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Abstract

In this project, we propose a new neural
network model for the texture identification.

We focus on investigation of the texture
features and exploration the relationships
among the features. A novel self-organizing
network model is devised and developed to
solve the problems. This model utilizes
weight adaptation and self-organization to
find the clustering components as the texture
features. The learned clustering components
correspond to the distribution of the texture
vectors. With them, the problem of texture
description and classification can be solved.

Based on the model, applications for
texture identification are established. The
problems for remote-sensing applications,
such as classification and segmentation, are
sotved. We simulate texture analysis fasks
with remote-sensing images of Taipel region.
The simulation results have show that the
proposed model improves the effectiveness
for texture identification.

Keywords: Texture Identification, Neural
Networks, Self-Organization, Remote
Sensing.
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