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F|9=: CNN(Convolution Neural Networks), A &%= (accuracy), RGBAE(RGB channel)
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RGB channel separation block .
CL = Convolution Layer

CR = Channel Reduction

Fig. 1. RGB-channel separation block(RGB-csb) structure
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Table 1. Model classification table

Model explanation

CNN-160

using 160 images by each category
rgbCNN-160
CNN-320

using 320 images by each category
rgbCNN-320
CNN-640

using 640 images by each category
rgbCNN-640
CNN-960

using 960 images by each category
rgbCNN-960
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Convolution Batch Normalization
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Batch Normalization
Fig. 3. CNN structure used in Experiments
Fig. 2. Inner structure of RGB-csb
219} 22 35S 53 RGB-csbi= B 22 i 7=
T, 2% AdEe] Ade+= 37H°1‘3‘r
Table 2. Test Accuracy
model Test Accuracy (10 times) avg.
CNN-160 61.88 62.50 61.87 60.00 58.75 60.00 59.38 61.25 58.52 61.25 60.54
rgbCNN-160 58.12 67.50 61.25 62.50 65.63 65.00 63.75 60.50 61.88 62.50 62.86
CNN-320 70.00 70.94 72.81 71.25 72.50 72.81 71.88 71.50 70.00 72.19 71.59
rgbCNN-320 74.06 74.06 73.13 74.37 70.00 72.81 72.25 75.62 71.87 73.13 73.13
CNN-640 79.53 78.91 81.09 81.41 83.28 82.97 82.66 81.56 80.78 81.41 81.36
rgbCNN-640 80.38 83.31 83.72 80.81 82.34 82.81 82.19 80.94 82.97 83.44 82.29
CNN-960 83.65 83.23 83.31 83.33 82.81 83.02 82.60 81.98 82.08 81.98 82.80
rgbCNN-960 84.27 84.15 83.02 84.73 84.06 83.32 83.40 83.08 82.46 83.88 83.64
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IV, Experiments

1. Training
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