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Abstract: In this paper, we discuss optimization for classifying Narrow-Band Imaging (NBI) colorectal
endoscopic images with Convolutional Neural Network (CNN) and Support Vector Machine (SVM) for
a Computer-Aided Diagnosis (CAD) system. The proposed method is using the result of pre-learned
CNN as a feature extractor on Bag-of-Features framework. Moreover, we use the data of several layers
in CNN as the extracted feature for SVM classifier. We estimated accuracy to identify tumor or not,
and as an experimental result, we presented that the system accuracy is about 95% using feature of
6th, 7th and 8th fully-connected layers in AlexNet.
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2.1 Support Vector Machine (SVM)
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4.3 ZRZEMREL (Cross Validation) I & % IE &3
WA ORGEE U T, 3 R2EMGE (Cross Validation :
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T A MBI B IE U < 5 £ 72 13RS & Rl X
7B OEGIZL>THEEBINS. 10 12 Z OFER %R
9. FEdHIX pools D25 prob ¥ TORH W-RMEE %2, Ml
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BEREPHELTWEZ Ebh oz,

4.4 True Positive, Precision Rate IC & %
B8 A T OB RE T
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accuracy for AlexNet features
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7z, Z OAIMEREREAMIZEA L T, RiEiE L L THWA CNN
Z2FRHELE U, 1 DX EFEAD AlexNet €7 )L &
WEMLE LTHWEZED, 35 —HIEMIAAY AT LA
M CTHIFE NV — T TIRE L 72— ¥ 7 = 7 [ IS
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<EZ2[ 7 @ N1 N73 | TP(1)
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11 Typel & 1 HHIZBITS
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