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Abstract :

The convolutional neural networks (CNNs) for image classification tasks are getting

larger and deeper. While CNNs have good representation power using numerous parameters,
overfitting may occur if the size of the training dataset is insufficient. Therefore, various data

augmentation techinques such as rotation,

flipping,

and cropping have been used to prevent

overfitting. Recently, novel data augmentation techniques such as CutMix and RICAP achieved

state—of—-the—art performance by combining multiple images into one

image. Even though he

performance is known to depend on the number of images for composition, such dependency has

not been sufficiently studied.

In this study, we discuss tendencies of the data augmentation

technique using the image patching method. We experimented validation error rates for various

image patches and patch counts.

Experiments are conducted using

two convolution—based

networks: ResNet, WideResNet on the CIFAR-10 and mini-ImageNet datasets.
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Fig 1. Overview of 5 types of modified RICAP.
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Table 1. Result of the average error rate with
= 0.3 on mini-ImageNet. (%)

#img/input val err.
baseline 1 18.02458
cutout 1 17.87625
cutmix 2 16.50292
mixup 2 16.03104
ricap2boxhor 2 14.6992

ricap2boxver 2 14.30979
ricap3boxhor 3 14.42333
ricap3boxver 3 14.23271
ricap4boxgrid 4 13.58458
ricap9boxgrid 9 13.55688
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Fig 4. Result of the modified RICAP test on mini~-ImageNet.
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Table 2. Result of the average error
200 epochs with 3=0.3 on CIFAR-10. (%)

rate in

#mg/input val err. zero rate
baseline | 1 0.8675 *
2box 2 8.7482 31.896
3box 3 8.5801 64.949
4boxgrid | 4 9.1361 53.879
o2 ¥ 32 pBE 22 ZAHIYE Wl error rateE
@ dyolty, o Ay 28 oA 3/4ETE X
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27y 4.52%,

validation error ratet
11.67% & Z7Fssich.
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Table 3. Result of the average error rate in 300
epochs with ResNet-50, =2 on CIFAR-10.(%)

#img/input val err.
baseline 1 28.82
2box 2 27.87
3box 3 32.39
4boxgrid 4 39.54
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