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ABSTRACT

This paper introduces a method for improving accuracy using the first convolution layer, which is not used in most
modified CNN(: Convolution Neural Networks). In CNN, such as GoogLeNet and DenseNet, the first convolution layer uses
only the traditional methods(3x3 convolutional computation, batch normalization, and activation functions), replacing this with
RGB-csh. In addition to the results of preceding studies that can improve accuracy by applying RGB values to feature maps,
the accuracy is compared with existing CNN using a limited number of images. The method proposed in this paper shows
that the smaller the number of images, the greater the learning accuracy deviation, the more unstable, but the higher the
accuracy on average compared to the existing CNN. As the number of images increases, the difference in accuracy between
the existing CNN and the proposed method decreases, and the proposed method does not seem to have a significant effect.
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Table 2. Experiment model classification table

Model explanation
CNN-160 using 160 images by each
rgbCNN-160 category
CNN-320 using 320 images by each
rgbCNN-320 category
CNN-640 using 640 images by each
rgbCNN-640 category
CNN-960 using 960 images by each
rgbCNN-960 category
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Table 3. Test Accuracy
model Test Accuracy (10 times) avg.
CNN-160 61.88 6250 6187 6000 5875 6000 5938 6125 5852 6125 | 60.54
rgbCNN-160 | 5812 6750 6125 6250 6563 6500 6375 6050 6188 6250 | 62.86
CNN-320 7000 7094 7281 7125 7250 7281 7188 7150 7000 7219 | 71.59
rgbCNN-320 | 7406 7406 7313 7437 7000 7281 7225 7562 7187 7313 | 7313
CNN-640 7953 7891 8109 8141 8328 8297 8266 8156 8078 8141 | 81.36
rgbCNN-640 | 80.38 8331 8372 8081 8234 8281 8219 8094 8297 8344 | 82.29
CNN-960 8360 8323 8331 8333 8281 8302 8260 8198 8208 8193 | 82.80
rgbCNN-960 | 8427 8415 8302 8473 8406 8332 8340 8308 8246 8383 | 8364
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