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Abstract. In real world problems, where the objects are in general com-
plex and deformed, the automatic generation of local characteristics is
necessary in order to distinguish different object classes.
This paper presents an approach towards the automatic synthesis of sig-
nificant local contour sections of closed, discrete, complex, and deformed
2D-object contours for the distinction of different classes. Neighboring
contour points are determined and synthesized (feature fusion) into fea-
ture groups. Exclusively with the help of these feature groups the method
distinguishes between different 2D-object contour classes of a certain do-
main. The basic idea is to get only the necessary information of a contour
or a contour class for recognition.

1 Introduction

A basic problem in the field of pattern recognition is the automatic synthesis of
elementary features to higher level features (feature fusion) , that can distinguish
between certain pattern classes of a task domain.

This paper presents an approach for closed discrete 2D-object contours,
whose base features, the contour points, are nearly automatically fused to lo-
cal and significant feature groups, called the significant contour sections. These
significant contour sections distinguish a contour from the contours of other con-
tour classes in a task domain. E.g. a significant contour section of a bottle could
be its bottle neck and significant contour sections of a fish could be its fins. The
method even works with contours that are complex and/or badly deformed.

There are many approaches in literature concerned with the analysis of con-
tour similarities [L97]. There are alignment approaches [U96], the use of invariant
properties (basics in [PM47]) that is often a global approach, and the use of parts
([HS97], [LL98b], [KTZ94], [SIK95], [STK95]) that is sometimes based on shape
simplification [LL98a], or structural descriptions ([KW96], [P77]). Some works
deal with deformation and minimize a cost function: [BCGJ98] define ’elastic en-
ergy’ needed to transform one contour to the other. [SGWM93] is concerned with
shape interpolation, also known as morphing, or the sequence of contour points
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is interpreted as a string in which points are substituted (shifted), inserted, and
deleted ([PK00], [SK83]). This work is based on [PK00]. It uses shares of the
alignment approach and isn’t psychophysically motivated. This work is concen-
trated on the nearly automatic synthesis of local contour sections for recognition
and is a step towards the autonomous creation of abstract local characteristics
of a contour class consisting of a variety of similar, but not equal objects (eg.
the birds in fig. 8). Besides the variety, we also interpret outer influences (eg.
occlusion, bending) to an object, autonomous motions (eg. stretching out an
arm) of an object, and different projections of an object all as deformations.

Basic notations used in this article are presented in section 2. In section 3 the
determination of important contour sections, which distinguish between two dif-
ferent 2D-object contours, is briefly sketched. Section 4 shows how the important
contour sections of one contour are combined to significant contour sections of
that contour. In section 5 experimental results are presented based on a data set
of deformed contours of reusable material collections (plastic bottles, beverage
cartons (fig. 7) and a data set of birds, fishes, and plastic bottles (fig. 8). With
a summary in section 6 this paper concludes.

2 Notation

The task domain D consists of N classes Ki:

D = {K1, . . . ,Ki, . . . ,KN}. (1)

Each class Ki consists of mi closed, discrete 2D-object contours Ci,j :

Ki = {Ci,1, . . . , Ci,j , . . . , Ci,mi}. (2)

Each contour Ci,j consists of ni,j neighboring successive points Pi,j,k with equal
Euclidean distances d. Each contour consists also of ni,j sections C̃li,j,k

i,j,k :

Ci,j = {Pi,j,1, . . . , Pi,j,k, . . . , Pi,j,ni,j} (3)

Ci,j = {C̃li,j,1
i,j,1 , . . . , C̃

li,j,k

i,j,k , . . . , C̃
li,j,ni,j

i,j,ni,j
}. (4)

Each section C̃
li,j,k

i,j,k consists of (2li,j,k + 1), li,j,k ≥ 1 points Pi,j,k:

C̃
li,j,k

i,j,k = {Pi,j,k−li,j,k
, . . . , Pi,j,k, . . . , Pi,j,k+li,j,k

}. (5)

Therefore, neighboring sections have at least 2 common points Pi,j,k. Finally
each point Pi,j,k consists of a x- and a y-coordinate:

Pi,j,k = {xi,j,k, yi,j,k}. (6)

Each section C̃
li,j,k

i,j,k has an orientation vector oi,j,k:

oi,j,k = Pi,j,k+li,j,k
− Pi,j,k−li,j,k

. (7)
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Fig. 1. Example of a closed discrete contour Ci,j with one of ni,j sections C̃li,j,k

i,j,k

(marked bold; li,j,k = 2) and the corresponding orientation vector oi,j,k. Succes-
sive points have all equal Euclidean distances d

An example of such a discrete contour is shown in fig.1.
Two contours are distinguished with the following indices: Ci,j and Cr,s. Two

points or sections are distinguished as follows: Pi,j,k, Pr,s,t and C̃
li,j,k

i,j,k , C̃
lr,s,t

r,s,t ,
respectively.

A local comparison of two sections results in a local similarity λ(i,j,k),(r,s,t):

f1 : λ(i,j,k),(r,s,t) = f1(C̃li,j,k

i,j,k , C̃
lr,s,t

r,s,t ) (8)

and is entered in the kth row and in the tth column of a local similarity matrix
Λ(i,j),(r,s):

Λ
(i,j),(r,s)
k,t = λ(i,j,k),(r,s,t) (9)

which results from a local similarity analysis of all possible section pairs of two
contours Ci,j and Cr,s:

f2 : Λ(i,j),(r,s) = f2(Ci,j , Cr,s). (10)

The point indices have to be calculated modulo, because the contours are closed.

3 Determination of Important Contour Sections

In [PK00] a method is presented for the determination of important contour
sections that distinguish between 2 different contours. That method is based
on a local similarity analysis of all possible section pairs C̃li,j,k

i,j,k , C̃
lr,s,t

r,s,t with a
constant number of points (2li,j,k + 1) = (2lr,s,t + 1) = const and is shortly
recapitulated here in a little changed form.

In fig. 2 is shown an example for the local comparison of two sections C̃2
i,j,k,

C̃2
r,s,t with li,j,k = lr,s,t = 2. First, the sections were translated, that their start-

ing points Pi,j,k−2, Pr,s,t−2 coincided with the origin of the Carthesian coordinate
system. Second, the sections were rotated around the origin that their orienta-
tion vectors oi,j,k, or,s,t coincide with the positive x-axis. And third, section C̃2

r,s,t
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Fig. 2. Example for the comparison of two local contour sections C̃2
i,j,k, C̃2

r,s,t

with li,j,k = lr,s,t = 2 after translation, rotation (orientation vectors oi,j,k, or,s,t
coincide with the positive x), and minimizing the sum of Euclidean distances
of relating contour points. The 5 relating contour points are connected with 5
straight lines

was translated along the x-axis, that the sum of squared Euclidean distances of
relating contour points, eg. starting points or ending points of the sections, is
minimized. The 5 relating contour points are connected with 5 straight lines in
fig. 2.

Here, we search for the maximum number of points li,j,k = lr,s,t of the sec-
tion pair C̃

li,j,k

i,j,k , C̃
lr,s,t

r,s,t around the points Pi,j,k, Pr,s,t, that the local distance
(dissimilarity) ε ≤ E. E is the given maximum permitted distance (dissimilar-
ity) between 2 sections. ε is calculated with an approximate one-to-one point
matching ([PK00]; a survey can be found in [AG96]).

With this definitions and the notation in section 2, the steps for the calcula-
tion of the Λ(i,j),(r,s)

k,t are combined in the algorithm shown in fig. 3. This results

in a ni,j×nr,s - matrix Λ(i,j),(r,s) = [Λ(i,j),(r,s)
k,t ] of local similarities. The elements

Λ
(i,j),(r,s)
k,t give the maximum length of the sections C̃li,j,k

i,j,k and C̃
lr,s,t

r,s,t around the
points Pi,j,k and Pr,s,t, with respect to a given maximum dissimilarity E. In
other words, Λ(i,j),(r,s)

k,t gives the osculating length of two contour sections that
can be treated equal in respect to this fixed maximum error E.

In order to get the transformation that possesses minimum cost for the defor-
mation from Ci,j to Cr,s exactly one monotone discrete path (list of neighbored
elements) P̂ (i,j),(r,s)

ψmin is searched in Λ(i,j),(r,s). For that, the cost function

G(i,j),(r,s) =
Z∑
z=1

P̂
(i,j),(r,s)
ψz

, ∀ ψ ∈ {1, 2, . . . , ψmin, . . . , Ψ} → max (11)

with max(ni,j , nr,s) ≤ Z < (ni,j + nr,s) is maximized with the help of dy-
namic programming technique (e.g. [B57], [SK83]). Because of the existence of
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for k = 0 . . . ni,j

for t = 0 . . . nr,s

Λ
(i,j),(r,s)
k,t = 0

while ε ≤ E
Λ

(i,j),(r,s)
k,t = Λ

(i,j),(r,s)
k,t + 1

C̃
li,j,k

i,j,k = {P
i,j,k−Λ

(i,j),(r,s)
k,t

, . . . , Pi,j,k, . . . , P
i,j,k+Λ

(i,j),(r,s)
k,t

}
C̃

lr,s,t

r,s,t = {P
r,s,t−Λ

(i,j),(r,s)
k,t

, . . . , Pr,s,t, . . . , P
r,s,t+Λ

(i,j),(r,s)
k,t

}
// Calculate the translation of C̃

li,j,k

i,j,k and C̃
lr,s,t

r,s,t into the origin
// of the Cartesian coordinate system

Č
li,j,k

i,j,k = {0, . . . , Pi,j,k − P
i,j,k−Λ

(i,j),(r,s)
k,t

, . . . , P
i,j,k+Λ

(i,j),(r,s)
k,t

− P
i,j,k−Λ

(i,j),(r,s)
k,t

}
Č

lr,s,t

r,s,t = {0, . . . , Pr,s,t − P
r,s,t−Λ

(i,j),(r,s)
k,t

, . . . , P
r,s,t+Λ

(i,j),(r,s)
k,t

− P
r,s,t−Λ

(i,j),(r,s)
k,t

}
// Calculate the orientation vectors of Č

li,j,k

i,j,k and Č
lr,s,t

r,s,t

oi,j,k = P
i,j,k+Λ

(i,j),(r,s)
k,t

− P
i,j,k−Λ

(i,j),(r,s)
k,t

or,s,t = P
r,s,t+Λ

(i,j),(r,s)
k,t

− P
r,s,t−Λ

(i,j),(r,s)
k,t

rotate Č
li,j,k

i,j,k and Č
lr,s,t

r,s,t // that the orientation vectors oi,j,k and or,s,t

// coincide with the positive x-axis

// resulting in Ĉ
lr,s,t

r,s,t and Ĉ
lr,s,t

r,s,t

// Calculate the minimum sum of squared Euclidean distances ε
// of contour points belonging together (1-to-1 match)

ε =

+Λ
(i,j),(r,s)
k,t∑

a=−Λ
(i,j),(r,s)
k,t

((
x̂i,j,k+a − x̂i,j,k − (x̂r,s,t+a − x̂r,s,t)

)2
+

+
(
ŷi,j,k+a − ŷr,s,t+a

)2
)

// with x̂i,j,k, x̂r,s,t are the means of the

// (2Λ
(i,j),(r,s)
k,t + 1) x-coordinates x̂i,j,k+a, x̂r,s,t+a

end
end

end

Fig. 3. Algorithm for calculating the elements Λ(i,j),(r,s)
k,t of the local similarity

matrix Λ(i,j),(r,s) of 2 contours Ci,j , Cr,s. Comments are marked with //

Ψ = min(ni,j, nr,s) possible start elements for P̂ (i,j),(r,s)
ψ in Λ(i,j),(r,s) (rotation),

that path is selected over all ψ causing the lowest cost (invariance against rota-
tion).

Sections of P̂ (i,j),(r,s)
ψmin that contribute a little to G(i,j),(r,s), i.e. the osculating

length is short, map those contour sections of Ci,j and Cr,s onto each other, that
are different. Thus, those contour sections are important contour sections I for
the distinction of the contours Ci,j and Cr,s.
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Fig. 4. Mapping of contours C1,5 and C2,3 (fig. 7) onto each other with lowest
cost: a) Visualized similarity matrix Λ(1,5),(2,3) of contours C1,5 (plastic bottle)
and C2,3 (beverage carton) with path P̂ (1,5),(2,3)

ψmin (marked in black), b) Visualized

contour points mapped onto each other with respect to P̂ (1,5),(2,3)
ψmin in fig. 4a

An example of such a path P̂ (1,5),(2,3)

ψmin for the contours C1,5 and C2,3 (fig. 7) is

shown in fig. 4. The local similarity matrix Λ(1,5),(2,3) with P̂ (1,5),(2,3)

ψmin is shown in
fig. 4a. Elements of Λ(1,5),(2,3) are scaled between 0 and 255. Thus, Λ(1,5),(2,3) can
be visualized as an image. Light (marked with a dotted square) and dark (marked
with a dotted ellipse and belongs to the bottle neck) sections respectively in
Λ(1,5),(2,3) or on P̂

(1,5),(2,3)
ψmin (marked in black) map contour sections with high

and low local similarity respectively onto each other. P̂ (1,5),(2,3)
ψmin starts at an

element in the first row marked with a little circle and ends in the last row
(P̂ (1,5),(2,3)

ψmin have to be always ”closed” - imagine that the visualized Λ(1,5),(2,3)

is bent to a torus). Corresponding circles are found in fig. 4b, too. Here, the
mapping of every 20th contour point is visualized with respect to contour C1,5.

For further details see [PK00].

4 Synthesis of Significant Contour Sections

With the method described in section 3 important contour sections I can be
determined, that distinguish between two 2D-object contours.

This section describes an approach how to generate significant contour sec-
tions S for a fixed contour CA,B, belonging to a fixed contour class KA, from all
important sections I, that came from the comparison with all contours Cr,s of
the other classes Kr, r 
= A.
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First, all local similarity matrices Λ(A,B),(r,s), A 
= r and all paths P̂ (A,B),(r,s)

ψmin ,
A 
= r have to be calculated (see section 3). Those sections of CA,B, which belong
to elements z of P̂ (A,B),(r,s)

ψmin satisfying the condition

P̂
(A,B),(r,s)
ψmin

z
< Θ (12)

are the important contour sections of CA,B. Θ is constant for all I and is called
importance value. I.e., now there is a list of all I of the contour CA,B with
respect to all contours Cr,s. In general, this list includes both I, that overlap
each other, i.e. they have also equal contour points, and I, that do not overlap
each other, i.e. they do not have a single contour point in common.

An example in principle is shown in fig. 5. The task domain D consists of
3 classes. Class K1 consists of 3 rectangles, class K2 consists of 2 ellipses, and
class K3 consists of 1 triangle. In this example the fixed contour CA,B = C1,2.
The important contour sections of C1,2 and the corresponding important contour
sections of all contours of the other classes K2,K3 are marked in bold. This
results in the marked 4 groups of overlapping important contour sections.

A reasonable assumption is that contours of the same class are more similar to
themselves than contours of different classes. Another reasonable assumption is
that contours of the same class are more similar to themselves because they have
significant contour sections S. The last assumption is reasonable because human
beings are able to recognize objects even if the objects are occluded. And there
is another assumption: many overlapping important contour sections I with only
a little variation in their position on the contour give a hint that this sections I
are significant contour sections S of this contour with respect to the task do-
main D. But which I is the representative one? There is no general answer to
this question. If there are Qp overlapping important sections Iq, 1 ≤ q ≤ Qp a
better way is to answer the follwing question:

How are Qp overlapping Iq combined to 1 Sp?

There are many possible approaches to do that. One possibility is to take the
minimum starting point index šmin

q = min{šq} and the maximum ending point
index ěmax

q = max{ěq} as starting and ending point indexes Šp, Ěp of Sp. But
this results in very long Sp. Good results were obtained with the calculation of
the arithmetic means šq, ěq and the variances šq, ěq both of the Qp starting
point indexes šq, and the Qp ending point indices ěq of all overlapping Iq. Then,
this results in the following starting and ending point indices Šp, Ěp of the Sp:

Šp = round(šq −
√
šq) , Ěp = round(ěq +

√
ěq) , 1 ≤ p ≤ Π. (13)

Π is the total number of Sp of a contour and round(. . .) means: round to the
nearest integer. A simple example for the combination (fusion) of two Iq is shown
in fig. 6.

Since contour CA,B could have several Sp, another question arises:
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Class K
1

Class K
3

Class K
2

Task domain D

C1 , 1

C2 , 1

C1 , 3

C1 , 2

C3 , 1C2 , 2

4 g r o u p s o f
o v e r l a p p i n g
i m p o r t a n t
contour sections I

Fig. 5. Example for overlapping and not overlapping important contour sections:
3 classes consisting of 3 rectangles, 2 ellipses, and 1 triangle (K1,K2,K3) are
the task domain. Here, contour C1,2 is the fixed contour. All important con-
tour sections of C1,2 and all corresponding contour sections of the contours of
the other classes K1,K2 are marked in bold. This results in 4 different groups
each consists of overlapping important contour sections (marked with different
dotted ellipses), but no important contour sections of two different groups are
overlapping each other

On what depends the significance of the generated Sp and what is a reasonable
significance measure σp?

In general the contour CA,B have several significant sections Sp. It’s reason-
able to limit the number of Sp. Because of equation 12 there are Sp that comes
from not overlapping important sections Iq with path elements P̂ (A,B),(r,s)

ψmin
z

near
Θ. These Sp have only a few points. Therefore a reasonable significance measure
σp of Sp should have at least 3 dependencies:

– The bigger the number Qp of overlapping Iq, the bigger the significance of Sp.
– The smaller the variation

vp = šq + ěq (14)
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Fig. 6. Example for the fusion of 2 Iq of a sketched bottle C1,1 with respect to
a class consisting of 2 triangles C2,1, C2,2. Important path sections are marked
in black. Corresponding important contour sections I are marked bold on the
contours

of the starting and ending point indices of the Qp overlapping Iq, the bigger
the significance of Sp.

– The bigger the mean of the sum of dissimilarities dp

dp =
1
Qp

Qp∑
q=1

1
wq

with wq =
ěq∑
z=šq

P̂
(A,B),(r,s)

ψmin
z

(15)

between the Qp individual overlapping Iq and the Qp corresponding contour
sections of the contours Cr,s, the bigger the significance. wq is the similarity
of two individual corresponding important contour sections of CA,B and Cr,s.

One possibility to combine this 3 named dependencies in a significance measure
is as follows:

σp =
Qαp d β

p

1 + v γ
p

, α, β, γ ∈ R+ (16)

that is abbreviated called significance σp of Sp. α, β, γ are weightings for the 3
dependencies. Now, with the equations (12)-(16) one Sp is completely described.

With equation 16 it’s possible to limit the number of Sp on those Sp, that
satisfy the condition

σp ≥ Φ σmax
p , 0.0 ≤ Φ ≤ 1.0. (17)

σmax
p = max{σp} means the maximum significance of all Sp of CA,B. Those Sp,

that are more significant than other Sp with respect to equation (17) are called
more significant contour sections Mv, 1 ≤ v ≤ V and the Sp that is the one
with the highest significance is called most significant contour section M̂ .

5 Experiments

The presented method was tested with a task domain D1 consisting of 2D-object
contours of packagings of reusable plastic material (fig. 7). The collecting process
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Fig. 7. Contours of 6 plastic bottles (C1,l- C I , ~ )  and 6 beverage cartons (C2,l- 
C2&) with their most significant contour sections $1 inarked in bold 

Fig. 8. Contours of 10 birds (C1,l - Cl,lo), 10 bottles (C2,1 - C2,10), and 10 
fishes (C3,i - C3,i0) with their most sigiiificaiit contour sections $1 inarked in 
bold 

and the mechanical preparation in a sorting plant make the packagings strongly 
dirty and deformed. The method was also tested with a more complex task 
domain D2 coiisistiiig of 3 classes: fishes, birds and plastic bottles (fig. 8). 

All contours are scaled so that their biggest generalized diameters are ap- 
proximately equal. The contours have from 400 up to 600 contour points and 
successive contour points have all equal Euclidean distances of 1.2 pixels, because 
it's a compromise between 1.0 and 2/2 (horizontal and diagonal pixel distance 
on a square pixel grid). The experiments are carried out with heuristically found 
parameters. In both cases it seeins to be good if the weighting of Q, is high in 
respect to  d,, .up. 

The results of the experiments are shown in fig. 7 and fig. 8. The A? of the 
contours are marked in bold. 

For the bottle class in the task domain Dl  shown in fig. 7 the most sigiiificaiit 
contour sections $1 are the bottle necks. Here, it is possible to  distinguish this 
two classes only with the help of the bottle necks. In the more complex task 
domain D2 the $1 of the bottles are not only the bottle necks. Also the sections 
around one corner are now significant to distinguish the bottles from the birds 
and the fishes. The most significant sections A? of the birds are in most cases 
the claws but there is also a beak. Interesting is bird Cl,lo which has no claws. 
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Here, a tail feather is the M̂ . The fishes have their most significant sections at
their fins. Because of the great variety of the fins the presented method find most
significant fins at different positions on the fish contours.

6 Conclusion

A method was presented in this paper, that nearly automatically, supervised
learns those contour sections Mv of a certain contour, with which this contour
can be distinguished from contours out of other contour classes. We call this
generation of feature groups feature fusion: Base features or feature primitives
(contour points) are synthesized to feature groups (are fused to more significant
contour sections Mv). Now, the fused more significant contour sections Mv can
serve as knowledge base of a classifier for assigning an unknown contour to a
certain contour class.

Experimental results were made with two different task domains. The method
extracted that the class of the plastic bottles can be distinguished from the
class of the beverage cartons only with the help of the contour sections we call
bottle necks. In the other task domain D2 the method extracted that the most
significant sections M̂ of the birds are the claws and the beaks, the M̂ of the
fishes are the fins, and the M̂ of the bottles are the corners and the bottle necks.
This seems a little like a human being would do.

A further combination of the more or most significant contour sectionsMv, M̂
of a certain contour class is desirable in order to create abstract contour
sections Â. E.g., combining all M̂ at the position of the bottle necks into an
Â ”BOTTLE NECK”. Thus, a problem still to be solved is the problem of
abstraction for the single classes. First experiments with a hierarchical classifier
based on the most significant sections M̂ were made and give encouraging results.
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