of shel sl C| = 28t 3] = 2 %]

LR 2021931 |
H = L SkALCO.
oju] x| B As FALS

A% TAAA AE W

H 198 M 5= 20244 10¥ 251

| BN

(Methodology of Applying Randomness
for Boosting Image Classification Performance)
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Securing various types of training data in image Classification is important for improving performance.

However, increasing the amount of original data is cost-limited, so data diversity can be secured by transforming

images through data augmentation.

Recently, a new deep learning approach using Generative Al models like GAN or Diffusion Based models has

emerged in the Data Augmentation task, and reinforcement learning-based methods such as AutoAugment and Deep

AutoAugment using existing basic Augmentation techniques are also showing good performance. However, this method

has the disadvantage of having a complicated optimization procedure and high computational cost. This paper

conducted various experiments with existing methods Cutmix, Mixup, RandAugment. By combining these techniques

appropriately, we obtained higher performance than existing method without much effort. Additionally, our ablation

experiment shows that additional hyper-parameter adjustments are needed for the basic augmentation types when we

use RandAugment. Our code is available at https://github.com/llieel/Randomness__Analysis.

Keywords :
.M

Computer Vision @704 t}ekst 3o gt dHolg S

[e]
T
Pyl Aotk a8t g% ol

grstE A2 45

H grds v&4d @7 ol ol S5 8 o
g dlole 57 (Data Augmentation) 177} % a=] Q).
53] oAl oA dolH F4E A oluA| o] MHFS
E3 dlolHe IS FERFOEN FAF EAE W4
st A Pl EiS Tk HE dolE T ool A
= ViT (Vision Transformer) [1]9 &3hd 3% 7|9k &7
71

WMol TransMix [2], MixPro [3]°] AI¢tE At}t. Bounding
Box Cutmix [4]F= Mosaic [5]9] ©HE& /A8t A&&F
AA FAE g T4 7IHE AA Y Eg GAN [6]7
Stable Diffusion [7] 59 A4 2d& &8&3lo] 7]E Hlo]
gl fAgE 34 diolHE grets B4 [8-1013 WA

st S IME ARESte] B odlolHe HA st
PolicyE #rolli= AutoAugment [11], DeepAutoAugment
[12] Z&& 73tk 710 d4-5% JAdHQley 28 43t
g 719ke] VI EL HAS AAb Hgsta AL H)Eo]
A7) wio] AAAQ EAlY AE3ldE FEl7b o

«Corresponding Author (yshyun2l@inha.ac.kr)

Received: Jun. 28, 2024, Revised: Jul. 26, 2024, Accepted: Sep. 7, 2024.
J. Y. Park: Inha University (M.S. Student)

Y. R. Jeon, MY. Kim, J.M. Lee: Inha University (B.S. Student)

Y. S. Hyun: Inha University (Assoc. Prof.)

¥ O wRe apd 2004 AN P EAREAN) Aees
FAFAEY AP wol FaE A7 (No. 2022R1A4A5033271,
No.RS-2024-00348476).

© IEMEK J. Embed. Sys. Appl. 2024 Oct. 19(5) 251-257
ISSN : 1975-5066
http://dx.doi.org/10.14372/IEMEK.2024.19.5.251

Data Augmentation, Randomness, Image classification, Deep Learning

535171 S8 B Aol E 719 delH
gretar g-gsto] ofmA] EFoA A
2 A2 HEor AT TS ofFHUY AT vYgd A
= APt

Cutmix [13], Mixup [14], RandAugment [15] &7 7]
o Z_lq-o}tr:]/q XEUI—Uh;]_ /\-] ?5]:/\1-_0_ _uiho 7] =2
delAd vk 8= Cutmix et 1\/hxup°l A2 2 7 ool
As &8 AMzE delHE AAIdTE Aol FH5s8k
7t 7o HoleE AEE W F2ds Foldvhd 7]
& oA 9 9]“]3 QA FowA dolHe] by
k i *3 Ark el ol TS

A= EF;H 4 F4E 93 ¥A RandAugment
& Ageldth $2% RandAugment® 1%
olslsteviElE 2AsE HHolA & sholsisetle
N, M¥ut o}lyg}, RandAugmentol A AM&3t= 7|8 =

of g 744 24l Basjthe He Wi
Aoz  d=sgrh. AL 93 ResNet [16],
WideResNet  [17], ViT AHESE e, Tiny
ImageNet [18], CIFAR-100 [19] slelelslel A 7 %7 7]

¥

o} o

ol mdle] ojulx BR Aol WAL 9% Asg
o ¢ EhE A G 2
- oluA 5 BAlIA MmA wed 23 719 o



252 o[o|x| 27 d& &4

A 2ok e Fdol YEheA 2

- Cutmix (Mixup)& 72914 Ho F4 A7 8]
2% T4 WS Adsty, va A¥E B V1€ T
ZIHRT 53 A5S ElstA

- dlojelo] TS ¥ u, dHolele} Edlo BHA
7 71 TR R HHgE dags BT

1.1 RandAugment

RandAugmentE 3k ojn|x]o]
& Agere WA 7 oMol 489 —Z—w e
27gstE stolH vl e N7}t 7 w3kl % (Magnitude)
g 2sks steldsetulg Mol £AsH, o5 Holy
of ®do] g3 FHAgEoF gtl.  RandAugment:
AutoAugment} Hl S o HFg B I3 glo] A
T mede Aoz JMn du B ERdA:
RandAugment9} 22 F294 S Hojste S
£ W UEhts ojnlx 25 A
2S¢ RandAugmentoll A AF&-&=

- Identity, AutoContrast, Equalize, Rotate,
Color, Posterize, Contrast, Brightness, Sharpness, Shear-x,

l-

Solarize,
Shear-y, Translate-x, Translate-y

1.2 Mixup, Cutmix
Mixup® A2 The olu]dg HEH o
+ HlolHE AMste T4 ¥z

% FFs HAgFE %

=
o O
&3} 2,

>~

o

T i (1)
Y i

w9z, = AE OE ouAE dulstal, y o} y= 7 o
w) %o )¢5+ one-hot label encoding vectorE ]| gt}

Cutmix® A2 th& oju]#] A Bel dis] A o]nxe] o
4 d9s ZEd F 1 el B oHAE AY Ho] A=
& deolHE AAstE 574 7IWelth o]+ Cutout [201%
tet Aoz Asith A dugEFe ved 2k
7 e oM A& 3”%-43} A Aegiet 2. 3 ojujx] 9] dA
oS g onxZ AT Bounding Box HX& 2%

Bounding Box¥: t}&-¥ 7EL° TS B Tl
1 2.1. Bounding Box %

>

_,Vloﬁ.t_‘

2

olwl, w e H & 27 9E ouX g YHlg =olE 9
"3}, ¢ += Uniform Distributiong €] 7] 3t}

a2 1. 52 719 Alztst (1)
Fig. 1. Visualization of Augmentations (1)
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(a) RandAugment — Mixup (b) RandAugment — Cutmix (c) Cutmix — RandAugment (d) RandOur — Cutmix
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Fig. 2. Visualization of Augmentations (2)
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Table 2. Performance comparison of proposed augmentation
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Accuracy
Model Augmentation
Tiny ImageNet CIFAR-100
Mixup 0.6889 0.8232
Cutmix 0.7057 0.8237
WideResNet-28-10

RandAugment — Mixup 0.7041 0.8325
RandAugment — Cutmix 0.7160 0.8358
Mixup 0.5298 0.6262
Cutmix 0.5768 0.6453

ResNet50
RandAugment — Mixup 0.5871 0.6485
RandAugment — Cutmix 0.6390 0.6803
Mixup 0.5789 0.6190
Cutmix 0.5285 0.6382

ResNet101
RandAugment — Mixup 0.5912 0.6431
RandAugment — Cutmix 0.6362 0.6596
Mixup 0.8960 0.9307
Cutmix 0.8994 0.9338

ViT-B/16
RandAugment — Mixup 0.9018 0.9370
RandAugment — Cutmix 0.9060 0.9366
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- Contrast : Contrast factor from [0.5, 1.5]
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- Hue : Hue factor from [-0.5, 0.5]
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10. Shear_X : -20 to 20

11. Shear Y : -20 to 20
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Table 4. Performance comparison of proposed augmentation in experiments 2.4 and 2.5

Accuracy
Model Augmentation
Tiny ImageNet CIFAR-100
RandAugment — Cutmix 0.7163 0.8358
Cutmix — RandAugment 0.7015 0.8253
WideResNet-28-10
RandOur — Cutmix 0.7201 0.8432
Cutmix — RandOur 0.7173 0.8400
RandAugment — Cutmix 0.6390 0.6850
Cutmix — RandAugment 0.5807 0.6141
ResNet50
RandOur — Cutmix 0.5989 0.6536
Cutmix — RandOur 0.5979 0.6516
RandAugment — Cutmix 0.6362 0.6596
Cutmix — RandAugment 0.5835 0.6117
ResNet101
RandOur — Cutmix 0.600 0.6517
Cutmix — RandOur 0.5967 0.6438
RandAugment — Cutmix 0.9060 0.9366
Cutmix — RandAugment 0.8992 0.9346
ViT-B/16
RandOur — Cutmix 0.89% 0.9358
Cutmix — RandOur 0.8986 0.9348
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