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Abstract

This paper describs about an appli @tionof genetic
al gorithm§GAs) to mo delingof multipleobject from
CCD i1nuges. Shape no del ing sa veryinportanttssue
forshape recognitionf orrobot visionrepresenting3-D
shapes tnthe vi rtualworld, and so on. In thispaper,
we propose a method forobj et mo delingfrom multiple
viewinuges using genetical gorithms(GAs). In this
nethod, simlarithetueen theno del and the v nmuge at
each viewangleis evaluatd. The nvo del having the
mazt mum  evaluationsfound by GAs. Intheproposed
nmethod, sharing schene isused forfinding nultipleo-
lutionsfficientlySone resultsof obj et no delingez-
pertment sfrom syntheti and real nul tipl wi ewi mages
denonstratesthe proposed nethod can robustlyyener-
atenv del by usingthe GA

1 Introduction

Object modeling isvery inp ortant issueof conput-
er vision, which can be applied to object recogn tion,
environmen t recognition, construction of virtual 3-D
space, and so on. Current techm ques for object no d
elingmstly requires hunan operators [1]. Therefore,
autonatic objectno delingtechn ques fromreal 1mages
can reduce the cost of mo del construction.

Many matho ds have recently been studied for re-
covering range information from a sequence of (D
images of multipleviews. In such metho ds, sone cor-
responding points between each images must be de-
tected. If the detection of the corresponding points
can successfullybe perforned, the range 1nfornation
can be accurately recovered by using some mnatho ds
[2,3, 4] based on principal conp onent anal ysis, and so
on. However, some mstak en correspondence are usu
allydetected, since there are alot of candi dates for the
corresponding features inthe real scene images. 'Then
recovered range information includes some errors.

If we think that the object problem isnot estinat-
ing accurate range information but generating accurate

object no dels, we don’t have to explicitl yrecover the
range information from the images. For example, in-
teractie operation system for object no deling [5] ef-
ficiently provides the no del from multiple view real
images. Using this system operator can be obtain ac-
curate object mo deling by repeating generation of hy-
pothesis of o dels and eval uation of the hyp othesis on
the multipleview images. Although this system can
give good object mo dels, the system requires human
irteraction.

In this pap er, we propose an application of genet-
icalgorithns (G4&) to object no deling from multiple
view images. In this netho d, the no del natc hing to
every input image isefficientlyfound by applying (s
whic h repeat evaluation of hypotheses of the no dels.
There are sore applications of G tofinding registrat-
ed patterns from inages [6],obtaining superquadrics
no dels from shading inages [7],and so on[9]. & de-
scribed 1n the previous applications of G%, G% can
effectivel y provide alnest optimzed solution from va-
riety of candidates. In our no deling netho d by Gk,
the efftiency inthe optimzation isthe same. Shape,
position, and pose of the object are sinul taneously de-
termned by optimzing the eval uation of the simlarity
between the no del and the inages.

2 Proposed Method

2.1 De nitionoftheProblem

In this study, we assune the object isa building
vhic h can be regarded as the pol yhedral no del. Then,
the problem i1s how to estimate shape, position, and
pose of the no del fromthe input mul t1pl evi ew 1 nages.
Fgure 1 shows an exanple of the assuned scheme 1n
the prop osed matho d. Here, several images of the ob-
ject are taken from several view directions. In the ex
perimant perforned inthis pap er, the camara param
eters are previously kno w.



(b) Modeling

(a) Flow of object model ing. schene .

Figure 1. Scheme of the shape modeling
assumed in this paper.

2.2 Mo delingy GAs

The mo del i ngf romthe mul t1pl el ewi mages isper-
forned by maxi mzing an eval uationfunctionby the
use of GAs. The eval uatiorfunctiomn sdetermnedby
the simlarytbetween the i nput mul ti pl &1 ewi nages
and the projected mages of the estimatedobjectno d-
el shape. The flow of the no delingprocessby the GA
1sshown infigure 2.

In thisnethod, an objectisregardedas a set of
sinple primtiss as shomn infigure 1 (b). Because
the actual objectsare supposed to artifici abui I di ngs,
the primties can be limtedto rectangul arsol 1 dsor
triangul ampillarsshi ch have arbitrarypositiongize
and pose. As shown 1nfigure 3, paraneters of each
primtiearepositionftheobjectbarycernter sizeand
poseof the primtie, which are defined as (zc,ye, zc),
(AX, &, A7), and 0, respctiwly The pose of the
primtie has only one degreeof freedombecause the
assuned objectisbuil di ngswhi ch areconstructedar-
allebo the ground pl ane.

2.2.1 Encoding of parameters

A setof the paranetersisencoded itoa string nthe
GA. For each parameters, eight bitsare used. One

bitisalloatedto distinguishectangl emand triangles.

Then, a stringconsistsof 57 bitsbhinary The gray
codi ng schere 1senpl oyed for naki ng the hamm ng
distanceof the stringsto correspnd tothe difference
of the paraneter val ues.

2. 2.2 Evaluationof string

Each string seval uatedby the simlarytbetween the
input mul tipl e1ewinages and virtual l gynthesized

Figure 2. The flow of the modeling
process by GA.

no del 1nages as shown infigure 4. We define the fol -
lomng criterion.

1. Correl atiobetween blurredgradien inages of
the i nput i nages and the wrefrane i nages of the
primtisrepresehedby a string F'l).

2. (bnsistency of texture patterns on the no del
pl ane whi ch are provided by every input i nages
(E2).

The first criterionan be defined as the fol lw ng
equation.

Zx y Bi(xa y)Si(xa y)
FEl= 4 ,
2 Vg BEw 9/, S3aw)

(1)

where S;(#, y)represensw refrane i nage of the no del
synthesizedat ith view and B;(z, y) isblurredgradi-
ent inage of the input inage at ith view B;(z, y) is
cal cul ateds

Bi(z, y) = G(=, y) * ¢{W}z n {3Iiéﬂz y)}z’

(2)



Figure 3. The encoding scheme of
primitive.

where G(z,y) is Gaussian distributionand I;(z,y) is
input 1mage at ith view

The second criterionis defined by the variance in
the texture images back-projected on the mo del plane
as shown infiguare 5. Then the criterionF2 is defined
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vhere  Ti(x,y) represents texture pattern back-
projectedfrom ith input inmage, and pisthe number of
the 1images back-projected on the mo del plane. If the
no del parameters are accurate, every back-projected
texture must be the same and then F2 must be 0.

The total evaluation function F is

E=Fl—-axE2 (4)

vhere « isa weighting constant.

2.2.3 Sharing

Because the object ma y consist of mul tipleprimtives,
they must be obtained simultancously. The G\ issut-
able for findi ng mul tipl esol utions, because the GA hol d
man y strings in the population. For finding multiple
sol utions efficiently we enplo y sharing schere [8].

By the sharing, evaluation of the stringisdecreased
ifthe stringissimlar toother stringsinthe popul ation.
This prevents the one point convergence of the sol ution,
and then the multiplesolutions can be obtained. The

Figure 4. Evaluation of string.

relationshi p between the no dified evaluation and the
original evaluation isshown inthe follesing equation.

>i— sld(@i,x))
vhere s(d) =max(1 —d/o, 0),

x;,z;: tth and jth strings

E(x;): original eval uation of x;

Fy(z;): no dified evaluation of x;

n: number of the stringsina popul ation

d(x;, x;): distance between x; and z;

s(d): sharing function of d

o: constant determning effect of sharing.

The distance between two strings d(xz;, z;) isevalw

ated by the harmang  distance between the binary code
of strings.

E(x;) =

(5)

2. 2.4 Geneti coperations

First, The imtialstringsare generated at random Nex
t, each stringisevaluated by F,. Acording to the e-
valuation, sone elitestrings are selected. The selected
elitestrings are inpro ved by a local search netho d and
preserved as offspring strings. For the rest of strings,
the parent strings are selected according to the selec-
tion probability whic h isprop ortional to the eval uation



Figure 5. Textures of correspondence
areas are back-projected onto the model
surface. These back-projected textures
are represented by 71 .3 (z,y).

FEs (Reproduction). Then the offspring strings are gen
erated by the ore-p aint crossover which is performed
hit-wise. Som hits vhic h are selected at random are
reversed by the mutation. Tis pro cess isrepeated
After repeating the altermation of generations, som
strings gather aromd a solution, and som  other
strings gather aromd the other soution as shown in
figwe 6. Acording to the distribution of the strings in
the searc hing space, we have to segmn t som soutioms
vhic h represen ts object m dels. However, the segmn
tation is qute difficut problem becase the strings are
mot perfectly separated in the searching space. In owr
experiman ts, we emplo y a hewistic way for the seg
mn tation, but 1t does mot work for every condition
Ths problem muwst be studied for the futwre work.

3 Experiments

For dermstrating  the efiacy of the prop ased algo-
rithmy we try to obtain object o dels from both syn
thetic and real irages.

In this exp eriman ts, three view images wth 45° in
terval are wed for o deling Inthe GA 256 strings are
wed ina popuation, and 100 gereratiors are repeated
for obtaimng optimal  solutions.

Hgre 8 show the object o del obtaired from the
synthetic multiple view images shown in figre 7. &
shown in figwe 8 (a), two primitives of rectangular

Figure 6. By the sharing, the population
tend to have multiple solutions by the
alternation of generations.

solids can be obtained sinmltancowsly . BB wever, the
obtaired ™ del does mot matc h wth the inpat 1mages
copletely | becaise the string segmn tation does mot
work well. Hgwe 8 (b) show an example of synthe-
sized itage of the object at other view wing the ob
taired mo del.

Hgre 10 shows the object mo del obtained from the
real multiple view images shown infigwre 9. Te object
isa toy bulding replica put on the floor of owr laborato-
ry. Becaise there are man y features on the bac kground
scere in thse multiple view images, 1t is difult to
successfully detect correct corresp onding points on the
object, and to recover accurate range information B
the prop csed agorithm  however, the best hyp othesis
of the m del isefliien tly fomd wthout explicit recow
ery of the range information  Th s, the object m ¢
eling is successfully perforrad as shown in figwe 10

(a).
4 Conclusion

Inthis pap er, we prop cse amtho d for object m del-
ing from multiple view images wing genetic al gorithm
(G%). Inthe prop csed algorithm the best hyp othesis
of the o del isefliien tly fomd wthot explicitly re-
covering the range information, the object o deling is
sucessfully performad  Som  results of object m del-
ing exp eritan ts from synthetic and real multiple view
imges derostrates  the prop csed mtho d can robust-
ly gererate 10 del by wing the A



(a) (b) ()

Figure 7. Examples of multiple view
images ((a),(b), and (c)).

(a) (b)

Figure 8. The object model obtained from
the synthetic multiple view images.
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