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ABSTRACT

The component correspondence problem plays an important role in an approach for
object recognition using models of objects. In this paper, we discuss our approach for
solving the component correspondence problem. The features of regions in an image are
assumed to be imprecisely recovered and are assigned certainty values in the range [0,1].
Each object has several components. The problem of establishing correspondence
between the object components and thel model component is solved using the Hungarian
method which is commonly employed in solving assignment problems. The degree of
match between a model and an object is obtained by combining the belief value and the

disbelief value of individual components.
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1. INTRODUCTION

Most approaches to the recognition of an object are based on the structure of the object
and the characteristics of its components. Pattern recognition [DuH73| research tried to classify
objects using some basic features. The limitations of statistical pattern recognition encouraged
researchers to investigate approaches that tried to match components of an object with a model.
The degree of match for an object and model was based on how well each individual component
matched and Ol.l how closely the relations betweén ‘components of the object matched with
corresponding relations in the model. Many appro?cxches were suggested that exploited this basic
idea [DuH73,FiE73]. This idea can be conveniently represented by a graph theoretic framework.
Each node of the object graph is a component, and the arcs between nodes represent the rela-
tions between the components. In the simplest, idealized situation, object recognition can be

performed using graph isomorphism.

In realistic situations, one has to remember that the components and relations of the
object may not match the model perfectly, some components may not even be present. Several
approaches based on the stored description of objects have been suggested |[BBF78, Bin82,
Bro81, FiE73, Fis83, Gli83]. However, before we compute the degree of match between an

- object and a model, the component-correspondence problem must be solved. Both the object
and the model have several components. Deciding which component of the model matches
which component of the object, is the component-correspondence problem. This problem may
prove to be difficult, particularly in images of a 3-dimensional scene in which objects may
appear in random situations. Reddy and his co-researchers suggest that this problem should be

solved using region features and search techniques [Pri76, Red78, RuR77|.

It should be mentioned here that the token-correspondence problem, commonly faced by
researchers in stereo and structure from motion, is quite different. In token-correspondence, the
structure of the neighborhood of the points and knowledge about the imaging conditions play a
dominant role. The component-correspondence addressed in this paper is at a symbolic level

and exploits properties of regions. Another important difference is that the token-
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correspondence is for two images, whereas the component-correspondence is for regions in an

image and a model.

In complex situations, it helps to collect all supporting and opposing evidence for a
hypothesis. The supporting evidence may be aggregated to obtain the bdelief in the hypothesis;
and the opposing evidence may be aggregated to obtain the disbelief. The belief and disbelief
represent the confidence that the hypothesis is true and false, respectively. The final confidence
in the validity of the hypothesis can be obtained by combining them, as was done in [JaN79].
The idea of using both belief and disbelief values was successfully employed in MYCIN [Sho76];

Shafer has advocated the use of belief functions in the theory of evidence [Sha76].

We present a technique for matching imprecise object descriptions with models. The
correspondence problem is solved using the Hungarian method. This method operates on cer-
tainty factor values obtained using belief and disbelief values for object-model component pairs
to find the optimal model component to match an object component. The belief and disbelief
values for an object-model component pair are obtained from the similarity of these components
and their relations to other components. The geometric features of components are assigned
values in the interval [0,1] by comparing them with ideal features; and are combined with other
features using fuzzy operators [Kau75]. Our approach is strongly influenced by the principle of
least commitment and employs an optimality criterion for establishing component correspon-

dence.

2. REPRESENTATION OF OBJECTS AND MODELS

Suppose that regions in an image have been formed using a domain-independent method.
Various properties of regions have been computed. The properties are represented in terms of
the degree of the presence of a standard property. Thus a region is analyzed to find its rec-
tangularity, circularity, and other similar properties. These properties are assigned values in the
interval {0,1]. Some other numerical attributes may also be computed. The spatial relations

between different regions of an object are found. This information is represented in the form of
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Semantic Nets (SN), and is shown in Figure 1. The object description in the knowledge base are

also stored in the form of a semantic net, as shown in Figuie 2.

3. BELIEF AND DISBELIEF VALUES

For component matching, one has to consider the attributes of the components and the
relationships of the components with other components. In the following, we present our
approach for matching an input object description with a model in the KB. In Figure 3, we con-
sider a simplified representation of an input object and the model. Each node in these graphs is
labelled; it has some attributes attached to it. The branches are labelled by the relations that
exist between different nodes. It is easy to see that in this representation each node is a region
and a branch represents relationship between regions. Without any constraints, a node of the
input graph could match any node of the model graph. Thus Figure 4 shows matching of input
nodes with the model npdes. For recognition to occur, only one node in the input should match
with one node in the model. This problem is solved at two levels: locally a pair should be com-
patible and globally the compatibility for the input and the model should be optimized. This
can be achieved by assigning strengths to each pair based on the local properties and then using
an optimization technique to select best matches. At the local level, we assign the confidence to
a pair based on the evidence in support and against the match. The evidence supporting the
match is aggregated to give the belief value, and the evidence against the match gives the disbe-

lief value. This idea of combining supporting and opposing evidence was used in [JaN79).

If some of the features are missing in the input component, this is an absence of informa-
tion. The features present in the input component contribute to the belief value. If the input
component has some features, which are not present in the KB component, this contributes to

the disbelief value.

Suppose, there are n components C,,Cp,...,C, in the input, and m components
Ck1,Ck--,Ckm in knowledge base. Then BV, and DBV, are the belief value and disbelief

value, obtained when component Cg, in the KB is matched with C, in the input. For each
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pair of components, three featurés are considered for matching. They are: 1) the geom‘etrical
shape, 2) the relative dimensions of the component, and 3) the spatial relationships of the com-
ponent with other components. If the geometrical shapes do not match, then this indicates that
the two components are entirely different. Only when the geometrical shapes match are any
further attempts made to correlate two components through examination of the remaining
features. A geometrical.shape is associated with each component in the KB. If the input com-
ponent does not include this geometrical shape in its IS-A list, then the KB component does not
correspond to the input. Then a match between the component in the KB and that in the input

is not feasible, and the belief value BV, and disbelief value DBV,; for the pair are set to 0.

If the component in the input includes a geometrical shape similar to the component in the

KB in its IS-A list, then the value of the instance-matching is given by

INST-MATCH= feature certainty value associated with the IS-A
In the next matching step, the relative dimensions of the component in the input are deter-
mined. If the component is a rectangle, ellipse, or a trapezoid, its length-to-width ratio is com-
puted. If it is a circle, then the ratio of its diameter to the length of the largest, nearby rectan-

gle, ellipse, or trapezoid is computed. The degree of dimension-matching is :
DIM-MATCH=1,

if the relative dimension of the KB component matches that of the input component, other-

wise,
DIM-MATCH=0.5.

Because dimensions can be quite inexact, DIM-MATCH is assigned the temporizing value of 0.5
in the latter case. Because of this inexactness, we depend more on the shape of the component,
and its spatial relationships to other components for matching. The final features that we
attempt to match are the inter-relationships of components. For each component in the input, a
list of relationships to other components is determined. A relationship k of the component in the

KB being considered, is searched for in this list. If the relationship k is not found, there is an
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absence of information. Then both the belief value R, -BV, and disbelief value R, -DBYV, for

the relationship k are assigned O values.

If the relationship is found, however, then the correspondence of components involved in
this relationship is determined. If the relationship involves different component types in the two

instances, there is refuting evidence, and we let

R, -BV=0

Ry -DBV=INST-MATCH (M DIM-MATCH

where M) is the fuzzy and operator.

The disbelief value is always constrained by the match values for the shape and relative
dimension features. To see this, let the feature value associated with a rectangular shape be 0.1,
and let the relative dimensions match perfectly. The degree of certainty of the relationship
then, must depend on the certainty that the component involved is actually a rectangle, and

therefore, the disbelief value should not go above 0.1.

If the relationship involves similar components, then the degree of match of the component

in the relationship, COMP-MATCH, is computed as follows:

COMP-MATCH=INST-MATCH (\ DIM-MATCH (O FVrel

N FVinst-rel-comp M FVdim-rel-comp.

Here, FVrel is the feature value associated with the relationship, FVinst-rel-comp is the
feature value associated with the component involved in the relationship, and FVdim-rel-comp is
the feature value associated with the relative dimension of the component in the relationship. If
there are other components that have the same relationship with the KB component, then simi-

lar calculations are performed. Now we let

K
Ry BV=— Y, 1COMP-MATCH,
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where K is the number of components that have this relationship. The average value is
chosen since the relationship exists with several components and any one of these may be the

correct instance. Also,

R, -DBV=0,

because there was no inexactness of information.

This process is repeated for all the relationships shown by the component in the KB.
Finally, the belief value BV,; and the disbelief value DBV, of the match between the i"™ com-
ponent in the input and the j % component in the KB are computed. These are calculated as
the average values of the belief and disbelief values for all the matching features. They are as

follows:

gy INST-MATCH+DIM-MATCH+REL -BV+RELBV+..... +REL, -BY)
v (r+2)

(REL\~DBV+REL DBV +....+REL, -DBV)
p

DBV, =

where p is the total number of relationships.

INST-MATCH and DIM-MATCH are not considered in the computation of DBV, because

they do not contribute to the disbelief value.

4. ESTABLISHING CORRESPONDENCE

For each pair of components between the input and knowledge base, the corresponding

Certainty Factor Value (CFV) is found using,

CFV,=BV,-DBV; (i=12,.,mj=1,2,.,n)

The degree of match between the i* KB component and j* input component is given by
CFV, . The pairs with the best match can be determined from their CFVs using a global
approach. What we need is an approach that selects those pairs that result in the maximization

of the confidence for the input-model match. The problem of determining the best matching
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pairs is formulated as an assignment problem, which is solved using the Hungarian Method, and

is described in the next section.
After the optimization has been applied to give the pair (1,j) we can compute the overall

belief and disbelief value for the object with respect to the model under consideration. Depend-

ing on the number of components in the input and the model, following cases arise:

CASE 1: m=n

FINAL-BV=— Y BV, ; FINAL-DBV=-- ¥, DBY,
=] =]

If there are additional components present in the input they contribute to the disbelief

value of the object being considered. Thus, the following :

CASE 2: m>n

FINAL-BV=-- Y\BV,; FINAL-DBV=-1 Y DBV,
m = m =1

CASE 3: m<n

m m
FINAL-BV=— Y.BY,; FINAL-DBV=— ((n-m}+3 DBV,
=] ==]

5. SELECTION OF THE BEST MATCHED COMPONENTS

The degree of match between a KB component and an input component is the correspond-
ing CFV. The best match between an input object and a KB object is obtained when the sum
of the degrees of match between the corresponding components of the objects is the highest.
This sum can contain no more than one occurrence of every input and every KB component, i.e.
each component of the input object can be matched to at most one component of the KB object,
and two different components from the input cannot match to the same component of the KB.
There are many possible combinations to compute this sum, each way yielding a different sum
and therefore a different degree of match. The highest value of the sum corresponds to the best

match.
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5.1. FORMULATION OF THE PROBLEM

Our objective in the object matching problem is to achieve an optimal match. The prob-
lem of selecting the best match for components of the input and KB object, can be solved
using the techniques of linear programming. The problem is considered as an assignment prob-
lem, which is a special case of the transportation problem. The assignment problem is solved

using the Hungarian Method.

5.2. HUNGARIAN METHOD TO SOLVE THE ASSIGNMENT PROBLEM

The objective in the assignment problem [CoS74] is very similar to the task of assignment
of m jobs to m persons. The problem of matching the components in the input image and the
knowledge base can be formulated as follows:

z, =1 if a KB component i is paired with input component j
=0 otherwise

C,, =Degree of matching between the KB component i and the input component j

The maximization problem is converted to a minimization problem before applying the
Hungarian Method. The costs C, in the minimization problem correspond to the degree of
disparity between the components in the input and KB objects, which is 1-CFV. The minimi-

zation problem is shown below:

m m
Minimize z = Y, Y, C, z, subject to
=1 =1

m
Yz, =1 (i=1,2,......m)

=l

mn
Yz, =1 (i=12,......m)
==l

z, 20 (i=1,2,.....m, j=1.2,......m)

where C; is now the degree of disparity between the KB component i and the input com-

ponent j.

10
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The Hungarian Method [BrH77|, developed for solving this assignment problem, has been
found to be computationally very efficient. The algorithni in [BrH77] can handle cases of equal
and unequal number of components. Due to space limitations, we will not give this algorithm

here.

6. RESULTS

This matching is part of a object recognition system, discussed in [K84]. The system has
been implemented using LISP. We performed several experiments using symbolic input. Our
aim in these experiments was to study the efficacy of our approach for object recognition in
presence of variability in the input data. We considered arbitrary values for the attributes of
regions and different relationships between regions for a class of objects. The results of recogni-

tion are very encouraging.

We showed a sample input object description in Figure 1 and a model in the KB in Figure
2. By comparing different components using belief and disbelief values, as discussed in preced-

ing sections, we obtain the following table:

WB1 WB2 WB3
ONE 0.8 0.0 0.0
TWO 0.0 0.8 0.73

THREE 1.0 0.8 0.73

The above table is input to the Hungarian method. The result is the pairs
(WB1 ONE),(WB2 TWO),(WB3 THREE) with their degrees of match 0.8, 0.8, 0.73, respec-
tively.

It should be mentioned here that the object recognition is not achieved at this stage.
Other knowledge sources are also used at this level and then the the final object recognition is

performed using a two-level multiple knowledge sources based approach [K84].

11
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7. CONCLUSION

In this paper, we present a method for matching an imprecise object description with
models of known objects. Both the objects and their models are represented using semantic
nets. First an object component is matched with each component of a model. The similarity
and dissimilarity of the object-model component pair is represented using belief and disbelief
values. After all such values have been obtained by comparing each object component with
each model component, Hungarian method is used to establish object-model component
correspondences. Final belief and disbelief values for the match of the 6bject with the model are
obtained by combining the belief and disbelief values for the corresponding components. The
object recognition will take place after such belief and disbelief values have been obtained for
each model in each knowledge source. The final recognition will be achieved using disﬁibuted

problem solving, and is considered beyond the scope of this paper.

12
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