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Abstract For the handwritten digit recognition, this paper proposes a hierarchical Gabor features
extraction method and a Bayesian network for them. Proposed Gabor features are able to represent
hierarchically different level information and Bayesian network is constructed to represent
hierarchically structured dependencies among these Gabor features. In order to extract such features,
we define Gabor filters level by level and choose optimal Gabor filters by using Fisher's Linear
Discriminant measure. Hierarchical Gabor features are extracted by optimal Gabor filters and represent
more localized information in the lower level. Proposed methods were successfully applied to
handwritten digit recognition with well-known naive Bayesian classifier, k-nearest neighbor classifier,
and backpropagation neural network and showed good performance.
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