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Abstract

We propose a design scheme of a binary decision tree and apply it to the tire tread pattern
recognition problem. In this scheme. a binary decision tree is constructed by using fuzzy
C-means{ FCM ) algorithm. All the available features are used while clustering. At each
node. the best feature or feature subset among these available features is selected based on
proposed similarity measure. The decision tree can be used for the classification of unknown
patterns. The proposed design scheme is applied to the tire tread pattern recognition problem.
The design procedure including feature extraction is described. Experimental results are given
to show the usefulness of this scheme.
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