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Abstract

In this paper, a new technique for object classi�cation from silhouettes is presented.
Hidden Markov Models are used as a classi�cation mechanism. Through a set of
experiments, we show the validity of our approach and show its invariance under se-
vere rotation conditions. Also, a comparison with other techniques that use Hidden
Markov Models for object classi�cation from silhouettes is presented.

1 Introduction

Object classi�cation from silhouettes has a long history in pattern recognition and com-
puter vision. It has a wide range of applications; for instance, robotic grasping [1], medical
image processing [2] and content-based image retrieval [3]. Although silhouette recognition
has been studied for several decades, this problem has no solution in the general case.

In this paper, we use Hidden Markov Models (HMMs) as a classi�cation mechanism to
solve the problem of object classi�cation from silhouettes. HMMs have been used e�ectively
to solving several computer vision and pattern recognition problems[4].

This paper is organized as follows. Section 2 presents a brief overview of the tech-
niques used for object classi�cation from silhouettes. In section 3, we discuss our proposed
approach. Section 4 introduces some experimental results of applying our technique. In
section 5, we compare the performance of our approach and other approaches that have
used Hidden Markov Models for the same problem. Section 6 concludes the paper and
introduces some ideas for future research.

2 Previous Work

The problem of object classi�cation plays an important role in object recognition, matching
and registration systems. In this section, we present a brief review of the di�erent methods
used to attack the problem of object classi�cation from silhouettes. Several criteria can
be used to categorize silhouette classi�cation approaches. Belongie et. al. [5] categorized
shape matching approaches based on their use of extracted silhouette features versus image
brightness. Another categorization, due to Pavlidis [6], is based upon the shape of the
boundary (or external) versus the global (or internal) shape of the object.

In this paper, we categorize silhouette classi�cation approaches into several categories
based on the classi�cation method.



2.1 Statistical Methods

In statistical-based methods, the common theme is to operate the classi�er in two phases:
the learning phase and the classi�cation phase. In the learning phase, we assume an un-
derlying probability distribution for some feature(s) extracted from the shape/silhouette
of the object and then estimate the parameters of the probability distribution. Estimat-
ing a di�erent probability distribution for each individual class of objects yields decision
boundaries in the feature space that separate patterns belonging to di�erent classes. In the
classi�cation phase, the decision boundaries and/or the di�erent probability distributions
are used to classify a given silhouette. Hidden Markov Model (HMM)[4] and Support Vec-
tor Machines [7] are two of the most common statistical approaches for shape classi�cation.
In a HMM, for example, each class of objects is represented by a di�erent HMM with a
�nite number of states. A supervised learning process is then performed to estimate the
models' parameters. In the classi�cation phase, the object being classi�ed is tested against
all models. For a more detailed review on statistical pattern recognition techniques, the
reader is referred to [8].

2.2 Transform-Based Methods

The main idea in this class of methods is to transform the shape/silhouette of the object
from the spatial-domain into a transform-domain (a transform-domain is a generalization
of the frequency domain) which yields a set of coeÆcients that represents the shape/silh-
ouette. This set of coeÆcients can be used as a feature vector to measure the similarity
between di�erent shape classes. The Fourier transform [9] is the most popular example
of this category of methods. In this method, the boundary of the object is represented
as a complex 1D signal, the Fourier transform is computed for the boundary signal, and
then a limited number of Fourier coeÆcients (commonly known as Fourier descriptors)
are compared to other sets of coeÆcients to classify the object. Wavelet transform [10]
and Principal Component Analysis (PCA) [11] are other common transforms used for
shape/silhouette classi�cation.

2.3 Neural Networks-Based Methods

Neural Networks (NN) is one of the most commonly used tools for di�erent classi�cation
and recognition tasks (e.g. face [12] and shape [13].) The NN is similar to the statistical
approaches in that it operates in two di�erent modes: a learning mode and a classi�cation
mode. In the learning mode, a set of features, extracted from di�erent classes of objects,
is shown to the network to adapt its parameters. In the classi�cation mode, extracted
feature(s) (similar to that used in the learning) are fed into the NN to classify it. Sev-
eral variations of this approach have been proposed. These variations include supervised
versus unsupervised learning and single-NN versus multiple-NN approaches. However, all
variations follow the same idea described above.

2.4 Dynamic Programming

Dynamic programming is usually used for shape classi�cation based on the shape bound-
ary. The general idea is to represent the boundary of the unknown object and boundaries
of the object prototypes (of the database) as strings. The problem then is reduced to
that of the computing the distance between two given strings. The prototype that has the



minimum distance with the unknown object is then considered to be the recognized class.
In [14], Bunke and Buhler introduced a robust algorithm for 2D shape recognition using
approximate string matching. The proposed algorithm was scale, rotation and translation
invariant. They de�ned a cost function for the possible edit operations between the two
strings (shapes) being compared. The minimum edit cost identi�es the class to which
the input shape belongs. Applying dynamic programming to shape/silhouette classi�ca-
tion ranges from some simple, direct applications [14] to sophisticated applications [15],
however, most of these applications follow the same theme as described before.

2.5 Hybrid Classi�ers

The above approaches reect the major shape/silhouette classi�cation techniques. How-
ever, two or more of the approaches described above can be used in a hybrid classi�er that
fuses the results of each of the individual classi�ers to obtain a robust classi�cation. In
[16] Abdelazim presented a fuzzy-neural approach for recognizing Arabic letters. Another
example is [17], which uses a hybrid symbolic-neural approach for shape recognition.

2.6 Uncategorized Methods

Some other approaches have been proposed for solving the shape/silhouette classi�cation
problem that do not belong to any of the discussed categories and are not considered
separate categories on their own. For example, in [18], Belongie and Malik introduced
what they called the Shape Context for matching shapes. Also, some classi�cation ap-
proaches adopted the invariant moments (sometimes classi�ed as a statistical method) for
classi�cation [19]. Fuzzy sets have also been used for shape classi�cation [20].

The above review is not a detailed review on shape/silhouette classi�cation approaches.
For more detailed reviews on the topic, the reader is referred to [8][21][22].

3 The Proposed Approach

Silhouette Representation: We represent the silhouette of an object by an ordered set
of vectors V = fv1; v2; :::; vLg in the 2D Euclidian space, where L is the length of the
object's silhouette. The external angle between any two successive vectors, vi and vi+1, is
then is de�ned by equation (1).

�i = cos�1
vi:vi+1

jvijjvi+1j
(1)

Because of the discrete nature of the image spatial domain, see �gure 1, � 2 � =
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g. The set � is called the alphabet set. Computing the external angle between

all pair of successive vectors in the set V , yields an observation sequence � = �1�2:::�L
that represents the contour of the object.

Hidden Markov Model: A discrete probability Hidden Markov Model can be char-
acterized by a �ve-tuple � = fS;�; A;B;�g as follows.

� S = fs1; s2; :::; sNg is the set of model states,

� � = fO1; O2; :::; OMg is the alphabet set,
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Figure 1: Discrete nature of the external angle

� A = faijg is the transition probability distribution where

aij = P [qt+1 = sjjqt = si]; 1 � i; j � N; (2)

and qt is the model state at time t.

� B = fbjkg is the observation probability distribution where

bjk = P [Ok at tjqt = sj]; 1 � j � N and 1 � k �M and (3)

� � = f�1; �2; :::; �Ng is the prior probability distribution where

�i = P [q1 = si]; 1 � i � N: (4)

In most of computer vision applications (e.g. face recognition,) the left-to-right HMM
is suÆcient to model the data. However, we use an ergodic (fully connected) HMM for
modelling the silhouettes of the objects in the database. There are two main advantages of
using such representation. First, an ergodic HMM does not require a starting feature that
must be consistently extracted from the object's contour, because we are not constrained to
start from the �rst state all of the time. The second advantage of using the ergodic HMM
is that it tolerates greater amounts of partial occlusion. This is because, in the ergodic
HMM, a transition is allowed from any state si to any other state sj (i.e. all entries of the
transition probability matrix are non-zero.)

Having C distinct object classes, we model each class by an individual DHMM. The
models' parameters are estimated using the popular Baum-Welch algorithm [23]. The
parameter estimation process is performed using di�erent examples of the object's contour
and is repeated for several iterations until convergence. During the classi�cation phase, the
object's contour being classi�ed is tested against all DHMMs obtained previously and the
probability that the object's contour is generated by each model, equation 5, is computed
using the Viterbi algorithm [24].

P (�Objectj�i); i = 1; 2; :::; C (5)

In most HMM classi�ers, the object is classi�ed to the class that its HMM gives the
maximum probability, i.e. max8i(P (�Objectj�i). In our approach, we chose the class if

jmax8iP (�Objectj�i)� P (�Objectj�j)j < T; i; j = 1; 2; :::; C (6)

where T is a small threshold obtained experimentally. There are two main reasons for
adopting such strategy. The �rst reason is that, for content-based image-retrieval applica-
tions, the objective usually is to obtain all objects that are similar to the query object, not
just the most similar one. The second reason is that the parameter estimation process is an
optimization process, which might not yield the optimum parameters of the HMMs. This
will cause similar object classes to have similar models yielding classi�cation inaccuracies,
which is a problem for all object classi�cation algorithms.



Table 1: Classi�cation Statistics. Classi�cation Ratio=93.3%
Object 1 Object 2 Object 3 Object 4 Object 5 Object 6
15/15 15/15 9/15 15/15 15/15 15/15

4 Experimental Results

To test our approach, we used a database of 90 images of 6 di�erent objects. Figure 2
shows the di�erent object classes in the database. A 5-state (N = 5) DHMM is obtained
for each of the 6 object classes using the Baum-Welsh learning algorithm. We performed
two experiments to test the robustness of our approach. In the �rst experiment, object
images, from outside the training set, were classi�ed using the approach described in
section 3. Figure 3 shows the results of the experiment. In the second experiment, using
the same DHMMs, we used a 90o rotated version of the test images to test our approach.
Unsurprisingly, the exact same classi�cation results were obtained, as shown in �gure 3.
We repeated the same two experiments using di�erent training and testing data sets and
similar results were obtained. Table 1 quanti�es the test results of our approach.

Figure 2: Object Classes

5 Performance Comparison

In [25], Arica and Vural used what they called circular hidden Markov model for shape
classi�cation. Excellent classi�cation results were obtained. In their work, they used the 8-
directional Freeman's chain code to encode the shape boundaries. The major disadvantage
of this encoding scheme is its sensitivity to shape rotations. One solution to this problem
is the use of the derivative of the chain code to encode the shape boundaries. The use of
our proposed shape representation alleviates the problem of sensitivity to rotation, while
using a smaller alphabet set (i.e. Bspace = �(4N) in our approach versus Bspace = �(7N)
in [25].) Also, in [25], the authors use what is called circular HMM which is a modi�cation
of the Left-to-Right HMM that solves the problem of starting point. The disadvantage of
this technique is, under moderate to large occlusion, the model will fail to classify correctly
because of the zero transition probability if the required state transition is higher than a



Input test image Resulting Classification with T=0.0075

Figure 3: Object Classesi�cations

speci�ed threshold (N in their approach.) In our work, the use of ergodic HMM gives a
�nite non-zero probability for such state transitions if the object is partially occluded.

Another HMM-based shape classi�er was proposed in [4]. In this work, the authors
used a centroid radial scan to extract features from the object boundary. The extracted
features are then models by autoregressive functions to obtain the observation sequences
of the object. The computational complexity of using such a feature extractor (�(KL),
K and L are de�ned in [4]) is much higher than computing the angle between each pair of
vectors in our scheme (�(L)). Also, in [4], the authors used a continuous probability HMM
(CHMM.) The computational complexity of the classi�cation phase of both approaches
will be similar asymptotically (�(LN)), if using an optimized CHMM. However, using a
DHMM avoids the need of the quantization step needed to obtain such complexity.

6 Conclusion

A Hidden Markov Models-based object classi�cation technique was presented. Compared
to the previously presented approaches that adopted HMM as a classi�cation mechanism,
the new algorithm has two main advantages. The �rst advantage is that it is rotational



invariant due to the extracted feature from the object's contour. The second advantage is
that using DHMM makes the approach computationally less expensive compared to other
approaches that use continuous probability HMM. The similarity criterion presented suits
the di�erent kinds of applications. Setting T > 0 is well suited to content-based image-
retrieval applications, while setting T = 0 is well suited to the classi�cation applications
where only the best matching class is required.

The proposed approach was evaluated using a silhouette database of 90 images of 6
classes of objects. Accurate classi�cation results were obtained. The approach shows ro-
bustness against rotation conditions in contrast to other HMM-based silhouette classi�ers.

For future research, we would like to investigate using embedded HMMs for object
classi�cation. The idea is to model each of the contour features by a separate HMM
instead of a state in our current model. This should yield more robust results specially
when greater amounts of occlusion occur.
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