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Abstract

Both example-based and model-based approaches

for classifying contour shapes can encounter difficul-

ties when dealing with classes that have large nonlin-

ear variability, especially when the variability is

structural or due to articulation.  This paper proposes

a part-based approach to address this problem.  Baye-

sian classification is performed within a three-level

framework which consists of models for contour seg-

ments, for classes, and for the entire database of

training examples.  The class model enables different

parts of different exemplars of a class to contribute to

the recognition of an input shape.  The method is ro-

bust to occlusion and is invariant to planar rotation,

translation, and scaling.  Furthermore, the method is

completely automated.  It achieves 98% classification

accuracy on a large database with many classes.

1. Introduction

Shape classes that have a large nonlinear variability of

global shape, due to structural variation, articulation,

or other factors, present a challenge for several exist-

ing shape recognition approaches.  Approaches that

match the target shape to stored example shapes re-

quire a large number of stored examples to capture the

range of variability [1,10,12,14]. Approaches based

on generative models require a large number of pa-

rameters, which renders them significantly more ex-

pensive computationally, and also increases the possi-

bility of converging to non-optimal local minima

[4,5,9].  Furthermore, existing example-based and

model-based approaches cannot handle object classes

that have different parts or numbers of parts without

splitting the class into separate subclasses.  This type

of structural variation can be handled by approaches

that represent part relationships explicitly and match

shapes syntactically; however, these structural ap-

proaches are computationally expensive [8,13].

This paper proposes a parts-based approach that

can recognize classes with large global shape variabil-

ity.  In contrast with example-based approaches, the

input shape is not compared to stored example shapes.

In contrast with model-based approaches, there is no

need to compute a deformation of a shape model or its

parts; only planar similarity transformations of model

contour segments are needed.  In contrast with struc-

tural approaches, no explicit information about the

relationships among parts is used, just the parts them-

selves.  By using redundant and overlapping sets of

parts, high classification accuracy can be achieved

without the computational cost of syntactic matching

methods.

This paper proposes a three-level statistical frame-

work including distinct models for database, class, and

part.  Bayesian inference is used to perform classifica-

tion within this framework.  The current implementa-

tion classifies shapes consisting of single closed con-

tours.  However, there is nothing intrinsic to the ap-

proach which limits the method to single closed con-

tours: the class model described below can be con-

structed from shapes consisting of multiple open and

closed contours.  An extension of the implementation

to multi-contour shapes is in progress.

The class model is key to the method.  Each class is

modeled not by a set of shape examples but by a set of

segments aggregated from multiple shape examples.

We call this a class segment set.  It extends the ad-

vantage of the example-based approach by allowing

information from different parts of multiple example

shapes of a class to contribute to the classification of

an input shape of that class (Fig. 1).  This enables rec-

ognition of input shapes that are partially similar to

more than one exemplar but are not similar to any one

class exemplar as a whole.  It also supports classifica-

tion of occluded shapes.

The contour segment model is a simple generative

model in an invariant segment space.  Each segment is

normalized with respect to planar similarity transfor-

mations (translation, rotation, and scaling), and repre-

sented in a high-dimensional segment space of dimen-

sion d.  The variability around the segment is modeled

by an imposed d-dimensional equivariate normal dis-



tribution.  Each such distribution in the invariant seg-

ment space corresponds to a specific contour segment

from one example shape of one of the classes to be

recognized.  The segments from each example shape

are redundant and overlapping.  Each class model can

be viewed as a mixture of Gaussian distributions in

invariant segment space, derived from all of the seg-

ments of all shapes of that class.

The database model is constructed from the union

of the class segment sets; i.e., from the set of all seg-

ments of all training examples of all classes.  From the

statistics of this large set, we estimate a mean segment

and a variation around the mean.  This yields the Ma-

halanobis distance metric in the invariant segment

space.  We also compute an ordered set of basis seg-

ments by principal component analysis (PCA).  These

basis segments provide an interpretable model of the

variation of contour segments across all classes.

Although this technique has some similarity with

statistical models of shapes such as point distribution

models (PDMs) [4], our approach applies to segments

rather than to shapes, to the entire database rather than

to a single class, and it does not require strict landmark

correspondences.  One consequence of the last point is

that the basis segments of the shape database are gen-

erated automatically.

This framework has several important advantages.

First, both learning and classification are completely

automated.  Second, it can classify shapes in classes

with high variability, as well as partial and occluded

shapes.  Third, it has few parameters, all of which can

be set within broad ranges.  Fourth, it is computation-

ally efficient and can handle a large number of shape

classes.  The empirical evaluation presented in this

paper demonstrates that this approach has a low rate of

classification errors.

Although the proposed method already has high ac-

curacy, it can also be used as a fast first stage of a

multi-stage classifier.  The second stage could be a

more costly method that makes use of additional in-

formation, such as the relationships among the parts

(e.g., [13]).

The rest of this paper is organized as follows.  The

background of the method is discussed in Section 2.

The method is described in Section 3 and evaluated

experimentally in Section 4.

2.  Background

This section briefly reviews recently proposed shape

matching methods that have been developed for sev-

eral different problems, including classification, de-

tection, and retrieval.  A general survey of the litera-

ture on shape matching can be found in [2].

A number of recent methods for matching shapes

have been demonstrated for classification and/or re-

trieval using various forms of example-based pattern

recognition.  Belongie et al. [1] proposed the use of

"shape contexts," which are log-polar histograms of

shape points relative to a given point on the shape.  A

k-nearest neighbor classification method using auto-

matic selection of class prototypes was demonstrated.

Grigorescu et al. [10] used sets of distances to labeled

shape points relative to a given point.  Sebastian et al.

[13] proposed a structural shape representation and

matching technique based on shock graphs.  Example-

based classification is performed using hand-selected

prototype shapes from each class.  Shock-graph

matching is expensive, so a two-stage matching pro-

cedure is used: fast, approximate matching followed

by full shock-graph matching.  Latecki and Lakämper

[11] use a structural matching approach to match seg-

ments of contours using a discrete curve evolution

formalism.

In contrast with the methods just discussed, our ap-

proach does not match shapes to shapes.  Instead, it

Figure 1.  Each panel shows a match of one segment of the same input shape to a segment of a different training

example.  The method aggregates information from these matches (and others, not shown) to classify the input

shape.



matches the set of segments of the input shape to the

class segment sets, each of which consists of the seg-

ments from all of the shapes in a class.  Thus, our ap-

proach is an example-based approach based on parts

rather than whole shapes, and based on aggregating

parts across the shapes in a class.  The individual

training shapes are not used at run-time.  This strategy

extends the example-based approach to be able to rec-

ognize input shapes that are not similar to any one

training shape, but that may have parts that are similar

to different training shapes of a class.  It provides a

way to handle classes with significant nonlinear vari-

ability, caused by, e.g., structural variation or articula-

tion (Fig. 2).

An alternative to the example-based approach is the

generative model-based approach, in which a single

parameterized class model is learned from a set of

training shapes of that class.  The class model consists

of a typical shape (often a mean shape) and a prob-

ability distribution describing departures from the

prototypical shape (e.g., [4,5,9]).  The advantages of

the model-based approach include compactness (it is

not necessary to store individual training shapes) and

interpretability.  However, finding the model and pose

parameters that fit the model to the data is computa-

tionally expensive, typically requiring iterative meth-

ods.  It is also prone to getting trapped in local min-

ima.  Because of the computational cost, model-based

approaches are not well suited for classification when

there are many classes.  Finally, the training requires

sets of corresponding landmarks on the training

shapes; missing landmarks and incorrect correspon-

dences can cause failure.  These methods are thus not

applicable when a class varies sufficiently to have

different sets of landmarks on different shapes, al-

though partial progress has been made in addressing

this problem [7].  A consequence of this limitation is

that the training of many model-based systems is not

completely automated.

In contrast with the model-based approach, the

parts-based approach presented here classifies shapes

without solving for pose and deformation parameters.

Furthermore, instead of statistical models of individual

shape classes, the statistical models in the current ap-

proach are for segments instead of shapes and for the

whole database instead of individual classes.  In addi-

tion, the only landmarks required on a segment are its

two endpoints.  Due to this simplification of the land-

mark identification and correspondence problem, the

method proposed here is completely automated.

3. Classification Method

This section describes the components of the method:

the class segment sets, the invariant segment space

representation, the statistical database model, and the

Bayesian classifier.

3.1 Class segment sets

Suppose there are M object classes to be recognized,

and let ci denote the ith object class.  Let Ci =

{ i1,..., iNi
} be a set of training objects for class ci,

where in the current implementation each ij is a

closed planar contour.  Let (t)=(x(t),y(t)) denote a

contour parameterized by t [0,1].  For each ij Ci,

let S( ij) denote a set of contour segments generated

from ij by the procedure described below; thus, S( ij)

= {sij,1,...,sij,m(i,j)}, where m(i,j) is the number of seg-

ments on ij. We will denote the set of all segments of

all contours in a class ci by S(Ci).  Thus,

S C Si ij
j

Ni

( ) ( )=
=1
U . (1)

The set S(C) for any class C will be called a class

segment set.  Finally, let

S S Ci
i

M

=
=

( )
1
U (2)

denote the set of all segments generated from all ex-

ample contours of all classes.

3.2 Segment space

3.2.1 Segments. For any contour , let (t) be the

curvature of (t) at t, and let ( ) ={ui}, ui [0,1], be

the set of parameter values of the extremal points of

(t).  In this paper, the {ui} will be called critical

points.

The segments of (t) are defined between all or-

dered pairs of points (ui,uj) from , where ui and uj do

not have to be adjacent.  Note that on a closed contour,

the union of the segment from ui to uj and the segment

from uj to ui is the whole contour.  Segments may be

simple or complex depending on the number of critical

points they contain.  The complexity of segment s is

defined as 1)(],[ ji uu , which is one less than

the number of critical points in s.

Many contours have critical points that are not sig-

nificant for analyzing the shape of the contour.  These

are often due to discretization artifacts and to small-

Figure 2.  An example class with significant nonlinear

variability.



scale details on the object.  A two step procedure is

used to remove less-significant critical points.  First,

the functions x(t) and y(t) are smoothed by convolving

them with a Gaussian (we used = 11).  Second, criti-

cal points are filtered using a simple procedure, as

follows.  Let Ti be the triangle formed by (ui-1),

(ui), and (ui+1), where the indices wrap around the

starting point of the contour if necessary.  Then, we

remove from the critical points for which the area of

Ti is less than a threshold that depends on the contour

length.  This procedure is applied repeatedly until no

further points are removed from .  An example out-

put is shown on the left side of Figure 3.

Since the input to the system consists of digital

contours, each contour is represented by an ordered

sequence of sample points.  Each input contour is re-

sampled with nc points at intervals of uniform arc

length; i.e., at (ti), where ti = (i–1)/nc, for i = 1,...,nc.

3.2.2 Invariant segment representation. In order to

achieve invariance to planar similarity transformations

(2-D translation, rotation, and uniform scaling), seg-

ments are represented in an invariant reference frame.

First, each segment s is sampled with n points at

equal intervals of arc length, i.e., {x1,...,xn}.  Second,

the segment s is transformed to another segment s' in

an invariant reference frame (x',y').  The two endpoints

(x1,xn) of s provide a natural basis for computing the

transformation of s to s ': x1 is mapped to =x1 0 0( , )

and xn is mapped to =xn ( , )1 0 , as shown in Figure 3.

The coordinates of the remaining segment points in

the new reference frame, x x2 1, ..., n , are invariant to

translation, rotation, and scaling.

We define a 2n-dimensional segment space, con-

tained in R
2n

, such that each segment s' is represented

by a segment vector v = ( , ..., , , ..., )x x y yn n
T

1 1 in that

space.  Finally, let V = [v1, v2, ..., v |S|] denote the ma-

trix of the segment vectors v i corresponding to all

segments in S.

3.3 Statistical database model

We construct a statistical model for S, the entire data-

base of segments.  The model yields a measure of the

mean and variation of the segments together with a set

of decorrelated basis segments; it also provides dimen-

sionality reduction.  This is done by performing a

principal component analysis (PCA) [6].  First, a mean

segment µv is computed:

µv v=
=

1

1| |

| |

S i
i

S

. (3)

Let V = [v1–µv, v2–µv,...,v|S|–µv].  Then the eigenvec-

tors and eigenvalues of the 2n×2n matrix V V T
are

computed:

= B V V BT T , (4)

where B' is the matrix of eigenvectors and is the

diagonal matrix of eigenvalues 1 2  ... 2n.  Each

eigenvalue i corresponds to the variance i
2

along the

ith eigenvector direction.  Finally, let B = [ b1, ..., bK ]

denote the 2n × K matrix formed from the first K col-

umns of B', where K  2n.  For any segment vector v,

its coefficients in the K-dimensional eigenspace are

a = B
T
(v – µv). (5)

Let A = [ a1, ..., a|S| ] denote the coefficient vectors of

the segments in S.  For convenience, we will use the

notation (s) = a to represent the mapping from a

segment to its coefficient vector.  The best K-

dimensional reconstruction of vi (in a least-squares

sense) is given by

vi  Bai  + µv (6)

This gives us the dimensionality reduction, which can

increase the speed of classification when K << 2n.

The distance between two segments s1 and s2 is de-

fined by the Mahalanobis distance in the eigenspace

[6]:

D s s a aj j j
j

K

( , )1 2 1 2

2

1

= ( )[ ]
=

, (7)

where aij is the jth component of ai for i = 1,2.

The columns of B are decorrelated basis vectors;

together with the mean vector µv, they provide a sta-

tistical model for general contour segments; i.e., seg-

ments from all classes.  Figure 4 shows the variation

of segments along the first few principal modes for the

test database used in Section 4.  An advantage of

decorrelated basis vectors is that they make the model

of a general segment more interpretable.  The first four

components approximately capture height, sideways

shearing, diagonal stretching, and inflation/deflation of

a segment, respectively.  Higher-order components

capture more detailed aspects of segment variability

across S.

x'

y'

Figure 3.  Left: an example of a complex segment of a

bat shape.  Right: the highlighted segment compared

to another segment in the invariant segment space.



3.4 Bayesian classifier

We use a Bayesian model within the three-level

framework of segment, class, and database models.  In

contrast with [3], which also used contour segments

and Bayesian classification to perform a recognition

task, our method uses class models instead of individ-

ual objects, and uses an overlapping redundant set of

segments of all complexities that are matched geomet-

rically, instead of a nonoverlapping set of simple seg-

ments that are matched using a feature-based method.

Given an input shape ' to be classified, Bayes' rule

is used to compute the posterior probabilities of

classes given segments s' S( ').  Then, the posterior

probabilities due to all of the segments of ' are ag-

gregated to yield a rank ordering of the class hypothe-

ses.

By Bayes' rule, the posterior probability is given

by:

P c s
p s c P c

p si
i i( | ( ))

( ( ) | ) ( )

( ( ))
= (8)

where ci is one of the M classes.  The class-conditional

probability for observing (s') given that ' belongs to

class ci is

P s c p s s P s ci
s S C

i

i

( ( ) | ) ( ( ) | ( )) ( | )
( )

= . (9)

It is not feasible to compute P(ci| (s1'),..., (s'|S( ')|)),

because the segments of a contour are not independent

or conditionally independent (segments can contain or

overlap other segments).  One possibility is to use the

independence model as an ad hoc approximation.

However, this introduces numerical problems due to

small probabilities which can be handled only by in-

troducing additional parameters; therefore, we use the

simpler heuristic of summing the posterior probabili-

ties of a class over the set of segments in the input

shape.  The class label ĉ corresponding to the maxi-

mum of this sum is output by the algorithm:

ˆ argmax ( | ( ))
,..., ( )

c P c s
i M

i
s S

=
=1

. (10)

It remains to define specific models for the prob-

abilities in (8) and (9).  We assume that all classes are

equiprobable, (i.e., P(ci) = 1/M), and that all segments

within a class segment set are equiprobable, (i.e.,

P(s|ci) = 1/|S(Ci)|).  (A more accurate but more com-

plex model for P(s|ci) would assume that the example

contours in a class are equiprobable and the segments

of an example contour are equiprobable within that

contour.)  Finally, we assume an isotropic K-

dimensional normal density around each coefficient

vector in the database, with scale factor :

p s s
D s s

K( ( ) | ( ))
( )

exp
( , )

/=
1

2 22 2

2

2
. (11)

Although these assumed distributions are not

strictly true, they yield an easily computable approxi-

mation that appears to work well empirically.

Note that the Bayesian model connects the seg-

ment, class, and database models.  Eqn. (11) connects

the segment and database models via the estimated

Mahalanobis distance D and the mapping , and Eqns.

(8)-(10) connect the class and segment models.

4. Experimental evaluation

An evaluation of a method for classifying shape con-

tours should satisfy several criteria.  First, there should

be overlapping classes in the evaluation dataset so that

the discrimination problem is non-trivial.  Second,

there should be significant intra-class variation in-

cluding, e.g., variation due to geometric differences,

structural differences, and articulation.  Third, to pro-

vide a good test of classification accuracy, the evalua-

tion dataset should consist of many classes.  Fourth,

the evaluation dataset should be widely available.

A set of contours that meets these criteria is the

MPEG-7 evaluation dataset used for testing shape

matching [12].  It consists of 70 classes of shapes,

with 20 examples per class, for a total of 1,400 shapes.

Figure 5 shows a few example shapes from this data-

base.  Earlier papers used this database for evaluating

shape-to-shape matching methods and reported re-

Figure 4.  From left to right, each row shows one prin-

cipal mode of variation over ±0.75 standard devia-

tions.  The center column is the mean shape.

Mode 1

Mode 2

Mode 3

Mode 4
Figure 5.  Example shapes from the evaluation dataset

[12].



trieval accuracy [1,10,12,14].  However, since the

method presented in this paper matches shapes to class

models instead of shapes to shapes, the retrieval accu-

racy benchmark does not apply; in fact, it cannot be

computed for our approach.  Therefore, we report

classification accuracy instead.  We encourage other

authors to also report classification accuracy on this

dataset in order to facilitate comparisons of different

methods with respect to classification.

A modified leave-one-out evaluation procedure was

used.  For each one of the 70 classes in the evaluation

dataset, one of the 20 shapes in that class was reserved

for a test set, and the other 19 shapes in that class were

used for a training set.  Thus, a complete training set

consisted of 1,330 shapes and a complete test set con-

sisted of 70 shapes.  This procedure was repeated 20

times with the constraint that every one of the 1,400

shapes was included in the test set once and in the

training set 19 times.

Each shape in a given test set was classified using

the 70 class segment sets learned from the training set.

The classification accuracy is defined as the average

proportion of test shapes correctly classified.

The method was tested with n = 25 sample points

per segment, K = 15 principal components, and  =

0.01.  The classification accuracy is 97.93%, corre-

sponding to only 29 errors out of 1,400 test inputs.

Furthermore, the correct classification is in the top five

class hypotheses 99.71% of the time; i.e., for all but 4

of the 1,400 test inputs (Fig. 6).

The average time required to compute a classifica-

tion is approximately 6 seconds, using Matlab on a 1.7

Ghz Xeon-based PC.  The time required to set up the

database initially is 17 minutes.

We evaluated the robustness of the method to the

parameter values.  The values of n and K, which con-

trol effective resolution, do not affect accuracy as long

as the resolution is high enough to capture the shape of

the segments.  We measured the sensitivity of over

two orders of magnitude, and found that classification

accuracy is stable over most of that range (Table 1).

Table 1.  Classification accuracy vs. .

0.001 0.005 0.01 0.05 0.1

Accuracy (%) 87.5 97.7 97.9 97.9 95.6

To demonstrate the benefit of using class segment

sets, we compared our proposed method with one that

was identical except that 'shape segment sets' were

used instead of class segment sets.  The query shape

was compared with each database shape and classified

according to the most similar database shape.  This

method yielded 96 classification errors.  Thus, the use

of class segment sets reduced the number of errors by

more than a factor of three.

Robustness to occlusion is a primary reason for

using a parts-based approach.  To test performance

under occlusion, we introduced random gaps into the

test shapes and repeated the classification experiment.

The test shapes frequently had multiple gaps.  When

the average fraction of deleted arc length is one-half,

classification accuracy remains relatively high, above

80% (Fig. 7).

We also tested performance under simultaneous

occlusion and clutter.  The set of segments from the

query shape was augmented with randomly selected

segments from other shapes.  Table 2 shows the results

for 25% average occlusion and different degrees of

clutter.  The results demonstrate robustness to clutter

even in the presence of occlusion.

Table 2.  Accuracy under clutter at 25% avg.

occlusion.

Query composition: ratio of original

query segments to additional clutter

segments

Accuracy

1:0 94.8%

1:1 92.4%

1:1.5 91.9%

1:2 90.7%

5. Conclusion

This paper presented a shape classification method

based on a three-level framework, with class models

that consist of class segment sets, segment models that

consist of vectors in an invariant segment space, and a

database model consisting of a statistical description

of the segments in the database.  Bayesian classifica-

tion is performed within this framework.  The class

segment sets provide the ability to classify input

shapes that have large deviations from the training

examples by matching them piecewise to one or more

Figure 6.  Percent of test shapes returning the correct

class label in the top k class hypotheses.

% arc length deleted

%
 c

o
rr

e
c
t

Figure 7.  Classification accuracy versus occlusion.



exemplars.  The segment space representation pro-

vides a method for aligning and comparing segments

invariant to planar similarity transformations.  The

statistical database model provides an interpretable

contour segment basis set and a Mahalanobis distance.

It also increases efficiency by dimensionality reduc-

tion.  Empirical evaluation of classification accuracy

on a large 70-class dataset demonstrated 98% accuracy

and robustness to occlusion and clutter.
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