CONDITIONAL MORPHOLOGY FOR IMAGE RESTORATION

C.S. Regazzoni, E. Stringa, C. Valpreda
Department of Biophysical and Electronic Engineering
University of Genoa - Via all'Opera Pia 11A, Genova Italy 16145

ABSTRACT

In this papersome properties of conditional morphology
for image restoration are presented.

Conditional morphology is anonlinear method for
coupled edge detectioand image smoothingand it is
derived from the fusion oftwo nonlinear Bayesian
approaches: statistical morphologgpd thedeterministic
annealing solution to Markov Random Fields models.
The proposed method

filtering  operators  presenting robustness and
computational simplicity characteristics.

In this paper, th@robabilistic model presented in [4] is
discussed; onthe basis of the common theoretical
framework given by the MFT, iallows one to extend
statistical morphology for solving smoothirand edge
detection problems simultaneously. Tgreposed method

is based onthe modeproposed in [1]: it represents

explicitly both intensityanddiscontinuity variableand it

resulting from fusing these applies MFT for defining operators more genefahn

approaches, is based on Mean Field Theory, whichstatistical morphological ones.
represents a common theoretical framework able toConsequently, conditional morphological operators are

provide a computational simplification tthe problem
solution together withmaintaining therobustness of
Bayesian models.

Experimental results are presented showiggod
performances obtained by thgroposed approach on
image affected by impulsive multiplicative noise (e.g.
speckle noise).

1. INTRODUCTION

Low level image processing usually involvtbe problem
of coupled edge detectioand image restoration. Both
edgeand restored images areften required byhigher
level processing modules, for example fpattern
recognition tasks.

In literature several methods fopupled edge detection
and image smoothing areproposed. Amongthem,
Bayesian methodsan beclassified in deterministic [1]
and stochastic [2] methods, depending on theed
approached for estimating the solution.

definedstarting from statisticamorphology [3]and the
deterministic solution tdMRFs mode[1]. Further, in this
paper an analysis of the behaviour of the conditional
morphological operators is performethd experimental
results are shown.

2. CONDITIONAL MORPHOLOGY

Conditional morphology [4] allows one to perforadge
detectionandimage smoothing simultaneously by means
of the fusion of statisticainorphology [3]and the MRF
based method presented in [1].

2.1 Statistical morphology

Statistical morphology is a new formulation of classic
morphology which makes it mogmilar to theBayesian
approach. Yuille in [3] redefined basic (dilation and
erosion) and complex (opening and closing)
morphological operators under a probabilistic point of
view.

One of the most known deterministic approach was This methodology involves a temperatywarameter T (1/

proposed by Geigeand Girosi and it isbased on Mean
Field Theory (MFT) [1]. MFT is used fagenerating an
equation which involvethe variables of théelds to be
estimated by modifying a paramefein a recursivevay,
according to a continuation method.

This method isproven to be computationally more
efficient than stochastic methods, but it remains quite
complex from the computational point of view.

Statistical morphology [3] aims at generalizing
mathematical morphology (MM) by means of the
introduction of a probabilistic model including MM as a
particular case; the output of statisticabrphology is
obtained by applying MFT, which allows one to define

B), whose values change the behaviour of the filter: in fact
for T (B-0) morphological classic operataran be
obtained, while for -0 ((-) linear filtering is
performed.

In mathematical morphologthe elementary operations
are dilation ancerosion which consist in maximum and
minimum operators respectively.

In statistical morphology, dilatiomnd erosion can be
defined respectivelywinner-take-all and loser-take-all
operations which select value in a particulsubset
(neighbourhood set) of the image. By considering the
input pixel values |; and the SEB; (Fig.1) shifted on



each pixel i, for a specific pixe], Yuille et al defined
binary decision units sudhat V, ;=1 and V; , =0 for j

# k; this means that j-th input selected athe winner at
the i,-th site.
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Fig.1: Example o3, centred on i-th pixel

In this way it ispossible to represent eagtossible
solution forthe pixeli, by means of the set of variables
{Vio’j} =V oVi2 Via: Vi, n) Where n is the

number of pixels inside SEnd with thefollowing
constraint 3 M 1

jOBE
By introducing the parametg and following statistical
physics [3], aGibbs distribution is defined for each
configuration:
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By applying minimum variance estimation to (1), the
mean-field equation for statistical dilation is obtained:
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Eq. (2) showsthat thesolution for statistical dilation at
pixel i depends on the parametgrand thegrey-level
values of pixels that falling insid5,.

Analogously, Yuille etal. [3]derived the solution for
statistical erosion: in this case the solution haddhe of
eg. (2) in which3 assumes negative values.

2.2 Deterministic annealing solution to MRF models

The methodoroposed in [1] allows one to perforedge

detectionandimage smoothing simultaneously by means

of two coupled MRF (F,L): F represette filtered image

intensity field and Lrepresents the presence or the

absence of a discontinuity betwed#mo neighbouring

pixels (line process). More precisely:

-F={F :i=1,....,MxM} whereF, represents the image
intensity of i-th image pixel (Fig.2); MxM are the
number of pixels composing the image

-h ={h ,0[0,1] : i=1,...,MxM} whereh, ., represents
the horizontal lineprocess betweern-th and m-th
neighbour pixels (Fig.2);

-v={v,0[01] : i=1,...,MxM} wherev; , represents
the vertical lingprocess betwedrth and r-thneighbour
pixels (Fig.2).
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Fig. 2
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The input/output relation is a condition@lrobability
densityPB(F, L,/1); according to th&ayestheorem, it is

possible to write:
R(I/F,L)IP(F,L
Ry(F,L/1)= b JP(R.L)

P() (3)
where R(I/F,L) is a term thatepresents the noise in

the image and depends on the image acquisition.
P(F,L) represents a prioknowledge orthe image (e.g.
piecewiselinear structurejpnd in thiscase it moulds the
discontinuities in the image by means of tifference
between the values (F) of neighbouring pixels. In
particular in [1] was used the Weak -Membrane model:
L 2[R R’ @t
P(F,L)= < el

(4)

wherea andy are positive parametershat favour the
smoothing or preservation of the discontinuities.
Applying minimum variance estimations Geiger@rosi

[1] obtained the following mean-field equation for the line
process:

1

1+exg Bly-a(F ~Fua)?)|

The mean field equatiofor the field F depends amoise
parameters and Was obtained bintroducing a gradient
descent algorithm [1].

(5)

Lij+1=

2.3 Conditional morphological basic operators

In this paper wemodify the statistical morphological
model introduced by Yuilleet al[3] by taking into
account the discontinuities L; it can be performed by
introducing a term representing the a priknowledge
about discontinuities in statistical morphology models.

In statistical morphology [3] the value depended on the
intensity values of pixels j falling insidg, that is the SE

centred on pixel, and on parameted (eq. (2)); in the
proposed approach it also takes into account the
discontinuities between pixel and neighbour pixels
(pixels r and m in Fig.2)Since thisdependence is



modelled by means of a set of conditional probabilities, Bl |

the approach is defined asnditional morphology >|e) Y gp T &k

The basic conditional morphological operation, erosion _ 0B pUB kOB, (11)
and dilation, areobtained by following the same Nm = Bl

> €

technique presented in [3]: tip®ssible solution folf is iB [ o008 KB, |

selected amongthe pixels off. This concept is :

formalized by introducing binary decisiamit V;; ,as in wherec; g = Bld g{es[y_a(li ~la) ] +1}with d={k or p}.
statistical morphology and a conditional probability

P(F,h,v/ 1). According to Bayes Theorem, we can write: Egs. (9), (10), (11) represent the outputscohditional

PlEhm v,/ 1]= Fhm,ve /V IO / 6 dilation if 3>0. By considering negativf values, they
[ Hfm: s ] Vu% P[ P 0. Ve Y] ] ny] ] ©) represent the outputs foonditional erosion

Where\/iJ represents a possible solution configuration and 3. COEEFICIENT ANALYSIS

P[\,{J / I} is the same of eql). ) i ) . .
) i ... . Inthissection an analysis of the behaviour of whedghts
The dependence of solution from the discontinuities is;, (7) is performed to evaluate the influence of the line

contained inP{F,,hm,\“ /\(J, I]; in particularfor each process on morphological operators.
L . . . pixel i-th . g
site j 0B, we evaluate the interaction among(possible pixel r-th

solution) and allpossible solut.lons fofR arld Fy- The [ ] \' x | x @ - pixels of ith SE
F and Ry, valuesare chosen itwo newneighbourhood elel.|/ % = pixels of r-th SE
sets R and M, that he_lve thg same shape Bf, but olo O = pixels of m-th SE
they are centred, respectively, in r and m.
By considering the same approach of [4] ip@ssible to O G‘\\\ pixel m-th
write: Fig.3
F= Ywl (7)
0B Conditional dilation is here considered by using the
with model represented in Fig.3.
2 Cipk The behaviour of the conditional morphological operators
wj = {p.k} (8) strongly depends on the parameperTwo special cases
s eB'J' s Gipk are considere - 0 andB - o,
B {poB kIR,
where

2 2 -B-0

Cipk :eXF{B(lp_lk)]E{GX%B[ZV_G(O i~ p) +(| il k) jﬂ*‘ Conditional dilationbehaves as hnear average, irfiact

the weightsw; assume the same vallg [B;.
+exp{B[y—a(lj —|p)2ﬂ+ exJEB[y—a(lj _|k)2ﬂ+1} (9) -Bo

From egs. (8)and (9), it ispossible to noticghat the
with I, 1B, andl, [B,,. output F assumes the value of the winner pixellB;
It is possible to noticthat weights depend on thalues such thatw; is maximized. The winner selectidepends
falling |n§|de SEs centred on pixe)p andm. i on the pixel configuratiothat ispresented in inputnore
By applying the same method we adgrive the solutions  preciselythe selection depends on the pixalues in
for vi andh q;: B, B andB, and their interactions (i.e. their gradients).

eBIj eBIp By defining , X
j[iBi kDZanq’kp%Bf (Ij-1p)?=0jp and (Ij-1k)%=4 |
= T, (10) it is possible to individuat¢he following situations for
2 € Cipk analyzing the behaviour of conditional morphology.
0B {pOB KBy ) . High discontinuity between pixels j and r and between
pixels j and m

Vir



Aljp >>Y 5 zeB(|j+|p+||<)
a « 08 kO
K >>~ € Gk
Alik>>4 iB  piB KBy
In this case, the behaviour of the weights is the following: L bl
A [
DE sz expEB(Ij+Ip+Ik)] DE kDEeB(J p k)é3(2V)
wi0g 0~ PLE Kl (12) wjméjwquf E(T;-) (15)
RAD T YD) eXFEB('j""p""k)] - s ) s s
J0B; pLB kDB, _ _ (B, pOB kOB,
As 1j >> Ip andlj >> Iy, itis possible to write: From egs. (14), (15) it is possible to notitet j is
W SPel) solution for pixel if
) > exp@lj ) If>ma)(lj)+2y
iB

This expression mearthat a highy value is necessary to

This means that i assumedigh values, a statistical ok
cancel the outlief .

morphological dilation is performednd if3—- o« a

classical dialtion is performed. The secondtase is described by meanstioé following
Low discontinuity between pixels j and r and between condition:
pixels j and m Aljp>lvA|jk>l 0 #j"j 0B O OB, [k OBy,
Y a a
i << — * * *
Alip =<3 A <<§,Aljk <<% i 5" 0B [p OB, [kOBy,

og gl p B0 K B . .
There are edges between pixedsidr andbetween pixels

i andm, but there is an outlier in0B;.
In this case, the analyzed pixels fall within a uniform By following the same approximatiarsed before, it is

region. The behaviour of the weight is described by meangyossible to obtain eq. (15) forj vandeq. (14) for VI/? in
of the following expression:

Y
Al <<L—
k==

s ze[ﬁ(ljﬂ”ﬂk)]uizy_a(u i+ )] this case is solut|:)n for pixel if
W.DED pOB KOByy 13 |j+2y>ma)<(lj)
] ooﬁ . — . . . o s . . .
- s s ze[ﬁ('ﬁ'p*'k)]glzy A o+l )] This means that it isasythat j is the winneibecause it
1CB; pUG kCBy ~ receives a contribution from the parameter
From eq. (13), it is possible to observe that the conditional
morphological operator behaves as a statistical dilation if: 4. EXPERIMENTAL RESULTS
Aljp DAl OO0 or 1 +1p +l +a(l jp + A ) >>2y. N
Presence of an outlier in; B Experimental results aim athowing that conditional
1*>5: OB morphology provides better resultthan statistical
J J |

o morphologyand ipresents agood adaptability taeal
Within this situation, it ispossible to individuate two  jmages.

particular configurations: presence of a uniform region To test theproposed operators, a sequence of conditional

with an outlier in B or presence of an outlier i openings (conditional erosiofollowed by conditional
homogeneous with pixels in and By . dilation) is applied tosSAR (SynthetidAperture Radar)
The first case is described by means tbe following images  which are corrupted by anmpulsive
conditions: multiplicative noise called "speckle noise”. According to
y VAR the simulated annealing [1], at each iteration a higher
Blip << Aljc << O #] J [Bj [p UBy [k OBy B value is selectednd theoutput obtained at therevious
= Y oAt LY N step is processed.
Aljk > a A= a i3 OBi fp OBy [k U The final structure of the proposed conditional operator, is

The weights assume the following values: shown in Fig. 3.



Edge Image

—

Filtering Image

Input image
Conditional opening

Fig.3: Structure of conditional operator
The following experimentare performed by using a
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synthetic SARmage (Fig.4) corrupted by a simulated 2-
look speckle noise:

. conditional openings (11 iteration§=0.2, 0.8, 3.2,
12.8,19.2, 25.8,51.2, 64.8, 82.4, 104.2, 204.8);
. statistical opening [3]p=104.2; in thiscase edge were

extracted by means of a Sobel operator.

Resultsare shown in Table 1; it {gossible to notice¢hat
the better results are obtained both in filteramgd edge
detection by using the conditional operator.

Lack of | Surplus| SNR Noise
edge | of edge variance
points | points
Corrupted 7.82 31.4
Image
Statistical 0.49 | 33.87| 4.0 48.20
Morphology [3]
Conditional 4.58 3.07| 11.66 20.44
Morphology

In Fig. 5 the results obtained applying the conditional
opening to real SAR. image are showed.

Table 1 Result of experiments

Analysing Fig. 5 it ispossible to noticehat theuse of
coupled probabilistic model in presence of lower noise
(4-look noise) improvethe result quality. In particular a
very goodresult is obtained in edge detection where the
edges are extracted with a particidacuracy(the road in
Fig.5¢)
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