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Abstract

This paper presents a new method for recognizing and lo-
cating an object in an image. The contours of the shapes
are described by line segments. The basic idea is to gener-
ate diagonal paths in a table where the columns represent
the model segments and the rows the scene segments. Each
path represents a matching hetween a part of the model and
a part of the scene contour. The longest path is considered
as the best match.

1 Introduction

In robotic applications and industrial vision one of the most
important problem is to identify and locate objects in a
scene.

When objects are isolated, classical methods are based on
a deseription of shapes by global features such as area, size
and moments, These [eatnres are reliable but become totaly
unusable in the case of objects deformations or overlapping
objects,

Hence the use of local featnres which deseribe limited por-
tions of the shape is necessary for partially altered or oc-
cluded parts.

One approach is to describe each object by a relational
graph. Eacl node in the graph represents a feature and an
arc between two nodes expresses the relationship or compat-
ibility between the features. The matching process consists
of finding a sub-grapl isomorphism between the image and
the model graphs. This isomorphism may be achieved by
a relaxation technique, a tree search technique or a max-
imal clique finding method [BHA 24] [BAL 82] [SKO 88].
The Local Features Foeus (L.F.F) method developped by
Bolles and Cain [BOL %2] identifies objects partially visi-
ble by finding maximal cliques to establish a first match-
ing hypothesis.Then a technique of prediction and verifi-
cation is applied. The first limitation of these methods is
the combinatorial explosion when the number of features
increases. The approach developped by Ayache [AYA 6]
is based upon matching simple descriptions of the scene
and the model by a techuique called HYPER (HYpothesis
Predicted and Evaluated Recursively ) of hypotheses gener-
ation and verification coupled with a recursive estimation
of the model to scene transformation. Also based upon the
principle of prediction-verification, the method developped
by Bouyakhf [BOU] takes into account the structural rela-
tionship between the segments to initialize and propagate
the matching hypotheses. These prediction and verification
techniques are fast. accurate and robust to noise. McIntoch
and Muteh [McIN 88] present a new approach to match
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line segments extracted from image pairs. A match func-
tion determines the strength of the similarity between a pair
of lines.Pairs which are mutually best matched are consid-
ered as corresponding lines. The results indicate that the
method works well in motion and stereo cases. Another ap-
proach is that of Lee and Yu [LEE 89]. Their method relies
on line-hased structural matching. To measure the similar-
ity hetween line segments. a set of neighhoring segments is
fonnd for each segment . In order to get accurate and reliable
measures, cach segment is split into short parts of the same
length. Relationship measures are computed hetween each
sogient and its neighbors. A similarity measure permits
to find the segment-neighbor pairs which correspond in the

two images. Dynamic programming recently appeared as a
tool for matching images under severe distorsions and noise
conditions.  Maitre and Wu propose an elastic matching
method based on dynamic programming to solve the prob-
lem of elastic distortions [MAI R8]. They have also proposed
other solutions to register a picture against a reference in
the translation case [MAI 87 a]. the parametric case [\WU
86] and in the nou-parametric case [MAI 87]. In all these
cases dynamic programming finds a global matching opti-
mum as the best path between two sequences of features.
Applying also the technigue of dynamic programming Gor-
mann and al. [GOR 86) use contour segments characterised
by their Fourier descriptors to recoguize partially distorded
or incomplete contours.

This paper presents a new method for recognizing distorded
or occluded objects in an image. The objects are assumed
to be flat. The method uses line segments to describe a
given shape. Each segment is characterised by its length
[, its midpoint coordinates (., y) and its orientation #. We
proceed through a table were the columns represent the M
model segments and the rows the N scene segments. The
basic idea is to generate in this table diagonal paths. each
one representing a matching between a part of the model
and a part of the scene. The longest path is considered as
the best match.

2 The matching procedure

2.1 Generating paths

The paths generated in the M x N table consist of nodes cor-
responding to local matches between scene and model seg-
ments. Each path corresponds to a match between model
and scene contour parts. Al each node a maodel to scene
transformation and a cost value are estimated, The trans-
formation is the product of a rotation, a scaling and a trans-

lation. As we develop a path we caleulate the average of all



the local transformations corresponding to the path. The
cost value permits us to control the quality of the match.

and guarantees that, for a given path, the variation between
the averaged transformation and the local transformations
is not too important.

Let’s suppose that we have developped, up to the node
(i — 1.j — 1), a path representing a partial match. At this
node we store the parameters of the corresponding aver-
aged geometrical transformation T,y -1, the cost e(i —
I.j — 1) associated with the path, and the length of the
path L(i = 1.j — 1) which is the number of nodes of the
path. At the node (i, j) we compute the parameters cor-
rms[mu(ling to a local matching between the scene segment
S 8 = (a2, 48 12.07), and the model segment M;. M, =
(2 y;-". {m.87). This matching is expressed bya geometri-
:[J':',-_,.E,J.ff s l'.,_; 9,_, alul.il
being respectively the scale, the mtauon and the lwu tlans-
lation parameters. These parameters are computed by:
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Then we compare TU to the averaged transformation
Tio1-1. by computing a distance value d(Ti_1;-1.T;5).
This distance measure is a weighted sum of the absolute
differences between the parameters of the two transforma-
tions:
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nI’{T,_U_ 1- f,_,] takes a minimum value of zero when the two
transformations are identical. and increases with the dispar-
ity of the transformations parameters, With the distance d
and the cost value (i — 1,j — 1) associated with the path
ending at the node (i—1,j—1), we evaluate the cost (i, j) of
thie path we plan to extend to the node (i, 7). L(i—1,j-1)
being the path length, we have :
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If e(i, /) is within a given threshold ¢ the path is extended

to the node (i, j). We must therefore evaluate the parame-

ters of the mean geometrical transformation relative to the

extended path. Considering that the path begins at the
column n, these parameters are computed as follows :
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We store the cost efi.j) and all these parameters in the
table entry (i.7). In the case where (i, j) is greater than
the threshold ¢ the path ends at the node (i = 1,j - 1) and
a new one begins at the node (i, ).

Furthermore, to treat the case of closed contours, we try to
extend each path reaching a node (i, N), i.e the last column,
toa node (i41.1). This is available only for the paths which
do not begin at the first column.

2.2 Finding new matches

Once all the paths have heen generated we consider the
longest one to which an averaged transformation T and a

cost ¢ are associated with., The transformation T' is there-
fore considered as the model to scene geometrical transfor-
mation. Because of the partial occlusions the path may
have been interrupted. In order to find other matches, we
apply the transformation T to the model segments out-
side the path. and for each one, we try to find the cor-
responding scene segment. Hence any of the model seg-
ment M; = [r"'.y;“ J‘”' 8"'] is transformed into a segment

M7= (5.05.05.65) In lh(-mmhfmumtmuT (F.8.7.7").
T Iw image of U_, is given by :
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For each unmatched segment 8, we compute a dissimilarity
measure d;; between M; and S;. This measure is a posi-
tive weighted sum of the differences hetween the segments’
parameters and is similar to the one used in [AYA R6]:
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p. ¢ and r are the positive weights and A#,,,,,.. AE,,,, and
ALy are the upper tolerances for each difference value.
The ratio providing a more reasonable comparison for the

length, we define AL;; as :
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On the other hand. an absolute value of the differences he-
tweon the angles or the midpoint coordinates is sufficiently
relevant, Then A, . AL, are defined as :

Ob =67 - 07 | (17)
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The most similar candidate S; is the one giving the min-
imum value d,; whicli is also lower than one. At this stage of
the algorithm we evaluate anew the parameters of the seg-
ment M, to the segment S5, transformation by the equations
(1) (2)(3) (4). and we compute d(T. I.J) with (5). We then
evaluate the cost ¢(i.j) by (6). In the case where it is lower
than e, M; is matched with $; and the parameters of the
mean transformation are adjusted with equations (7) (8) (9)



and (10), Otherwise M, is left without scene l'urrl'e-;]|u||(l{~'||r
and we consider a new model segment, The search process
stops with the last model segment explored. The last step
consists of the evaluation of the identification quality Q. @

is defined as a percentage of the model length recognized.

3 Complexity analysis

Let us consider the |1i'n|'|1'1|| of inding the ]HII_u,l'nl' '\1|||:~rl"i1|12.
ol scene segments l'”l'l".‘.‘?pl]ll[“il_‘_'_ to a substring of model
segments for a well precise transformation. A simple algo-
rithim to treat this problem is to shift the segment string of
the model all along a segment string of the scene looking for
a match and to repeat the process for all the scene segment
strings. If a local estimation of the transformation is used
as in the algorithm presented in this paper. . The complex-
ity of this algorithm is O(N x M?*). M being the number
of model segments and N the number of scene segments,
I'he algorithm presented in this paper is constituted of two
main steps. The first one consists of finding diagonal paths
ina M x N table by proceeding line by line sequentially.
And the second one consists of finding the remaining local
correspondences outside the longest path. Thus the time
complexity of the algorithm is O(N x M), It has the main
advantages to be easily parallelized on a specialized hard
ware, to be fast and to require a minimnm memory space,
In faet we can proceed diagonally throngh the table, llence
we peed o Keep inomemory the informations velative to the

two last nodes of the path beine gonerated. and the infor-

mations relative to the last hest ]':|I|l. ~|‘r|lli'n|ii||. we need

to keep in memory only two rows of the table to estimate a
transformation and to try to extend a path. That is because
at a node (1, 7) we need the informations stored at the node

(r=L.jg—=1)

4 Experimental results

I'he algorithm has been implemented in C language on a
DN-3000 APOLLO work station. All the segments were oh
tained experimentally. The images were aquired by a C.C.D
camera in normal lighting conditions. We obtained images
ol size 256%*256. The noise was then suppressed and the
contours found by applying a Sobel operator and a thresh-
olding technique. These contours were thinned and we ap
plied the Girandon technigue [GIR 87] to find a list of pixel
chains representing the contours. Each pixel chain was ap
proximated to line segments by using the Pavlidis technigue
[PAV 8L

had to choose carefully all the weight factors used with the

Lo improve the performances of the algorithm we

distance and the dissimilarity computations (the distance
hetween two transformations and the dissimilarity between
two segments ). Becanse no rules have been established [or
that purpose. we chose the best weigths parameters exper-
imentally.

Figl shows a composite scene of a hammer and pliers
with no overlap.This scene consists of 57 segments, The
hanimer shown in Fig3 is used as a model and is composed
ol

formation found at the end of the path during the matching

L segients. The hammer is transformed by the trans-
process, Figd shows the result of the superposition of the
transformed model npon the scene.

Fig2 is an image of the hammer overlapped by pliers.

I'lis seene hias 67 segments, Figh eives the result of the su-
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J

||l'l|nm'llitln of the model transtormed npon the scene, The
time of the matehing is elobally under 20 seconds,
We can soe thronel these two '-'~_;|i|||\|f'\~. that the trans-
lormations found alter the natching process give a quite

acenrale !!I\‘-.ﬂilill ol the IH'-'|"| mtoy the scepe

Figure 1: Scene A

2 Seone B

Fioir

Figure 3: The model



Figure +: The translormed model superposed unpon the

sCene

Figure 5: The transformed model superposed upon the

sCene

5 Conclusion

In this paper we have proposed a new method to try to
solve the matching problem between a scene and a model.
The algorithm uses line segments which describe the bound-
ary shapes and proceeds as follows : through a table were
the columus represent the model segments and the rows
the scene segments. diagonal paths are generated. These
paths consist of nodes corresponding to a local matching
between a scene and a model segment. Each path repre-
sents a matching between a part of the model and a part of
the scene. We consider that the longest path corresponds
to the best mateh. We then try to find other consistent
matches outside this path. The algorithm has been shown
to recognize unknown contours which have been rotated
and translated. Furthermore precise knowledge of scale is
not required, However the algorithm also saffers from some
A problen is
ment appears fragmeuted in the scene,

linitations. enconntered when a model seg.
In this particular
case the |1gur!1'| seelnen! |-|r|a-~!u-rn1~ o two or more ‘-|IHI'T“!

segiments in the scene. One can try to solve the problem by

considering vertical paths in the table. These vertical paths
would express the fact that some successive scene segiments
correspond 1o one model segment. However for this solu-
tion we must find robust similarity and cost measures. The
other solution we can look at is the line linking : short lines
could be linked to form a longer one, With this solution,
in addition 1o the increase of the computational time. we
must be careful not to over-link. The study of these two
solutions to the problem of broken lines will be the subject
ol onr [uture works.
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