Unsupervised Localization of ShapedJsing Statistical Models

FrancoisDestrempeandMax Mignotte
DIRO, Départerentd’Informatiqie et de Recherck Opératimnelle
Université de Montréal
C.R 6128 Succ.CentreVille
Montréal, CanadgQuebeg, H3C 3J7
email: destrem@iro.umatreal.ca

ABSTRACT

In this paperwe presehacoheentMarkov modelfor
defomationsof shapedasedon the statisticaldistribution
of the gradent vecta field of the gray level anda proka-
bilistic modelfor reductian of dimension This allows us
to infer theposteriordistribution of defomationsgiventhe
data.The localizationof a shapein animageis thenvie-
wed as the minimizing of the correspondimg Gibbs field.
We usea stochasti@ptimizatio algorithm in order to find
the optimd defamation,firstly with a simplerGibbsfield
andthenon the completeGibbsfield. This yieldsanunsu
pervisedmethal for localizationof shapesprovided that
theimageis not prohbitively too comple.

1 Intr oduction

Localization of shapess an interestingproblemin
ImageProcessingvith apgicationsto detectionof shapes
andpatternrecognition.

In [1], afirst Markov mocel basedn contousis pre-
sentedThe samemockl hasbeenusedwith variantsin [2],
[3] and[4]. Modelsbasedntextureshave beenintroduced
in [5] and[6]. Noneof thosemodelstakesinto account the
statisticsof theimage: the Gibbsfields consideed arede-
finedin anad hocway. However, in [7], a statisticaimodel
is presentedor tracking deformableshapes.

In this paper we presenta Markov modelbasedon
thestatisticoof theimage We view ashapeasadefamable
templateasin [1] but we mocel its dersity function usinga
prokabilistic principal compnen analysis (PPCA)[8] ob-
tainedfrom atraining setalignedasin [9]. This givesus
the prior distribution of defomationsof a shapeWe base
the likelihoad of defomationson the statisticaldistribu-
tion of the gradien vectorfield of the gray levels intro-
ducedin [10]. We thenobtainthe posteriordistribution of
deformationscondtional to the obsenalle data.Locdiza-
tion of a shapecanthenbe viewedasminimizing the pos-
terior Gibbsfield. We resortto a stochasticoptimizatian
algorithm [11] to find the optimal solution.In a first step,
we usea simplerGibbsfield [2], more suitablefor compu
tationalreasonsThen we usethe compete Gibbsfield on
arestricteddomaingiven by the solutionfound in thefirst

step.

The remainng partof this paperis organizedasfol-
lows.In Section2, we presentn detailsafundamentatool
for ourmethal : prokabilistic principal compmnentanalysis
[8]. In Section3, we presenhthe statisticalmocel [10] for
the gradent vectorfield of the gray level. Section4 uses
this mockl to definethe likelihood for deformationsof a
shapeandusesthe PPCAto definethe prior distribution.
The methodfor localizationof shapess explainedin Sec-
tion 5. In Section6, we discussriefly empiricalresults.

2 Probabilistic model for reduction of di-
mension

The following mocel hasbeenintroducedin [8]. We
considertwo randomvariabdesT and= relatedby

T = WE+v+e

wheree ~ N(0,0%14), E ~ N(0,1,), andW isad x ¢
matrix (I, denotegher x r identity matrix). Thisis aspe-
cial caseof [12] aspresetedin [8]. Thevariable T repie-
sentsthe full data,wherea<st repesentgheredwceddata.
Usually, thedimensiam ¢ of = is significantlysmallerthan
thedimensiond of T'.

Assumingthato? > 0, onecanshow that7' hasdis-
tribution function

pr(t) = N(t;v,0?I; + WW?Y).

Now, let ¢y, ...,t, be a sampleof i.i.d. obserations
issuedrom T'. We areinterestedn finding the optimalva-
luesof W, v, o2 in the senseof the Maximum Likelihoad
(ML) ; i.e.,which maximizethelik elihood function

LW,v,0%) = [[prt)
i=1

Let A1, ..., Aq bethe eigervaluesof the samplecova-
riancemaitrix, in decreasingrder, A, bethe diagaal ma-
trix with entrieshy, ..., A;, andU, bethed x ¢ matrixwith
columrs equalto the correspadingeigervectors normali-
zedsothatthey have euclideanmnorm equalto 1 (i.e., the
columrs of U, spanthe principd subspae of the sample



covariancematrix). From[8], anoptimal solutionto theli-
kelihoad functionis thengiven by
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W = U,(Ay —02I,)'2

The following useful fact follows from above by a
simplecalculation

Lemma. LetT = U, (A1 — 021,)*/%E + £ + £ with
e ~N(0,0%1;) and E ~ N(0,1,). Then,

pr(Uy (A —071,) 26 +8) cexp(~5€(1, — A )).

Proof : First, obsere that the inversematrix of ¢2I; +
WWtis
o2 (Id —W(WW + a21q)—1Wt).

Now, substituten the expressionfor pr.

3 Statistical Model for the gradient vector
field

Thefollowing mocel hasbeenintroducedin [10]. Gi-
venanimageof size N, G = (S, U) will denotethe non
orientedgraphconsistingof the N pixels of the imageto-
getherwith the edgesgiven by the usual8-neichboss. If s
andt areadjacensitesof G, we dende the edgejoining s
andt by (s, t) (so,(s,t) € U). Eachsite s andedge(s, t)
canbeclassifiedas“on” or “off” contaur.

Foreachsites € S, therandan variableY’, represents
thenormof thegradent of the graylevel atthe corresjpn-
ding pixel. Basedon empiiical results,we mocel P (ys)
for thesitesoff cortoursby a Weibull law [13],

W(ys; min, €, a) - = a%(ys—min)cfleﬂ“:,—m“)'f

with ys; > min. For pointson contous, we model Pon(ys)
by a mixture of two Gaussiadaws,

2
M(ys; wj, pj, 05) = ijN(ys§Hja‘7j)-
i=1

If (s,t) € U, weconsidetthedistribution of theangle
Ys: betweenthe meanof the gradent at s and¢ with the
normal to the vectorfrom s to ¢. The angleis normalizel
between-m/2 andn /2. We have obseredthat Pon(|Ys:|)
follows a Weikull law upto afactor

koW (ys¢; ming, Co, o)

whenever the edge(s, t) belangsto a contar. We impose
the conditionthat Cy < 1 andthefactoris takensoasto
obtainadistributionin theinterva [0, T]. In thecasewhere
(s,t) is off contous, we modeé Py (|Ys:|) by a uniform
distributionon [0, 7],

b 2

u(yst; 07

? T o

An IteratedConditicnal Estimation(ICE) procelure
[14] is describedn [10] for the estimationof the parane-
ters.

4 Model for deformations

4.1 Deformable template represenation

A curwe is represents as a template,that is a se-
guerce of poirts

Y= (2171,y1, "'amdayd)

wherethed points(z1, y1), ..., (4, yq) areequdly spaced
onthecurwe

Givenasampley, ..., v, of curveswith samenumber
of points,we resortto the procedure[9] to align this trai-
ningset.WethenapplythePPCAof Section2 toredwcethe
dimensio to ¢ <« 2d. Viewing T = (X1, Y1, ..., X4,Y3)
asarandan vecta, we obtainanoptimal modelin thesense
of ML of theformT = WE + v + e withe ~ N (0,021,),
W a2d x ¢ matrix, andZ ~ N(0,1,), by takingW =
U,(A, —0%I,)'/?, v = £, ando asin Section2. Thisgives
us nonlinear defomationsof the meanshapey, = ¢ and
terminateghetrainingphase.

We alsoconsiderrigid defamationsgivenby transla-
tion (7, 7,), scalings, androtatian +, appliedpoint-wise
to acune. Thisyieldsavecta of defamation

0 = (Tz;Ty;S;T/J;E)

of dimersiong + 4.

Thetransfomationd is computedin thefollowing or-
der: first calculatey, = U,(A, — 0215)'/2¢ + T; then,
apply s and+ ; finally, translateby 7. The resultingtem-
plateis denotedys.

4.2 Prior distribution

Let © be the rancbm varable correspondimg to the
vectos of defomations We mocel thedistribution of © by

Po(0) = U(TzaTya S, 7a[’)pT(Uq(Al - ‘72Iq)1/2§ + E)

wherel{ dendestheuniform distribution andT represents
thefull data.FromSection2, thisyields

Ps(f) o exp(—%gt(lq—aqu_l)f).



4.3 Lik elihood

Givenapathc = (sg, ..., s ) in thegraphG of Sec-
tion 3, we conside asin [10] (andsimilarly to [15] and
[16]) thelikelihoad Py, (y/c) givenby

Hsgc POﬁ (ys) HsEc Pon(ys)
H(svt)elc Pott (yst) H(s,t)ec Pon(yst)
— Pon(ys) Pon(yst)
B k(y) HSGC POff(Zs) H(S,t)GC Pon(zst)
M(Ys;5w5,15,05) koW(Ys;_1,s;3mino,Co,a0)
X H?;O W(ys,;min,C,a) ;11 u(ysi1_1,5i;07%)

where

ky) = []Porlys) JI Por(yse)-

SES (s,t)eU

We canthendefinethelik elihoodof a deformation8
by

Pyie(y/0) = Pre,(y/co)

where ¢y is obtaired by interpdation of the polygonal
curve with verticesgivenby the poirts of ~y,.

4.4 Posterior distrib ution

We dedicefrom above the posteria distribution of a
deformationcorditional to the obsenade data

Po,y(0/y) o Pyse(y/0)Pe(0).

Thismodelis entirelybasedn statistics.

5 Method for localization of shapes

We view similarly to [1] thelocalizationof ashapeyq
in animageasfindingits defamationd thatmaximizes the
posterio distribution Py (8/y).

Equivalently writing ¢co = (so, s1, ---, Sm ), We want
to minimizethe Gibbsfield

UB,y) = > (log(V(ys;;min, C, )
i=0
- IOg(M (ySi yWis Mgy Uj))
m ™
+ Z ( log(u(ysi—l,Si 5 07 5)
=1

- IOg(ko W(ySi—l,Si; min07 CO; aO))
1
£ - 0t

asafunctionof 6.

We proaedin two stepsin orderto find the optimal
defomation.As a first step,we usethe unsugrvisedme-
thodof [10] basednthedistribution of thegradien of the

graylevelsto find thesetC of contou pointsin theimage.
We thenconsideithesimplerGibbsfield, similarto [2],

UI(Tw,Ty,S,’(b,y) = Z_max(%?l)
i=0 ¢

asa functionof (7, 7y,s,¢) (i.e.,§& = (0,...,0)), where
d(s) isthedistancdrom thepoints to thesetC. We usethe
stochasticoptimization algoithm of [11] to find a global
solutionto this simple Gibbsfield, with ¢ = 10~%. If the
imagehasdimensionM x N, wetake

0< & <M,

0< Ty <N,
02d< s <06d,

0< ¢ <on

for therangeof U’, whered is the diameterof theimage.
This choice of range involves animplicit a priori on the
relative size of the shapen theimage.A large range will

resultin a more difficult optimizationprodem. It simply
meansthat more iterationsmight be neededfor corver

genceto a satistctoryinitialization.

As asecondstep,we usethe sameoptimizaion algo-
rithm but onthecompleteGibbsfield restrictedo adoman
given by the bestsolutionfound in the first step.Namely
if 7,(0), 7, (0), 5(0), ¢(0) is thesolutionobtaine from the
first step,we take for therange of U

M M
_Z < < il
-2 o <no+ 2
N N
Ty(o)_% < 7y < Ty(0)+%a
09s5(0) < s < 1.1s(0),
™ T
_ " < < T
VO-Z < b e+
-3< & <3

We alsoaddatermequalto 100 timesthe nunber of
pointsof theshapdying outsidetheimageto thefunctions
U andU', in orderto force theshapeo bewithin theimage
range

6 Experimental Results

The resultsobtainedwith a simpleexamge are pre-
sentedn this paper

The shapes a 20thcentuy classicalguitar Thedata
baseconsistsof 10 pictures.Eachcurwe is representethy
atemplateof 70 equallyspacedoirnts. Thetraining phase
yieldsaredweddimersionof 5 for thenonlineardefama-
tionswith lessthan5% error. Threedifferentdefamations
arepresentedh Figure2.

The parametes estimatedby the ICE procedurefor
one of the imagestestedare presentedn Figure 3, to-
getherwith the simple Gibbsfield aswell asthe map of

log (pofr / Pon)-



We presentin Figure 4 the valuesof the two Gibbs
fieldsfor threedifferent localizatiors. It seemghattheglo-
bal minimumof eitherfunctionis thedesireddefamation.

Finally, we presentfive examples of the entire pro-
cedue in Figure5. The estimationsteptakesabou 100s,
thefirst localizationstepabou 23sfor 500iterations,and
the final localization step41sfor 500 iteratiors on a PC
workstation400MHz. We have testedthe procedire on
eachimagewith 40differentseedsThepercemageof seeds
yieldingto agod resultwithin agivennumbe of iterations
for thefirst stepandafixednumberof 500iterationsfor the
secondstepis indicatedin Figurel. As onecansee,if the
imageis relatively too comgex, the numter of iterations
necessaryo obtain corvergerce might be very large and
is unpredictable Therdore, the methodcanrot be useddi-
rectly for detectiam of shapesFuturework will consistin
improving thefirst stepof thelocalizationmethod

7 Conclusion

In this paperwe preseteda coherat Markov model
for defamatiors of shapedasedon the statisticaldistri-
bution of the gradent vectorfield of the gray level anda
prokabilistic modé for reduction of dimersion. This allo-
wed us to infer the posteior distribution of defamations
giventhe data.The localizationof a shapein animageis
thenviewedasthe minimizing of the correspading Gibbs
field. We usea stochastialgorithmin orderto find the op-
timal defamation.In a first step,we usea simpler Gibbs
field, andthenwe usethe complae Gibbsfield on a res-
tricteddomaindeterninedby thesolutionfound in thefirst
step.This yields an unsugrvisedmetha for localization
of shapesprovidedthatthe imageis not prohibitively too
compex.

Image 2500 50 10000
iteratiors | iterations| iterations
1 90% 97.5% 100%
2 45% 52.5% 82.5%
3 7.5% 7.5% 7.5%
4 90% 100% 100%
5 22.5% 27.5% 32.5%

FiG. 1. Proportion of the seedsfor which corvergenceof
the optimizationalgorithm occured within the indicated
numter of iterations for eac of theimagesof Fig. 5
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—0.001 | 0.699618 | 3.59123
w1 M1 o
0.157434 | 52.8338 | 372.666
w2 M2 a3
0.842566 | 29.7858 | 159.261
mino CU Qg
—0.001 1 0.454012

ko 14
1.03473 | 100.206

Fic. 3. From Top to Bottom: Simple Gibbs field ob-
tained from the contairs. Repeseiation of the functian
log(poit(ys)/pon(ys)). Valuesof the parametes estimated

by the ICE procedue.

| Image || &1 | & | &3 | &4 | & |
top 0 0 0 0 0
center|| —=1.5 | =15 | =15 | —=1.5 | —1.5
bottom | 1.5 1.5 1.5 1.5 1.5

FiG. 2. Exampe of non-linear deformatims of a shape
Top : resultsobtaired for three differert setsof values,
fixingtherigid transformatio parametes. Bottom: Values
of thenonlinear parametes.



Image || SimpleGibbs | CompleteGibbs
field field
Top —602.611 —1154.9
Center —391.807 —289.084
Bottom —297.302 1508.64

FIG. 4. Valuesof the simpleGibbsfield and the complete
Gibbsfield for threedifferert localizatiors of the shape

FiG. 5. Examplesof localizatin of a shage in an image
usingstodastic optimizationonthe simplerGibbsfield for
theinitialization andthenon the completeGibbsfield ba-
sedonthe parametes estimatedy the ICE procedue.



