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Abstract: This paper intoroduce a classification method for real-time Narrow-Band Imaging (NBI) colorec-
tal endoscopic images with Convolutional Neural Network (CNN) and Support Vector Machine (SVM) as
a Computer-Aided Diagnosis (CAD) system. The proposed method using the result of pre-learned CNN as
a feature extraction module on BoF framework and SVM inputs the result for classification. We estimated
identification accuracy compare with the BoF framework and the proposed method. As an estimation result,

we achieved that the proposed method can identify cancer or not with about 90% accuracy.
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