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Abstract— The island model parale genetic dgorithm is described to approach the correspondence problem in computer
vision using contextual and structural features of a point, in which multiple points are simultaneously considered, under the
structural coherence constraint. The correspondence is achieved by optimizing similarity measurements among the points
features and by satisfying the structural coherence constraint [4][13][14]. The ISand Mode Parallel Genetic Algorithm (GA) is
used to search a large space by evolving different populations sparately, using the Dempster-Shafer caculus for an individual's
fitness evaluation. In order to try to introduce higher levels of diversity in the process a new parameterization for the island
model parallel GA model is proposed. The model was applied to a pair of real world indoor images to demonstrate the usefulness
of the approach for the correspondence problem. The reported simulations were conducted using 9 virtual madines.

Comparisons made with previous work show a higher acairacy for theisland model parallel GA.
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1 Introduction

This paper describes a parallel GA approach to the
correspondence problem in stereo vision, which is a
Computer Vision task that permits inferring 3D
infformation from 2D data (images). The
correspondence problem is the main problem related
to such a task. It consists of establishing the
correspondence among feaures in the images to
asarre they are images of the same scene [1][ 3].

In [1][3][5] severa methods and algorithms are
described that have been wsed to address the
correspondence problem. New paradigms like neural
networks, regularizaion, leaning strategies,
optimization techniques [7], and genetic dgorithms
[41[9][13][14][15] have dso been tried, attempting to
incorporate and exploit new aspeds that may lead to
more robust implementations that may cope with
intrinsic problemsin stereo vision like ocdusion, that
is, an objed is blocked by others from one view to
the other, due to the arangement of the cameras
(Figure 1).

The methods and agorithms for the
correspondence problem are dassfied as areabased,
token-based or hybrid approaches and they all must
satisfy the onstraints to the problem stated in [2]:
point compatibility, uniqueness of correspondence,
and map continuity. However, they usually fail dueto
problems in the images, such as ill umination changes,
ocdusion, and the size ad shape of the window
used. A hybrid approach exploits the feaures and
advantages of both area and token-based methods
and algorithms.

Exploiting rew aspeds is the main stream in
reseach work on the @rrespondence problem that
have tried to exploit new aspeds as in [8] to better
satisfy the cnstraints mentioned previoudly.

Whichever the @proach is, the arrespondence
among images requires the coice of feaures in a
reference image and the search for a similar feaures
in the other images. Such search may result in alarge
number of possbhilities, from which a unique
correspondence has to be dosen due to the

constraints to the problem.
Objea 1

Figure 1 - The ocdusion problem (object 1) in a parallel camera
arrangement.

In [13][14][15] a point wise hybrid approad to
the @rrespondence problem is proposed, based on
contextual (areg and structural (token) feaures of a
point and its neighborhood taken as corresponding
evidences. Similarities among corresponding points
are measured by applying differences, correlation,
and distance metrics. Multiple reference points (N)
are matched under the structural coherence
congtraint, related to the geometry of the polygonal
regions emerged from the interconnedion of the N
points. The processis developed in alow-level point
correspondence  followed by a highlevel
correspondence anong the polygona regions. The
complexity of the arrespondence problem increases



with the number of simultaneous points to be
corresponded, the number of candidate points for the
reference points, the complexity of the geometric
feaures of the polygona regions, and the eistence
of ocdusion in the images. A Genetic Algorithm is
used to seach the solution space guided by a fitness
function that considers the minimizaion of the sum
of differences among the mntextual, structural, and

o O O
o O B
o O O

10 37 40

weights. — 0 L
memicl e

— 1

Figure 2 - The verticd line structurein a 3 x 3 window.
Weights areinserted as sown.

This paper describes a point wise gproad to the
correspondence problem as a continuation of
previous work [13][14][15]. The arrespondence
among the images is established by combining
evidences of correspondences, that is, the similarity
measurements among the cntextual and structural
feaures of the points and the geometric feaures of
the polygonal regions.

Degrees of beliefs are asdgned to the similarity
measurements. The Dempster-Shafer Theory for
uncertainty reasoning is used to perform the
combination of the evidences resultingin a mmbined
evidence with a degree of belief. Such measurement
guides the Island Model Paralel Genetic Algorithm
in the seach for the best solution. The
parameterization used in  the paraled GA
implementation is modified to incresse diversity in
the search and reducethe mnvergencetime.

Sedion 2 briefly describes the extradion of area
and token feaures used as corresponding evidences.
Sedion 3 introduces the Dempster-Shafer theory
concepts. Sedion 4 describes the Isdand Model
Parallel Genetic Algorithm. Sedion 5 presents me
results of applying the proposed methoddogy on
indoor images. Finaly, sedion 6 lrings the
conclusions and comments.

2 Corresponding Evidences

The methoddogy described in this paper uses a
point-wise hybrid approach to the rrespondence
problem in which contextual feaures of a point
provide locd and global information of the mntext of
the apoaint, within a cetain neighborhood (areg. The
contextual feaures are the micro area(determined by
a predefined window size) and the maao area(within
a window n times bigger than the micro areg of the

point. Such fedures are first established in the
reference image and seach in the other image. The
similarities are computed by correlating the feaures.

Structural fedures consist of binary tokens
computed by operating on the image pixels within a
window with the size of the micro area The resultsin
this paper consider 8 such fedures: the verticd and
horizontal lines, the principal and semndary
diagonals, and the bottom right, top right, top left,
and batom left corners. Perceptron neura networks
are used to extrad such fedures (Figure 2), thus
avoiding gadient operations for edge detedion and a
token description phase, which are time @nsuming
tasks. The weights of the Perceptrons are inserted and
represent prior knowledge of ead different desired
binary structure. As an example, Figure 2 shows a
Perceptron neural network architedure for extrading
the verticd line structure in a 3 x 3 window. Similar
networks are used for the other binary feaures. It is
to be noticed that bigger windows will require
redefinition of these neural network architedures for
such structures.

Two additional binary structures are the pattern
of differences among the central pixel and its
conneded neighbors, and the predominart structure,
computed within a @nneded neighborhood The
pattern of differences gives the diredions of
differences among the point and its neighbors. The
predominant structure shows the spatial distribution
of the pixels that lead to high levels of energy for
certain predefined arientations. Both feaures require
a definition of connedivity to fit windows which are
greder than 3 x 3.

Definition 1. The main neighbahoodof apoint P is
defined by the points on the same line wordinate or
on the same pixel coordinate of point P (Figure 3a).
Definition 2. The main neighborhood and every
point in the vicinity of P, limited to the window size
(Figure 3b), define the seanday neighbahoodof a
point P.

Definition 3. A (n—l)H4conreaed
2

neighborhood d a paoint P includes the paints of its

main neighborhood up to the [ n- 1] level of
2

connectivity, where n is the window size (Figure 3a).

Definition 4. A ( n ; 1] ., g Conneded

neighborhood d point P includes the points in its
secondary neighborhood up to the ( n-— lj level of
2

connectivity, where n is the window size (Figure 3b).

It is to be noted that for n=3, definitions 3 and 4
reduce to the dasdcd definition of 4 connedivity
and 8 conredivity, respedively. In Figure 3, ead d;
represents the difference between the ceitral pixel
and its (57—1)_)4 and (5%1)_)8 conneded
neighbors.



Figure 3 - Diff erences among the central pixel the (E)»—M-
2
andthe (E) ,g- Conneded neighbors within a5 x 5 window.
2

The pattern of differencesis defined as an ordered
binary vedor D with n?-1 components given by the
threshold function.

T(di):{l di=0Then o —[r(a,)7(d,).. T(,..,)]
0 d <0

A Perceptron neural network, with weight
insertion, as in Figure 2, computes the pattern of
differences within a window. As an example, for the
3 x 3 image window in Figure 2, the pattern of
differencesis given by:

D =[ T(12-38), T(11-38), T(41-38), T(40-38), T(37-38),
T(10-38), T(11-38), T(10-38) ]=>D=[ 0,0, 1,1,0,0,0,0]

The predominant structure is computed by the
convolution of the image window with predefined
morphologicd kernels, as in Figue 4 (for 3 x 3
window) defined by equation (1), where: Cy is the
computed correlation for kernel K; n is the window
size | and p aretheline and pixel coordinates of ead
pixel in the image; f(i,j) is the kernel K value &
position (i,j). Equation (1) computes the correlation
between the normali zed image window and a kernel.
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Figure 4 - Basic binary morphologicd structures withina3 x 3
window.

The kernel with highest convolution value is
chosen as the predominarnt structure within the
window. This processcan be thought of as an energy
analysis given by the mnvolution. Figure 4 shows
examples of 20 Hnary morphologicd kernels for a 3
x 3 window. Bigger windows leal to a larger number

of kernels to be defined. The bigger the window size
and the larger the number of structural feaures, the
more cmplex the binary structures are, thereby
increasing the likelihood d the uniquenessconstraint
to be satisfied.

By considering the ntextua and structural
features of a point, the crrespondence takes place
under the continuity map constraint, which requires
that a reference point and a candidate corresponding
point must lie within smilar maao and micro
contexts, and must belong to similar structures within
the images. For this purpose 14 simil arity criteria ae
adopted for the arrespondence of a candidate point
to areferencepoint:

e The nonnormalized Euclidean dstance between the
micro areas (ES)

e The Correlation index between the micro (Cujcro)
ares

e The Correlation index between the maao (Cpucro)
ares

e The Hamming distance between the 10 dfferent
binary structures (N; No N3 N;y Ns Ng N; Ng Ny
NlO)

e  The Absolute diff erence between the gray levels (G)

Following feaure extradion, ead candidate
point i is asdgned a vedor with similarity
measurements for the 14 dfferent matching criteria,
together with the point line and pixel coordinates (l;,

).
Qi=[ li pi ES Crmacro N1 N2 N3 Ng N5 Ng N7 Ng Ng N1o G Chvicro]

2.1 Geometric Features

Three geometric fedures ded with the structural
coherence mnstraint between the polygonal regions:
e Sum of the angles formed by the sides of the

polygonal region in relation to the horizontal

line;

Areaof the polygonal region;

Sum of the Euclidean distances among the

incenter of the palygonal region and its vertices.

The geometric fedures must be computed for
bath the reference and candidates polygonal regions
and the similarity among them are computed by
absolute diff erences.

The use of contextual and structural feaures of
ead point (vertex), aswell as geometric properties of
the palygonal regions charaderizes the methoddogy
described in this paper as a hierarchicd approach to
the @rrespondence problem, in which point
correspondence happens in a low level by analyzing
locd properties of a point, and a high level
correspondence occurs globally aaoss the image,
while matching the polygona regions. Thus, for a
given reference polygonal region, the arrespondence
isaprocessof finding a polygonal region in the other
image, among a large number of candidate regions
(or seach space, that may match the reference.



3 Uncertainty Reasoningin the
Correspondence Evaluation

3.1 The Dempster-Shder Theory

The Dempster-Shafer (DS) Theory asaumes a
Universe of Discourse U or Frame of Discernment,
which is a set of mutually exclusive dternatives that
may correspond to an attribute value domain [10].
Then, if one is trying to determine the diseese of a
patient, for instance the set U may consist of all
posdble diseases. In DS theory ead subset S of U
has asociated to it: a basic probability m(S) (or the
strength of some evidence), a belief Bel(S) (Belief),
and a plausible belief PIS(S) (Plausibility) for which
the values must belong to the interval [0,1], and
Bel(S) cannot be greaer than PIS(S).

In applying arule, for instance, m may represent
the dfed of that rule. Bel(S) summarizes al the
reasons to believe S. PIS(S) expresses how much one
should believe in S if al currently unkrmown fads
were to suppat S. Thus, the true belief in S will be
somewherein the belief interval [Bel(S), PIs(9)].

The basic Probability Assgnment m is defined
as. m: 2" > [0,1]
where m(¢g) = 0 (¢ isthe eampty set), and the sum of m
over all subsetsof Uisl (Zscy m(S) =1).

It can be shown that for a given basic
probability assgnment m, the belief (Bel) of a subset
A of U isthe sum of m(B) for all subsets B of A, and
that the plausibility (Pls) of a subset A of U is 1 -
Bel(A"), where A" isthe amplement of Ain U.

Two hasic probability assgnments m, and m, are
combined into athird basic probability assgnment by
the othorgonal sum m®m, (Dempster rule of
combination) defined as

> m(X)m,(Y)
n1®mz(A)=X“Y:AT’ k=Y m(X)my(Y) @

XY=
Equation (2) is the original formula for basic
probabilities combination; however it is time
consuming. A faster alternative to the combination of
evidences is given in [12], which is equivalent to the
orthogonal sum of equation (2). Equations (3) and (4)
diredly combine beliefs and plausibiliti es.

BekS) =1- (1-Bel ()1 Bek(S)) ?)
1-[Be|(S)(L- Pls,(S) + (L~ Pls(S))Bek(9)]
PIS) Pls(S)PIs,(S) @)

" 1-[Bel(9)A- Pls () + (1 Pl5(S)Bek(9)]

3.2 Correspondence Associations

The rrespondence eidences found are
mapped into basic probabiliti es, in which only the
available information is considered, that is, no
probability is assgned to evidences that contradicts
the hypothesis. Then, ead candidate polygonal
region will have 14 beliefs and plausabiliti es
asociated to the structural and  contextual
information of the points, and three beliefs and

plausibiliti es associated to the geometric evidences.
The Dempster-Shafer cdculus combines gich beliefs
and plausbilities resulting in a belief and a
plausibility of the combined evidence that represent a
consensus on the mrrespondence Figure 5 shows the
result of applying the Dempster-Shafer Theory to
correspond one point in a pair of images. The am of
the method presented in this paper to maximize the
belief in the combined evidences.

Points

Final Corresponcence
i

Figure 5 - Results of applying the Dempster-Shafer Theory to
establish the correspondence of one point. The graphics siow the
degrees of belief and pdausibility for each candidate point.

4 Theldand Model Parallel GA

The ideabehind the island model parale GA is
the independent (paralel) evolution of separated
subpopulations, based on the faa that distributed
multiple subpopulations, with locd rules and
interactions form a more redistic model of spedesin
nature [6][11]. A fundamental characderistic of the
isdand model paralel GA is the migration of highly
fitted individuals aaoss the subpopulations, which
increases the seledive presaure since highly fitted
individuals will mean new reproduction attempts in
the recaving subpopulation. The highly fitted
individuals will help to maintain the genetic diversity
of the locd subpopulation.

The idand model paralel GA implementation
requires parameter spedfication to be used in the
various GAs. The required parameters are the type of
GA to be used in eath procesor, the number of
migrating individuals, the migration frequency, and
the policy for choosing the migrating and the
substituted individuals. Such scheme results in a
more redistic model of spedesin reture [6]. Figure 6
shows the dgorithm to implement the island model
GA.

Island_Model_GA()
begin
t=0; initialize P(t); evaluate P(t);
while ( NOT Stop condtion ) do
begin
t=t+1;
select P(t) from P(t-1);
recombine P(t);



send(migrating_individud)

if ( migration_generation)
mig_ind = receive_migrating( )
rep_ind = chose_individual_for_change( )
change_individuals(P(t), mig_ind, rep_ind)

end

evaluate P(t);

end
end

Figure 6 - The Isand Mode Genetic Algorithm.

The migration scheme is predetermined, that is,
the sub-populations know in advance the destination
where to send its migrating individual. However, a
sub-population should have the oppatunity to send
its migrating individual to any other sub-population,
so that, eadr sub-population could have the same
probability to bring in new diversity a migrating
individual might be aleto.

This paper proposes a migration scheme for the
island model GA, in which al the sub-populations
have the same probability of recaving a high fitted
individual. The migrating individuals are dl sent to a
repository with identificaion tags. At its migrating
generation the sub-population requests randomly
chosen individual from the repository. It then
continues the evolution process

5 Resaults

The present approach was applied to severa red
world image pairs with different sizes and gray
levels, aiming at establishing the crrespondence
among N (N=6) simultaneous pointsasin [13][ 14].

Initially, N (N=6) reference points are dosen in
the left image (L) (Figue 7.3). The cadidate
corresponding points are then seleded in the right
image (R) (Figure 7.b), based on contextual feaures
of the points. The similarities among the feaures of
the points are cmputed and arranged in a vedor that
isasdgned to the candidate point.

The similarity measurements are then mapped
into beliefs and plausibilities. The sub-populations
are randomly initialized with a fixed number of
individuals (100in the experiments). Each individual
is an ordered sequence of randomly chosen vertices,
forming a polygonal region, Q,Q,..Q,..Q,
where Q; belongs to a set SC; of candidate points
showing relative simil arity with point i.

The eperiments were mnducted by using 9
processors evolving 9 sub-populations during 200
generations. Point evidences were mbined by
equations (3) and (4), thus resulting in a belief and
plausibility on the combined pdnt evidences. The
geometric feaures of the polygonal regions were
mapped into beliefs and plausibilities that were
combined with the belief and plausibility of the
combined evidence of the paints, thus leading to a
final belief and plausibility that represent a mnsensus
on the mrrespondence Among al the individuals in

the population, the processpicks the one with highest
belief on the cmbined evidences. Equation (3) is the
fitness function that measures the performance of
individuals in ead subpopulation. Each genetic
algorithm used a 50% crossover probability and a
25% mutation probabilit y.

The uncertainty reasoning approach was applied
to the same image pairs using one GA only, in order
to compare it with the discuseed paralel
implementation in terms of computationa time.
Figure 8 shows a amparison of the evolution for one
GA and for the paralel implementation. The parall el
implementation quickly reades a stable solution,
when compared to the use of asingle GA.

Table 1 shows the computed squared errors for
the rrespondences found by the paralel GA. The
mean squared error between the set of references and
the set of corresponding points has an acaracy of
lessthan 1 pixel.

Table 1 —Computed squared errors for the correspondencesin

Figure5.
Reference Solution Ground Squared
points truth errors

Line | Pixel | Line | Pixel | Line | Pixel | Line Pixel
1 56| 150| 55| 136 55| 136 0 0
2 34 91| 34 77 34 77 0 0
3| 88 69| 89 27 88 27 1 0
4| 173 90| 172 46| 172 46 0 0
5| 168 | 226| 169 | 187 | 169 187 0 0
6| 137 | 241 | 137| 223| 137| 223 0 0
Mean Squared Error : | 0.166 0

An iterative process is used to overcome the
occlusion problem. Such process consists of
alternating the reference image from one iteration to
the other. The processthen chooses an initial set of
reference paints, seaches for the crrespondences in
the other image, which become the references for the
next iteration, and so on. In the eperiments, the
algorithm converges to sets of repeaed pdnts, from
an iteration to the next.

6 Conclusion

This paper describes the use of a parallel GA to
solve the orrespondence problem in computer
vision. Structural and contextual fedures of the
points are used as correspondence e/idences to which
beliefs and plausibiliti es are assgned.

The beliefs and plausibiliti es are combined under
the Dempster-Shafer uncertainty-reasoning paradigm.
The orrespondence problem is taken as a
maximization problem, in which the mbined
evidences are maximized. Fedure etradion follows
[13] and [14]. The structural coherence of the
polygonal regions is also considered, thus permitting
simultaneous correspondence of multiple points.

The model aims at establishing control points in
the image, before remvering a complete disparity
map. Figure 9 shows a wmputed disparity map for
the mrresponded padntsin Figures 7a and 7h




Increasing the number of multi ple paints, implies
in more cmplex geometric feaures of the polygonal
region and a larger number of simultaneous
correspondences.

The eperiments sowed the dfedivenessof the
use of a paralel genetic seach, in pursuing the best
correspondence for multiple reference points, within
ahuge seach space

Figure 7 - ) Reference image with 6 points; b) Corresponding
points.

Solution evolution Solution evolution
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Figure 8 - Performance comparison between the use of &) one
sequential GA and b) theisland model parallel GA.

Figure 9. Disparity map generated from the 6 correspondences
foundin Figures 7a and 7h
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