Generally, a color composition of
some remote sensing image behaves as
a mixture of several colors, which
changes gradually according x and y
positions. If a specialist performs a
manual classification in a certain image
(as seen in the side), and after views its
scatter plot, classes will appear together,
in such a way that linear classification
algorithms will not have success.

In the Figure above, we used 6 classes, namely Streets, Pools, Roofs,
Shadows, Greens, and Others. By visualizing the scatter plots (below), it seams clear
that classes named Roofs and Pools are linearly separable from the rest, as shown
in the second scatter plot. However, the other 4 classes remain together, and it's a
challenging task to discover their statistical distributions. Each class can be thought
as an independent variable; as they are a fraction of a total (the entire image), it
characterizes a mixture model.

Our work presents an enhancement to the Expectation Maximization (EM)
clustering method. The aim is to approximate observed distributions of values (image
pixels) based on mixtures of different distributions, to different clusters. The results of
EM clustering are probabilities, so each observation (pixel) belongs to a cluster with a
certain value in the interval [0, 1]. The highest probability will indicate the pixel class.

The algorithm stability has been improved by supplying the results of the
standard K-Means algorithm as seed points and the best data structure description
searched by applying cluster validity measures to each configuration, varying the
initial number of clusters. Below there's the algorithm diagram, showing how to
improve the EM quality.
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Input data: this module deals with N images and the input parameters called
sampling rate (sX and sY), on directions x and y. This rate aims to reduce the input
data, building the input vector as a fraction of the image pixels. M stands for the
number of clusters the algorithm has to estimate. We propose a preprocessing stage,
removing, from the input data, pixels close to the image border because, due to
sensor features, sometimes they are not trustworthy;

Initialization: using the sampling rate, we build the instance set x, and create
the initial parameters set, with seed points provided by the K-Means algorithm. On
the standard EM implementation, this set is randomized, and it is one of the main
causes of high computational cost for this algorithm, and the risk of converging to
local minima;

Probabilities estimation: this module performs the iterative procedure of
successive parameter estimation and cluster validity, described below. Such
technique aims to certify the number of classes provided by the user, and guarantee
that all clusters are distant from each other. While t increases, a test is performed to
check if the algorithm has already converged, or a maximum number of iterations
have been reached. We modified each iteration of this module by validating the
current clustering arrangement. During convergence, if a cluster center is
approaching another one, then one of them is randomly modified for the next
iteration. This aims to “shake” the values, so that cluster C; may converge to another
class, far from C; in the attribute space.

Classification: here the final classification is performed. For each of the N pixels
X is associated the class with higher probability, that is, find P(Cj|x,) > P(Cj|x,), j Ad

-

and classify x, as C;.
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Firstly we have a color composition of an urban area from S&o José dos
Campos — Brazil. Such image was taken in January 2004, from QuickBird, and
the composition is R3G2B1. We show the original image and its classification,
with respect to 5 classes, namely Trees, Buildings, Roofs, Roads, and Others.
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Next Figure is a CBERS-2 color composition of bands 2, 3, and 4. Three
classes are identified on this image, namely Urban, Vegetation, and Water. We
show the original image and its classification, using our approach.

EM algorithm presents some drawbacks. Being a local method, it is
sensitive to initialization because the likelihood function of a mixture model is not
unimodal. This was the main cause for using K-Means as first set of parameters.
For certain mixture types, it may converge to the parameter space boundary,
leading to meaningless estimates.

However, to test the performance increase we made several tests, using
the original EM proposal, and the modified approach. The tests considered
processing time until convergence, for both approaches. Using the enhanced
approach we got the results 3 times faster than the original EM, and still better
results.

This work presented an improvement to the EM Clustering Method, by
using K-Means results as input, and some cluster validity techniques. Estimating
mixture parameters is clearly a missing data problem, where the cluster labels of
each observation are unknown. The EM algorithm can be adopted, as we have
proposed, as a standard choice for this task.

We have shown how to implement an EM algorithm and how to apply it to
unsupervised image classification. As well, some classification results obtained
with the proposed method and others were shown to compare their accuracy. We
have implemented the algorithm using TerralLib library, which is available at
http://www.terralib.org/ . We also developed a software for unsupervised
image classification, available at http://www.dpi.inpe.br/~tkorting/ .
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