Supervised Classification Using Gaussian Mixture Models
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Abstract. This paper proposes the use of Gaussian Mixture Models as a supervised classifier for remote
sensing images. We present some results of this method application over a real image.

1 Introduction

Several times, researchers in image processing justify
the use of Gaussian approach due to the data volume.
In the practice of image classification, this approach
should not be applied without verify the Gaussian dis-
tribution hypothesis. It implicates in a low percentage
of correct classification, as example, when the Max-
imum Likelihood classifier is utilized. The Gaussian
Mixture Models (GMM), in theory, can be applied
to modeling a large number of distributions, includ-
ing non-symmetrical distributions. These models have
been used to data classification and speech and speaker
recognition.

2 The GMM classifier

In image processing applications, it is commonly re-
searchers use the unsupervised version of mixture mod-
els [1, 3]. In this paper, we proposed the utilization of
ellipsoidal GMM [4] as a supervised classifier for re-
mote sensing images. In the GMM each x; is assumed
to arise independently from a mixture with density
flz;)0) = Zszl prh(i, | e, X1), where py is the mix-
ing proportion (0 < pj, < 1 forallk =1, ..., K and p; +
<.t pr = 1) of k** component and h(e|u, Xx) denotes
the d-dimensional Gaussian density with mean gy and
variances matrix X;. Thus, the vector of the mixture
parameters is @ = (D1, ..., DK, f1, ey oK » 21, -+, LK ). The
clusters associated to the mixture components are el-
lipsoidal, centered at the means py and variances ma-
trix X determine their geometric characteristics of the
ellipses. To estimate the parameters for the model, we
can use the classical Expectation-Maximization (EM)
algorithm [2], which has as goal to find the maximum
likelihood estimators for # and that maximize the ob-
served log-likelihood function in m interactions. To
evaluate the quality of estimations, we use Bayesian
Information Criterion (BIC) [4], which compares mod-
els with different parameterizations or different number
of components. To test the classifier proposed, we per-
formed a case study with a real image of Brazilian state

of Paré at Tapajés River. The image was obtained
from the number 4 spectral sensor of Landsat satellite.
The image was composed by three classes: Tapajos
River (class 1), Contact Areas (class 2) and Human
Occupation Areas (class 3). All classes were modeled
using two components (K = 2), because those dis-
tributions were not Gaussian distributions. The BIC
confirms the quality of models.

A statistical comparison between classification and
a reference map of the same area was performed using
Kappa coefficient. The Kappa results were 88.6875%
with variance 1.1416 x 10~%. The same coefficient for
each class results were: 99.6929% for class 1, 78.8462%
for class 2 and 86.4718% for class 3. The main misclas-
sification occurs with classes 2 and 3. In fact, there is
an overlapping of those classes’ distributions.

Thus, the classification can be considered satis-
factory in statistical terms, even if we considerer the
overlapping of class 2 and class 3 distributions. It is
important to note that these results were obtained us-
ing only one original spectral band. As future works
we intent to do a performance statistical comparison
with others statistical classifiers.
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