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Application of Artificial Neural Network based on
Morphometric Feature Extraction in Diagnosis of Oral
Squamous Cell Carcinoma
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[ Abstract] Objective To find a feasible and convenient way to help pathologist to analyze cell features of oral
squamous cell carcinoma, an artificial neural network (radial basis function) has been applied based on the
morphomeiric image processing. Methods Some images of histopahological sections of patients suffering from oral
squamous cell carcinoma and non-carcinoma epithelium were selected to train a RBF network. The network was
based on a morphometric method to extract a feature vector. Another 67 images of sections including oral squamous
cell carcinoma and non—carcinoma were tested by the trained network to evaluate the performance of RBF network.
Result  Through the analysis of the output of trained RBF network classification, different sensitivity and
specificity of diagnosis was achieved by choosing different threshold value correspongingly. Conclusion RBF
network is a feasible auxiliary tool in the diagnosis of oral squamous cell carcinoma, even though it can not be a
precise diagnosis standard.
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