuzes

f\(xU....,x_\-). For this purpose define
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T = max Gixge.x, .0 P
(XpgeXy )
and
Jobr = max G ixgx 0D AW

(\:U....,.\'k_l )

We can represent the problem in the torm of a graph as in Figure AL, wich N wiages
where the nodes at the K-th stage represent the state n, (either "07 or "1, und the

branches represent the gain associated to the transition from one state to tie nest. i

this way J (0 and J (1) represent the maximum of all possible gains up to X, = 0and
X = lrespectively. These quantities can be recursively updated as

Jo+ im=maxiJ 01+ A L (0,01 I (H+ AL L (L)) £AL0)
and

Jp 4ty =maxtd (0y+ ACH_ [0 e+ ACH_ LD} AT

with A€ as in Equation A.3. Also we can keep track of the branches which vield the
K ] p \
maximum likelihood by defining Pointer, (0. and Pointer, (1) at each stage k. The
sequence X maximizing C\-(xu ..... Xy) is thercfore obtained by backtracking as m the
following:
~ ~

Let Xy; be such that J\-(x_\-) = maxJ\(0), I(1)]

fork = N-1to0

~ . A

5 = Porntcrk+l(xk+l)

end for

end
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APPENDIN B
COMPUTER PROGRANMS

E PPOGRAM BINARY.DAT X
i PURPOSE To generate 128 point binary sequznca. h
* REQUIRED IMSL ROUTIMNES llone. i
; IMFLEMENTED BY Lt. Kani HACIPASAQOGLU Jan. 1387 -
;*********kﬁx**:'x*x%***xk***k*kx*****x**k*k*txxxk*:*r:k,-. sxFEw ':

INTEGER IMITT,FINITT.F(128),TERM,SETBUF,K

REAL SWINDOD,ICVEA,DRAWA

OPEN(UNIT=1,lAME="8BINARY.DAT' ACCESS='DIRECT' STATUS='[iEW'
RECL=32,!1AXREC=123)

DO 10 K=1,128
IF(K .GE. 0 .AND, K .LT, 30) THEN

F(¥'=100

EL3E IF(K .GT. 70 .AND. K .LT. 90) THEU
F(K)=100

ELSE IF(K .GT. 120 .AND. K .LE. 128) THEN
F(K)=100
<

LSE
F(K)=200

END IF
WRITE(1'K) (F(K))
COUTINUE

CLOSE (UNIT=1)

CALL INITT(480)
CaLL TERM(Z,1
CALL SETBUFEZ

CALL DWINDO(-50.0,300.0,-50.0,400.0)
CALL MOVEA(-50.0,-50.0
CALL DRAWA(300.0,-50.0
CALL DRAWA(300.0,400.0
CaLL DRAWA(-50.0,400.0)
CALL DRAWA(-50.0,-50.0)
CALL MOVEA(0.0,1000.0)
CALL DRaWA(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)

CONTINUE
CALL FINITT(0,0)
STOP
END
53
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FROGRAM BINARYZ2.DAT

PURPOSE To genera%te one dimensional 173 peint b
sequience with zero mean Gausszan 1ols
by Dynamic Programming algocritimm to s
a nolsy sigual.

REQUIRED INMSL ROUTINES GGHIL

-

INFLEMENTED 27 Lt. Kanl HACIPASACGLY Fab. 1%&7

R AR

-Jg
*
%
x
=
=
=
*
=+
-
x
¥

AN oNn

INTEGER IMNITT,FINITT, F(128} TEZIR!,SETBUF,I,NR,L

REAL DWIHDO,MOVEA,DPAHA GIIL R, 5(123)

DCUBLE FRECISION DSEED

DSEED=65471

OFEL(UNIT=2,1HANE='BINARYZ.DAT' ACCESS='DIRECT',6 STAIUS="UEW!'
* RECL=3Z,MAZREC=128)

DO 10 I=1,128
IF(I .GEbSJ LAND. T .LT. 30) THEN

ELSE IF(%O.GT. 70 .AND. I .LT. 90) THEN
F(I
ELSE IF(I .GT. 120 .AND. I .LE.128) THEN

oL T
e, .

- '.’??7" Ld

MR=1
CALL GGNML(DSEED,NR,R)
SIGIIA=75.0
R=SICHATR
C R:NOISE FUNCTION WHICH WAS GENERATED
S(I)=F(I)*R
WRITE(2'I) (S(I))
10 CCNTINUE
CLOSE(UNIT=2)

CALL INITT(480)
CALL TERII(Z,1 N
CALL SETBUFSZ
CALL DWINDO(-50,0,300.0,-50.0,400.0)
CALL MOVEA(-50.0,-50.0
CALL DR&WA(300.0,-50.0
CALL DRAWA(300.0,400.0
CAIL DRAWA(-50.0,420.0
CALL DRAWA(-50.0,-50.0
CALL MOVEA(0.0,1000.0)
CALL DRAWWA(0.0,0.0)
CALL DRAWA(128.0,0.0)
CALL MOVEA(0.0,0.0)
DO 35 I=1,128
X=1
v=5(1)
CALL DRAWA(X,Y)
35 CONTINUE
CALL FINITT(O0,0)
STCP
END
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r
?-
C REARRRARARERFAAARKRA R AR AR ARARAR R EARALAARKARAAKRCREKARAFFIARRR PAR v a o “ws h
~ R -
C * PROGRAM ONURZ =
[ x - b
C * PURPOSE To sacment a nolsy binary sequence using - !
C : Dynamic Froqramming algotithm. =
C N '
C * REQUIRED IMSL ROUTINES lione. i X
o x = X
C ® IMPLENENTED BY Lt. Kani HACIPASAOGLU March 1S&7 b .
g R kA A XA AR R AR R R R AR AR R A ER T AR RRARRARRRARRRARARR IR AR TR AR 7(".":'."..’7'(.*(. ;
c

INTEGER N,K,E0,F1,00T,PTR(128,0:1),F{1283)
INTEGER INITT, FIUITT 1ERL, :EI'UF,J,H
REAL BETA, SIGR, LHEW) ,LUEUL {IOVEA L0 ,L1,0UT5(1

:123) , SUULLTZ, 1.7
PEAL DELV(1:12E8,0:1,C:1),0WINDO,DURAYA,S(128},X,7.,S

:.,SEE,“.E:'_ -
SIGHA=150.0 "4
PEAD(*,1) BETA A
1 FOFIAT(F4.1) "
FC=199 >

F1=200
OPEN(UNIT=2,NAME='BIMARY2.DAT' , ACCESS='DIRECT',fSTATUS='CLD', .

* RECL=32,MANXPEC=128)
DO 33 h=1,123
READ (2'1) (S(M))
WRITE(5,%) S(N),N ‘
33 COLTINUE
CLOSE (UNIT=2) “

K=1
LO=BETA- (E§S(K)-l )**2)/}2* SIGMA*#Z)%% -
L1=-BETA-(((S(K)=200)%*%2)/(2~(SIGHA**2)))
DO 151H=l,128
K=11-
DELV(K+1,0,0)=BETA-(((S(K+1)-F0) **2)4}2* SIGMA*#Z))\ -
DELV(K+1,1,0)=-BETA- (S§K+l ~FQ}**2 §2 (SIGiA*™™Z % ‘
DELV(K+1,0,1)=-BETA-(((S(K+1)-F1)*%2)/ 2*(SIGMA”*2§ ) b
DELV(K+1,1,1)=BETA~(((S(K+1)=-F1)~*2)/(2*(SIGHA*~2)
IF((LO+DELV(K+1,0,0 3 .LT. (L1+DELV(K+1,1,0))) THEN

LNEWO=L1+DELV(K+1,1,0)
PIR(i1,0)=1

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

END IF

IF((LO+DELV(K+1,0,1)) .LT. (LL+DELV(K+1,1,1))) THEN

LNEWLl= L1+DELV(h+l 1, l)

L )

..

o
PTR(M,1)=1 )]
ELSE
LNEW1=LO+DELV(K+1,0,1) =
PTR(1{,1)=0
END IF
LO=LNEWO A
L1=LNEW1
15 CONTINUE
Cc TRACE BACK PROCEDURE 2
OPEN(UNIT=3,NAME='0OUTS.DAT' ,ACCESS='CIRECT',STATUS="'NEW", -
* RECL=32, MAXREC 128) :
IFSL% .LT. L1) THEN .
ELSE 3
J=0 :
END IF <
oUT=J ",
DO 44 K=127,0,-1 G
IF(QUT .EQ. O) THEN N
UTS(K+1) 100 W
ELSE .
CUTS (K+1)=200 N
END IF
33 :

.
.
K
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L e a0

OUT=PTR(K+1,0UT)
WRITE(6,%*) OUTS(K+1),K+1
CONTINUE
DO S5 R=1,128
WRITE (3'K) (OUTS(K))
CONTINUE
CLOSE({UNIT=3)

CALL
all
CALL
CALL
CalLL
CallL
CalLL
CALL
CALL
CALL
CALL
CALL
CALL
DO 3

INITT(480)
TERIN(2Z,1
SETBUFéZ
CHINDO

IIOVEA(-50
DR&WA( 300
CRAVA(200
DRAWA (=50
DRAWA(-50

MOVEA(0.0,1000.0)
DRAWA(0.0,0.0)
DRAWA(150.0,0.0)
MOVEA(0.0,0.0)

K=1,128

A=K
7=0UTS (K)
CALL DRAWA(X,Y)

CONTINUE

CALL FINITT(O,0)

STQP

END
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3 c ook d R kR kR ok R kR kK kR kR Rk ok Rk R KRR R R Rk m R e
. ¢ * -
y c x PROGRAM TEST.DAT < v
L) C . ) ~ h
: C = PURPOSE To generate a test imaye which has =
C . three different intensity levels. b ’
# ’ c A fl -
4 c : REQUIRED IMSL ROUTINES None. ”
C -~
. C * IMPLEMENTED BY Lt. RKani HACIPASANGLU HMay 1927 =
! I * -
-,' = é AR IR KRRARARRARRARRRARRRAA AR RARARRKRARIFAKRARARAIRARARARA KT &
." C =
BYTE A(128,123) .
, INTEGER R,XCl,¥C1,%C2,¥C2,F1(1:128,1:128),F2(1:128,1:123) ,
1 C
R=20
" KC1=60 X
! ¥Cl=6Q )
: ¥C2=60 ‘3
! XC2=90
C
N OPEM(UNIT=5,MAME='TEST.DAT' ACCESS='DIRECT',6STATU3="'NEW', :
K * RECL=32,MAXREC=128) e
C ¢
M DO 10 I=1,128 "
» DO 20 J=1,123 ) . s
o FIEI,J;=§ééI-XCl;*#2+2J-YC1)*#2;-(R*?2\) '
s F2(T.J)={{(I-KC2)*=2+(J-YC2)**2) = (R**2})
IF(&FI&%,%% .LE. 0) .AND. (F2{(1I,J) .GT. 0)) THEN
A(l, J)=
f ELS% IF%(i%%E'J) .GT. 0) .AND. (F2(I,J) .LE. 0)) THEN
A I, = '
¢ ELSE IF((F1(I,J) .LE. 0) .AND. (F2(I,J) .LE. 0)) THEN *
A(I,J)=100 g
i EL .
A(I,J)=200
END IF .
20 CONTINU )
, WRITE(5'I) (A(I,J),J=1,128) .
o 190 CONTINUE ()
X CLOSE(UNIT=5) ]
) STOP J
) E!ID
’ w
f .
! '
’ .
¢ .
'
3 s
5
w
4
” {
4 1
" L
| t
t
.\
y \
"\
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PROGRAM
PURFOSE

TESTIM.DAT

F

*

bl

* To generate a test image with zero wean
* Gaussian noise to be segmented by

: Kalman Filter,
x

*

*

>

=

REQUIRED IMSL ROUTINES GGHNIL

IMPLEMENTED BY Lt. Kani HACIPASAQGLU 1I!'ay 1937

b R CE S S U S SR R C S 1—

BYTE A(128,123)
PHAPACTEF*SO TESTIM
INTEGER [iCl,YCl,XC2,¥C2,Fl
INTEGER NR,Rr,SIGHA . CR,E2(
REAL GGIMIIL,R
DOUBLE FRECISION DSEED
DSEED=65471
WRITE(*,100)
FORMAT ( 'ENTER IMAGE DATA NAME')
READ(=,101)
FORIAT (4S0)

CR=20

XCl=60
YCl=60
¥C2=60
XC2=90

OPEN(UMIT=1,6NAME='TESTIM.DAT' , ACCESS='DIRECT'
RECL=32 ,MAXREC=128)

HRITE(*,ZZZ)
FORIAT('ENTER SIGMA')

READ(*,333) SIGHA
FORHAT(IZ)

DO 10 I=1

(128,128)
123,128),aA(123,128)

-«
—~—— N

o
l‘"

—
~—D O
HHCD

-%¥C1) **2+2
-{C2)**2+
E. 0) .AND.
éI ,J) .GT. 0)

0
F1(I,J) .LE. 0)
100

J=YC2)**2 CR**2
(F2(1,J) .GT. 0)) THEN

.AND. (F2(I,J)
LAND. (F2(I1,3)

“lnnH

YCl}**Zg ECR**2

U"

.LE. 0)) THEN
.LE. 0)) THEN

SE
A(I,J)=200
END IF
NR=1
CALL GGNML(DSEED
Rr=SIGMA*inint (R}
AAéI )= AiI J)+Rr
IF(AA(I,J) .LT. -128) THEN
AA(I.J) AA(I J)+256
ELSE IF(AA(I J) GT 127) THEN
AA(I,J)=AA(T,J)-25

LSE
AA(I,J)=AA(I,J)

END IF

A(I,J)=AA(I,J)
CONTINUE

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

CLOSE (UNIT=1)

STOP

END

NR,R)

-ﬂ~r~ r~qx v'y(',‘-,, " \l\'\"’\.’\.\' .I\.I (‘- M‘J' f\f -, \ \q J‘- J‘ I-‘\J'
o i o A A

,STATUS="HEW',

s
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C * - h
C : FROGRAM FINAL.DAT - «
C < o,
c * PURPOSE To generata a test imaye which has 15 - ™~
C = different regions. = !
c = = N
C x REQUIRED IMSL ROUTIIES lone. * )
C - ~
C = IHMPLEMENTED E7T Lt. Kani HACIPASAOGLU June 1987 =
g AR TR AR A A TAARARARAAATAAARARARAARAARRAARRATARR AR RARAAR T 0K L
C
c BYTE A(128,128) ,
OFFN(UHIT L, NANE='=INAL.DAT' ACCE3S='DIRECT' STATUS='LEW', t
* RECL=3Z2,IlIA™ 'EF"128} *
DO 10 K=1.32 y
DO 20 L=1,32 )
AéK,L)=lOO ’
A L+32)=%0 >
Aé ,L+564;=130 ,
- A K,*+96)—7O
N A(K+32,1)=200 R
A(K+32, L+3°g 120 )
A§K+32 L+64)=¢0 X
c A(K+32,L+96)=140 :‘
A(K+E4, L) v
A(K+64, L+34)=l75 '
A(K+64,L+64)=90 N
; A(K+64.L+96)=65 Ny
A§K+°6 ,L)=130 N
2(K+96,L+32)=55 i\
A§K+9b L+64)=190 v
A(K+96,L+956)=110 N
20 CONTINUE }
10 CONTINUE 0
DO 372 I=1, o
VRIT;(I'T) (A(I,3),J=1,123) o
30 COMTINIJE ™
CLOSE(UNIT=1) ;
STOP N
END
Y
‘I\-
"
v

o x_¥

o

Xa¥
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IMPLEMENTED BY Lt. Kani HACIFASAOGLU June 1937

REQUIRED IMSL ROUTIIIES GGNIML =

c ARk kR A AR I RARKRK AR AR KRR AT R AR A RA AR AR AR R FAAARAR IR A IR RAR® «x~
C * *
C : PROGRAM NFINAL.DAT -
C -~
C = PURPOSE To generate a test image which has 15 =
o * different regicns with zerc mean 5aussian

C : noise to be segmented by Kalman Filter. ‘
C

C x

C kel

c x

C bt

C

c

BYTE A(128,128)
CHARACTER*5D IIFINAL ,
INTEGER NR,Rr,SIGHA,AA(128,128)
REAL GGHML,R
DOUBLE FRECISION DSEED
DSEED=65471
WRITE(*,100)

100 FORMAT( ' ENTER IMAGE DATA NAME')
READ(™,101)

101 FORMAT(ASO)

CPEN(UNIT=1 MNAME='NFINAL3.DAT' 6 ACCESS='DIRECT',6STATUS='LEW',
* RECL=32,1AXREC=128)
WRITE(*,b222)
222 FORIAT( ' ENTER SIGHMA')
KREAD(~,333) SIGHA
333 FORIIAT(I2)
DO 10 K=1,32
DO 20 L=1,32

TR

A(K,L)=100
A(R,L+32)=50
A(K,L+54)=180
. A{K L+96)=70
A(K+32,L)=200
A(K+32,L+32)=120
A(K+32,L+64)=60
A(K+32,L+96)=140
o
b A(R+64,L)=75
b a K+64,L+32§=175
A(K+64,L+64)=90
A(R+64,L+96)=65
C i
A(K+96,L)=130 ~
A(K+96,L+32)=55 &
A(K+96,L+64)=190 N
| A(K+96,L+96)=110 N
, 20 CONTINUE .
10 CONTINUE ,
NR=1 -
DO 80 I=1,128 -
DO 90 J=1,128 o
CALL GGNML(DSEED,NR,R) -
| Rr=SIGHMA*jnint(R) -
AASI,J)=A21,J)+Rr o
b IF(AA(I,J) .LT. -123) THEN v
AA(I,J)=RA(I,J)+256 N
: ELSE IF(RA(I,J) .GT. 127) THEN %
, AR(I,J)=AA(I,J)-256 o
A ELSE A
; AA(I,J)=RA(I,J) (0
END IF 3
A(I,J)=AA(I,J) )
90 CONTINUE ;

-

WRITE(1'I) (A(I,J),J=1,128)

0O0)
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)
\ 30 CONTINUE A
) CLOSE (UNIT=1)
" STIop )
r END ;
g » '
> f
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c * - d
c * PROGRAM CRISTIZD * )
o = * 3
c * PURPOSE To seagment a two dimensional noisy image -

c = using tavkov Pandem Fizald, Cynamic -
o : Programming and Kalman Fi 1 tering technijues. b <
c ~ be
c * REQUIRED IMSL ROUTIMES None. * t
c * -
o) = IMPLEMENTED BY Lt. Kani HACIPASACGLU Aug. 1987 - R
g xx***rxk*xk****xrr*xxx*x’k*x*xx"c**k**k**k*k*k**ﬂ****kk*7'?*"* vvvvv = ‘l
c
common ny, v(512,512),tau(512),xtop(512),iedge,ymax ~
integer start, dir, cycle ~
c
character®20 image, imout )
byte s(512, 312), v(512,512) N
vlllte(x 777) :
777 format (' Enter Input Image File MName:') -
read §*, 778) image
write(*, 782 -3
782 format(' Enter Output Image File Name:') v
read(*, 778) imout \
773 format(azo) . %
open (2, name=image, access='direct',6 status='old') by
c get data from flle I
write (%,
779 format (' Enter Image Size')
read(*, 780) npoints N
730 format(13)
wrlteé . 555; . J
read (*, 666) sigma, beta K
vltp /J( 0) (Q
790 format(' 'see edges? (yes=1)') J
read (*, 791) iedge ‘ :
791 format(ll) ~
wrlte§ , 810g -
write 792 ;
722 format§ Enter scale factor (1.0=no scale)! ) 3
310 format output yout= yth+scale*(y yth) ') Y
read(*, 793? scale .
793 format(flO 2) N
wrltn(*,81 ) "
811 formig(' fth (yav+ymax)/2; 2:yth=0.9ymax; 3: enter yth; ?7')
rea , /
L th eg 3)Ythen -
wtlt‘{ A
794 format (' Enter yth:!) kS
read (*, 793) yth ~
endif o’
c
do 5 k=1, npoints '
read(Z k) (S(k,j)., j=1, npoints) ‘]
do 6 j=1, n 01nts -
temp s(k, 1 -
if (temp.lt.0.0) then “d
temp=temp+256 -9
endif .
y(k,j)=temp "
6 continue
5 continue
close (unit=2)
c
c
555 format?' ENTER: sigma, beta')
666 format(2£10.4)
c
c *** main loop ***
62
'
l.
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write(*, 657) .

o 667 format(' Start Computing ...')
b ymax=0.0

< yav=0,0

e ncount=0

* nX=npoints

ny=npoints ‘
gam=1.0/(2.0*sigma**2)

**x% jnitialize !

aooan

do 30 j=1,ny

tau(?)=0.0

xtop(j)=0.0
30 continue

~, nx=nx-1 )

. o * % main loop *Rk
do 40 i=l,nx
start=1 "

- dir=+1 X

" cycle=1
call line(i, start, dir, cycle, gam, beta, rowav)

start=ny

dir=-1

cycle=2 .

call line(i,start, dir, cycle, gam, beta, rowav) s
40 continue '
c
c

*** compute average of output image

yav=(ncount*vav+rowav)/(ncount+l
ncount=ncount+l

write(*, 668) , ) /
668 format(' ... End Computing. Now transfering data to disk ...')

c k%% gutput data ***

Phar S D A Ge Wiy R4
O

f
if (iyth.eq.2) then '
ythlymal}&o .9 '
endif
if (iyth.eq.l) then
yth=(yav+ymax)/2.0
endif

e LA

P
9]

write(*, 800)

; 800 format(' vyave, ymax, yth =') q
Y write(*, '801) yav, ymax, yth \
‘ 801 format(3(x, £10.4))
. do 60 k=1, npoints
: do 61 j=1, npoints )
ys=yth+scale*(y(k,j)-yth)
c :
if (ys.%t.ZSS.O) then
s=255.0
endif .
if (ys.le.0.0) then -
$=0.0 3
endif -
c . nint(ys) .
o itemp=jnint(ys) N
. if (?temp.gt?lZ?) then X
, itemp=itemp-~256 K
: endif X
 v(k,j)=itemp .
) €l continue d
’. 60 continue
:. . 63 '3
" \
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open (unit=3, nam2=imout, access='direct', h
* status='new', recl=128, maxrec=512)

do S50 % np01nts

write( (v(j,k), k=1,npoints)
50 continue .
close (un1t=3) J
c h
stop
end .
c .

subroutine line(i, start, dir, cycle, gam, beta,rowav)
integer start ir, cycle o
ccmmon r{ éSlZ 512) tau(SlZ% Xtop(512),iedge, ymax
real xhat(4,512 lambda(4 51

real ttau(4), txto (4), tlambda{4 ;, txhat(4), te(4)
real newtau(4, 512) nethop(4 512

real e(4,512) 3
integer p01nter(4,512) d

c *** szan from START by DIR (=+1, -1)
j=start

c *FR 1nltlallze first column
do 90 k=1 s
xhaték stazt) (1, start) '
lambda(k, startg
ek, start)

80 continue

(s gl

rowav=0.0
999 _ ncafnt =0
+dir
13 state= left ed upper edge)
o g PP
*=* 0=no edge, ge

Lt B e W)

a0an

**% gtate (0,0)
do 110 k=1.4
reautk)stau(d) ¢ 5 (1.0/ttau(k))*(5(3,3)-xtop(3).
txte Xto + ttau 1,]))=xto )
tlam éa(k) lgm da(k, j- dlr)+ttau2K P '

2=txtop(k)- xhat(k j-4d 3

txhat(k)=xhat(k,j- dlr)+(ttau(k)/tlambda(k))*z .

el= y 1,j+dir)-txhat k )**2
e2=(y(1i,3)-tx at(k)& X
e3= 1+l j)-txhat(k))**2 .
te(k)=e(k,3 dlr)vgam (el+e2+e3)/3 - 2*beta .
c "
if (k.eq.l) then
em1n=te?k) X
endif .
if (te(k).le.emin) then
im=k X
emin=te (k) :
endif .
110 continue
(o] L}
newtau(4,ji=txtop(im) ¢
lambda§4,%$=tlamgéa(im) .
pointer 4,33
newxtop(4,3 txtop(lm)
xhat(4,J)=txhat(im)
e(4,])=te(im)
c
c *** gtate (0, 1) alala]
do 115 k=1, .

tlambda(k)= lambda(k j- d1r)+1
2=y(i,j)-xhat(k,j-dir}

64 .
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txhat(k)=xhat(k,j-dir)+(1.9/tlambda(k))*z

el= Sy J+dir2 txhat(k))7*2
e2= ,J)-txhac(k) ) =2

el3= 1+l - t<Hat(l))'*2

te(k¥ =e(k,j-~dir)+gam*~(el+eZ+e3)/3

if (k.eq.l) then
emin=te(k)

endif
if (te(k).le.emin) then
im=k
emin=te(Kk)
) endif
continue
newtau(l,j)=1
newxtop(1l) )=¥
lambda(l,3 g=t ambda im)
p01nter(l,3)
xhat(l,3)=t{hat(lm)
j)=te(im)

*Ak gtate (1 O

do 120 k=1,
ttau(k& fau( )+1 o
txtop(k)= vt0p<3) + (l.0/ttau(k))*(y(i,3)-xtep(i))

(v(i, J+d1r) txtog (k))**2
(7(1,3)-txtop(k))**2

(y(i+1, i)- txtop (k)y)=*2

k{ e(k,J-dir) + gam*(el+e2+e3)/3

if (k.eg.1l) then
emmncte(k)

5=
3=
2 (

el
e
e
t

end1
if (te(k).le.emln) then

im=k
emin=te(k)
. endif
continue
rnewtau(2,j)=ttau(im)
newxtop(2,j)=txtep(im)
lambda(Z2, j)=tau(]
ointer(2,j)=im
xhat(2,3)=txtop(im)
e(2,3)=te(im)
**% state (1,1)
newtgu(%éj)§l (i.5)
newxto L33y (1,3
lambda%3 33=1Y'
xhat(3!35=5(1 i) _
el=§y2;,j+.1r5-y(1 3))**2
e3=(y 1+1,3)-¥ 1,35 fakald
z2=gam*(el+e3)/3
if (e(4, j-dir).lt. e(l j-dir)) then
e(3,J)= 2+ ] dir)+beta
peinter(3, )
else
e(3,j)=z22+e(l, j-dir)+beta
' p01nter(3,3)=l
endif

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

62
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goto 999
endif

*** backtrack ***

emin=e(1l, 3)

R e mas LS G BN FLE RS LA
ano

do 150 k=
if (emin. le e(k, J)) then
em1n~e(
im=k
_ endif
1590 continue
c
382 y(i,j)=xhat(im,j)
c
C write(*, 111) im
; 111 format(13)
c
3 if (cycle.eq.2) then
, Xtop(j)=newxtop(im, j)
v tau(Jg newcau\xm,35
c
o *** compute max intensity
) if (y(i,3). ?t ymax) then
b max=y (i
~ endif
c
c **% row average
) rowav=(ncount*rowav+y{(i,j))/(ncount+l)
nceunt=ncount+l
c
! c mark the edge with a black entry
¥ 1f (im, 8604 and.iedge.eq.l) then
\ (1,3)=
endlf
endif
] c
im= p01nter(1m j)
” = ir
b 1f (3 gt.(1l- dlr) and j.lt.{(ny-dir)) then
9 goto
o3 endif
y c
; return
! end
\
b
; 13
D
L) 60
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