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Abstract

The famous Expectation Maximization technique suffers
two major drawbacks. First, the number of components has
to be specified apriori. Also, the Expectation Maximization
is sensitive to initialization. In this paper, we present a new
stochastic technique for estimating the mixture parameters.
Parzen Window is used to estimate a discrete estimate of
the PDF of the given data. Stochastic Learning Automata
is then used to select the mixture parameters that minimize
the distance between the discrete estimate of the PDF and
the estimate of the Expectation Maximization. The validity
of the proposed approach is verified using bivariate simula-
tion data.

1. Introduction
The Expectation Maximization algorithm (EM) [1] is the
most frequently used technique for estimating class condi-
tional probability density functions (PDF) in both univariate
and multivariate cases. Expectation Maximization is widely
used in computer vision [2], speech processing [3] and pat-
tern recognition [4] applications. In all of these areas, EM is
used to model a set of feature vectors by a mixture model,
which contains a finite number of components. Mixtures
of Gaussian distributions are frequently used to model the
observation vectors.

The EM, however, suffers two major drawbacks. First,
the number of components has to be apriori specified, in
order to estimate the density function. This number has to
be specified accurately, in order to hit the right balance be-
tween the accuracy of density estimation from one side, and
the complexity of the function, which affects the speed of
both training and testing, from the other side. Also, because
EM is a maximum likelihood approach, the resulting esti-
mates are sensitive to initialization. The EM always con-
verges to a local minima.

Several attempts have been made to overcome these
drawbacks. Figuerideo and Jain [5] broadly classify these
methods into two categories: deterministic approaches and

stochastic approaches.
Deterministic methods, such as [6], [7] and [8], are based

on selecting the number of components according to some
model selection criterion, which usually contains an in-
creasing function that penalizes higher number of compo-
nents. In [9], [10] and [11] stochastic approaches based on
Markov Chain Monte Carlo methods are used. These ap-
proaches have the disadvantage of being too computation-
ally intensive.

This paper introduces a new stochastic approach for
overcoming the drawbacks of the Expectation Maximiza-
tion algorithm. The proposed approach is based on comput-
ing a distance measure between the density function esti-
mated using the EM and a discrete density estimated using
kernel methods. Stochastic Learning Automata (SLA) [12]
is then used to find the mixture parameters that minimizes
the distance.

Studying of Learning Automata started in early Six-
ties [13][14]. Learning automata theory provides a frame-
work for the design of automata which interact with a ran-
dom environment and dynamically learn the action that
minimizes the probability of a penalty. Since the Sixties,
this field has seen vast improvements and developments
[15][16]. The main advantage of SLA is that it does not
require any knowledge about random environment in which
the automaton operates, or the function to be optimized.

This paper is organized as follows. Section 2 introduces
the proposed approach for selecting the mixture parameters
and the number of components. Experimental results are
presented in Section 3. Section 4 concludes the paper and
introduces directions for future research.

2. The Proposed Approach

In this section, the proposed approach is described. The
SLA is used to find the mixture model that minimizes the
Kullback-Leibler [17] distance between the discrete density
function, estimated using Parzen Window [18], and the den-
sity functions, estimated using the EM, in a user specified




