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Advanced Random Mix Augmentation :
Data augmentation method for improving performance of image classification
in deep learning using unduplicated image processing combinations

Jonghoon IM, Jun Younes LOUHI KASAHARA, Hiroshi MARUYAMA, Hajime ASAMA and Atsushi YAMASHITA

Data augmentation is a commonly used method for improving deep learning models in image classification. By adding
slightly modified images that do not change the label of the original image to the training data set, the trained model becomes
more robust against diverse characteristics of the input image. In this study, we propose a new data augmentation method by
improving a previously-known random augmentation method. Our method consists of three steps; 1) determine the set of
image modification operators and the number of augmented images, 2) determine the sequence of the image modification
operators so that no duplicated sequences are generated, and 3) apply the sequence to augment images. The variety of
augmentation is further increased by randomly determining the level (intensity) and the weight of combining the sequences.
We applied our method on the CIFAR dataset and show that our method outperforms existing methods.
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For example, 0=No processing, 1=Rotate, 2=Solorize, 3=Translate

Fig.2 Example of sampling without replacement
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Fig.3 Example of applying augmentation to each level
(In order to make it easier to see the changes by level, we emphasized each image processing rather than the original image processing)
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Fig. 4 Error rates of various methods on CIFAR dataset using a WideResNet
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Fig.5 Error rates of various methods on CIFAR dataset using CNN, DenseNet
and Wide ResNet

Table 1 Error rates of various methods on CIFAR dataset using a WideResNet

Dataset Standard Cutout® Mixup'® CutMix? AugMix® RMA? ARMA(Proposed)
CIFAR-10 5.22 5.09 4.15 4.22 4.63 471 4.66
CIFAR-10-C 27.08 28.47 24.52 29.66 11.19 11.13 11.11
CIFAR-100 22.44 23.39 22.50 22.49 23.30 22.52 22.15
CIFAR-100-C 54.04 53.53 50.27 52.87 35.76 35.25 34.96
Unit %

Table 2 Error rates of various methods on CIFAR dataset
using CNN, DenseNet and Wide ResNet

) ARMA
Model Dataset AugMix RMA
(Proposed)
CIFAR-100 27.88 27.00 26.82
CNN2)
CIFAR-100-C 42,71 42.41 41.84
CIFAR-100 25.65 25.19 23.99
DenseNet?
CIFAR-100-C 40.69 39.23 38.60
CIFAR-100 23.30 22.52 22.15
WideResNet?)
CIFAR-100-C 35.76 35.25 34.96
Unit %
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Table 3 Error rates at each image processing level on CIFAR dataset using a WideResNet

Dataset Level=1 Level=2

Level=3

Level=4 Level=5 Level=6 Level=7

CIFAR-100 22.77 22.51 22.46

22.43 22.15 22.50 23.06

CIFAR-100-C 39.56 37.01 36.14

35.44 35.34 35.39 35.44

45

40

| |IIIIII
A TTIT T

CIFAR-100 CIFAR-100-C

Error rate %

mlevel=1 mLevel=2 mLevel=3 mLevel=4 mLevel=5 mLevel=6 mLevel=7

Fig. 6 Error rates at each image processing level on CIFAR dataset using a
WideResNet

Table 4 Number of duplicate image processing in RMA and ARMA

Number
1,000,000 2,000,000 3,000,000 4,000,000 5,000,000
of runs
RMA 22,895 46,311 69,453 92,860 116,412
ARMA 0 0 0 0 0
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