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A Study on Application Method of Contour Image Learning to
improve the Accuracy of CNN by Data
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Abstract CNN is a type of deep learning and is a neural network used to process images or image data.
The filter traverses the image and extracts features of the image to distinguish the image. Deep learning
has the characteristic that the more data, the better models can be made, and CNN uses a method of
artificially increasing the amount of data by means of data augmentation such as rotation, zoom, shift,
and flip to compensate for the weakness of less data. When learning CNN, we would like to check
whether outline image learning is helpful in improving performance compared to conventional data

augmentation techniques.
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Fig. 2. Data augmentation
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Fig. 4. Inception module
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Table 1. Oral Cancer Dataset Experiment Result 1

il A8 « Hlog il nE e
goEAl ° 4% |Holg F7p| T
0.5123/ 0.6139/ 0.5102/ 0.5350/

GoogleNet | 0.5215/ 0.5183/ 0.5100/ 0.5100/
0.5038 0.5688 0.5194 0.5201

0.5190 / 0.5231/ 0.5259/ 0.5253/

VGGNet 0.5190/ 0.5228/ 0.5219/ 0.5313/
0.4987 0.5038 0.5038 0.5101

0.8191/ 0.8075/ 0.6388/ 0.6350/

ResNet 0.8413/ 0.8584/ 0.6913/ 0.6637/
0.9361 0.8537 0.6787 0.6350

B 2. 72 HOEY MyEM 2 (MM 2 29)
Table 2. Oral Cancer Dataset Experiment Result 2
(Pretrained model)

Edely glolg oA =
gorga | X | zam | gog 2| P HE
0.8246/ | 0.9054/ | 0.7188/ | 0.8250/
GoogleNet | 0.8944/ 0.9437/ 0.8444/ 0.8498/
0.9028 0.9041 0.8083 0.8810
0.5230/ 0.5142/ 0.5263/ 0.5131/
VGGNet | 0.5297/ | 0.5228/ | 0.5269/ | 0.5256/
0.5102 0.5230 0.5225 0.5213
0.9800/ | 0.9508/ | 0.9638/ | 0.8062/
ResNet | 0.9931/ | 0.9810/ | 0.9794/ | 0.8398/
0.9885 0.9438 0.9862 0.8396
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