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oA E FE AF TF EokdAE CNN 7z 2d& Fo| ALLE
. CNN 24| wi/fis7t Sadolfridg #2 o, ¥d e AT
HXE dso] £4 &2 F-Fol 2T + Utk o|AFE duts} Yo
dold i, g<d] dHolE & T MAL v & Ex E&HA K
itk At Aee FFAI = WHoE dHolH FAEA Ao St
Holg F4HL 9 dHolHE , A A E(color jitter) 5 <
AYE F3A HolHY ddAdE R HHot. A gF F I
gulElv $3F 5 (feature)S THAIStE W& T34 FAAFEE FASE
Aolth, "oy F7HolAE Fast R-CNN, Style Gan 53 22 A3 4l
BE &8t ol AAR, FUHHQ B FF3 HolH At H|
fo] Etr}. Wt Random Erasing, Cutout, Hide-and-Seek Z2 HH 2 1]

go] A EAW, ouA ] ARE FAYE A$7ld FE 2T,

i
4
»
N
>
I
N

B =L onx EF 2l dig g&¥o)HA E73HQ "oy FH
HE ASstaA st 7€ FAH Fol X $7)(erasing) 7IHELS AA
U omgel AEgle]l dEHor Afrld HAHHT 247 gESH. V&
o gFd EF REY A& FIA Z oA Y CAM(Class Activation

Map)S E3 F713< nd glo] AAe FAHo] 7tsdit). o]F Hgoz
AA e IR HAss, g34A X7 doly FTAHEES Atsuz
t}. Resnet¥} CIFARI0S #2839 CAMES 83 97 7149 AHS5E
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[72 1] HO]E] 27 BB e 6
[28 2] Random Erasing G A] wesreemmimimmsmsisissnmsessesssssonenss )
[TZT 3] CULQUL +rveererrerseesresemseesssamemssessessssssese sttt 9
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olmlx] #AA AEAAY FgHo=2ZE CNN(Convolutional  Neural
Networks)2 ®o] &&3t}. ViT(Vision Transformer)Ve 53 o2 %L

ojmjx] EofdlA FL& A E WAT, &F CNN 7Z< ConvNeXtDo A

# 2 EA2F W (Transformer)d] 71 S A &3t EWR2=Frglo] F2

T ¥ AR CNNE hFg EopllA Hold Hes& Holw F8%

A& st gtk 53], ojujA A4, 4 A4 & Ado] A 22 H

#e FAES dss d 9o CNN9 5382 A3 =42 9 ¢eg

a3y o]y E FHE Esta, CNN2 FA g3 duks EAd I

T Utk FHFLE 2do] FH HolHAW AUAA HAHEo Mz H
el

olEdl W dF Fsol AsHe FAES wIH. 53 ¥
stR ol metulE Y] S5 Be W HRT 5 ot

ol 3 EAE A3yl Y3l "ol 57 H(Data Augmentation)d} A
3}t(Regularization) 71 °] 8% J&& & F Ut vloly SAHL 7|&
T deoldH g MIE ALt dolEHe FH IS AdH R
S7HA71E waolt ol Edo| ¢ g HHH 4FE FsA st
3 58S P U Efo Ak A= 7HER 34 (Weight
Decay)¢} =& o} (Dropout), ®l %] A 7f&F(Batch Normalization) T °] 2

W mde 2gYe Aosm HAFE PAT + A oHF AWEL

114
rE

1) Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner, T.,
Dehghani, M., Minderer, M., Heigold, G., Gelly, S., Uszkoreit, J., & Houlsby, N. (2020).
An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale.
ArXiv, abs/2010.11929.

2) Liu, Z., Mao, H., Wu, C., Feichtenhofer, C., Darrell, T., & Xie, S. (2022). A ConvNet
for the 2020s. 2022 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 11966-11976.



Edo] F¥ dolEd AUAA Eetx] FiF st dukd des F
A7l © 71938,
oy 4% T A $7l(erasing) 712 HoJHY dFE A= AL

2 mde 9w 45¢ o9t Yotk FARS HE dguelA s

= ZAolgd HelH F4HE2 g5 3A F 49 dHely AHE st= 7A
sfoz B $ gtk A7) 7Y Yutd AR T2 9FS 71X
© H A (Occlusion)® #Hol Ut Awrst o] FL CNNEZLL2 7 A 9
dF7E HAe] Holx AAY vdHA FEE FIHA AAES F F dolok
ghoh oo diolH e #HAe did dolg e tkdde] ATdH Avlel 4
Hogdol @ H2E dolEd o g "old F el glth. CNN#
Ze ouA dHolHE dF HANdE HoHE FAT

Erasing°] Al¢td Zolt}. o]dd 97 7HL onxe] drg 539
2 A U4HA FEE BN Blo] 32 F LS 58 5= WY
o] .

124 A7) 71FAAME o)rAE Ag& Ao F29o]7] i A

A HANFA &3 WA 7T A AUt AT F U o)E
CAM(Class Activation Map)& Z83t, oJujx] W AAe AAE F74
stal x| 9-7] 7IHES HAdste W¢E Adstaa o

E =RdAME e e FAHe= A3gdn 2FdAE #E dTEA
TAS A7, deld AW, CAMS A¥E
1 EFH AFAHE vustH, 4Fg s At Wi dig A2

A 2 FF AT FPS Aednh

filo

3) Goodfellow, I, Bengio, Y., &amp: Courville, A. (2016). Deep learning. The MIT Press.
4) Zhong, Z., Zheng, L., Kang, G, Li, S.,, & Yang, Y. (2017). Random Erasing Data
Augmentation. ArXiv, abs/1708.04896.
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1. A3 4+

()]

WA & N

= F o}, DropConectd),

(fr

T8

o
+
Sk

TASE CNN RN £d 34 T A4
74 %oty 7|EY FASe #HAE"

Adaptive dropout®, Stochastic Pooling?, DisturbLabel®, PatchShuffle?
o} Aot Dropout2 A3 AZ%He Z F¥(neuron)d FES #8314,

5
=

e AFA @ e wdRs Gdse] nHE el
a =

_[‘—1-_

r
4
it
e

DropConnecte w3 thAildl €49 7l5A& AHsiod &
AA F =Fotxe dutstE e o]t Adaptive dropoutd E=Fol%
Aol 58 oA AF U EYA(binary belief network)2 FA T ¢
WS A ¢kskth, Stochastic poolinge £ #IA Fo] t3d RILE o] &3}
of gA3E & AEste WHoR uAFEE AFEIA gn gE 74
3t 71€d o] HEE 4 vk Distrub Labele F3H olHH oA
(Iteration)®tt} Fo] dlo|y AE e dFE #HolE& ¢
2 WA &4 AFA =olZ(Noise)E F71g W olth. PatchShuffle
CNN 2de £d A4 5 AY BM5E S7HA717] dstd, 489 A7 A

lo
Lo
)
bt
i,
)
o

5) Wan, L., Zeiler, M.D.,, Zhang, S., LeCun, Y., & Fergus, R. (2013). Regularization of
Neural Networks using DropConnect. International Conference on Machine Learning.

6) Ba, J, & Frey, B.J. (2013). Adaptive dropout for training deep neural networks.
Neural Information Processing Systems.

7) Zeiler, M.D., & Fergus, R. (2013). Stochastic Pooling for Regularization of Deep
Convolutional Neural Networks. CoRR, abs/1301.3557.

8) Xie, L., Wang, J., Wei, Z., Wang, M., & Tian, Q. (2016). DisturbLabel: Regularizing
CNN on the Loss Layer. 2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 4753-4762,

9) Kang, G, Dong, X. Zheng, L., & Yang, Y. (2017). PatchShuffle Regularization.
ArXiv, abs/1707.07103.



o B9 A FE2E AR FAAZ 2 A9 A (patch) He)
A Hed & AFAE Py 2dd FAE Aste Aol okl Hol
ol FAE st ol F2Wel AN E=ostux st

mE

2. d°lg F734Y

dole Z7We 7Ee doHE B8ae] dolge GRS Fnst
ol olnx dold FAWE A /B FaudH 1F YD
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th o olH A A g7l FEHORE o|H|R Y FE A £ Holt. oA
AdHE AN AA I v Ay FES AT 5 A9 A7]d =
Random Erasing!l, Cutout!?, HideAndSeekl® So] Ut} 2 AFE= o]n]
A A7 FAEA A FAE GFEE 2 FAAA AAS AEsA

oulx EHL Az GE ouAE EFF GRF o¥AE BEE A

10) Yang, S., Xiao, W., Zhang, M., Guo, S., Zhao, J., & Shen, F. (2022). Image data
augmentation for deep learning: A survey. arXiv preprint arXiv:2204.08610.

11) Zhong, Z., Zheng, L., Kang, G., Li, S., & Yang, Y. (2020, April). Random erasing
data augmentation. In Proceedings of the AAAI conference on artificial intelligence
(Vol. 34, No. 07, pp. 13001-13008).

12) DeVries, T., & Taylor, G. W. (2017). Improved regularization of convolutional neural
networks with Cutout. arXiv preprint arXiv:1708.04552.

13) Singh, K. K., Yu, H., Sarmasi, A., Pradeep, G., & Lee, Y. J. (2018). Hide-and-seek:
A data augmentation technique for weakly-supervised localization and beyond. arXiv
preprint arXiv:1811.02545.



o Mixupl¥2 M2 & onAE AT H&E 45 Aotk CutMixl®
£ Cutout¥} Mixupg Z2#3 Ao =2 Cutoutd WA FP3td, A9z 2
g2 ouxE A$+E Aotk PuzzleMix®& CutMix’7lF FFH =
CutoutS AH&& A2 JHAe7] fAsiA 2de] 712718 &8 AAY =
Z Y (saliency map)o2 Z} o|w| A9 AA FFE FAFUA EFdte
Holth, g HZHOEE Auto augment, & (feature) =748, A H
2do] ¢lth. Auto augmentlDE F2Z 7B HIZHd #HIeE o8 71
o 2 dAstd, o8 7tx 39 T2 BAES @A A

A% dolEd g FF=e tig BYo=Z RNN JEEHE FFAIE
o)t dHeolHel ge HAY AAE FE 5 AT TFo] & H &
=t 53 SA4EL 48 3 on R "HeolHE WEse i, 4¥
¥ ZH(feature space)lA] WS 3= Aot} FeatMatch!®E tlo] g Al
W gE omAEY EAHNAN FE2d HIEALAS We ZZEEHYS &85t

M

s

ml

omentExchangel9+ 8t5d EH 9

BT, A} e EAN SHL T dolHES FFsE ol

14) Zhang, H., Cisse, M., Dauphin, Y. N., & Lopez-Paz, D. (2017). mixup: Beyond
empirical risk minimization. arXiv preprint arXiv:1710.09412.

15) Yun, S., Han, D, Oh, S. J, Chun, S, Choe, J, & Yoo, Y. (2019). Cutmix:
Regularization strategy to train strong classifiers with localizable features. In
Proceedings of the IEEE/CVF international conference on computer vision (pp.
6023-6032).

16) Kim, J. H., Choo, W., & Song, H. O. (2020, November). Puzzle mix: Exploiting
saliency and local statistics for optimal mixup. In International Conference on Machine
Learning (pp. 5275-5285). PMLR.

17) Cubuk, E. D., Zoph, B. Mane, D. Vasudevan, V., & Le, Q. V. (2018).
Autoaugment: Learning augmentation policies from data. arXiv preprint
arXiv:1805.09501.

18) Kuo, C. W., Ma, C. Y., Huang, J. B, & Kira, Z. (2020). Featmatch: Feature-based
augmentation for semi-supervised learning. In Computer Vision - ECCV 2020: 16th
European Conference, Glasgow, UK, August 23 - 28, 2020, Proceedings, Part XVIII 16
(pp. 479-495). Springer International Publishing.

19) Li, B., Wu, F., Lim, S. N, Belongie, S., & Weinberger, K. Q. (2021). On feature
normalization and data augmentation. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition (pp. 12383-12392).

_5_



An

o it
>
I
X~
[
m

ojn -~
oln ok

(=

I
\ /
Cutout,

RandomeErasing, Hide-

and-Seek 55

" CutMix,
PuzzieMix 55

~
rhx
12]
ry
oE

ojol 597

h 4
A 4

ol &g

ol ol 524 |

R

| AutoAugment,

Auto augment

oln
oln

| Feativiatch, Moment
| Exchange §5

—

N Gan, CyleGan, StarGan
—f wugEs | s

°

—

[}
{8}
123
r
oE

M Feature 37

ol

(29 1] by 398 &7

A Rdg L= HHEe ggFoz  GAN2)(Generative

Adversarial Networks) 22 o] 3t} Cycle GAN2DL %8 o] Fx] &+

A, StarGAN222 shte] Y EYAE F3lAH g =vdS A6l

20) Goodfellow, I, Pouget-Abadie, J., Mirza, M., Xu, B.,, Warde-Farley, D., Ozair, S,
Courville, A., & Bengio, Y. (2020). Generative adversarial networks. Communications
of the ACM, 63(11), 139-144.

21) Zhu, J. Y., Park, T, Isola, P, & Efros, A. A. (2017). Unpaired image-to-image
translation using cycle-consistent adversarial networks. In Proceedings of the IEEE
international conference on computer vision (pp. 2223-2232).

22) Choi, Y., Choi, M., Kim, M., Ha, J. W, Kim, S., & Choo, J. (2018). Stargan: Unified
generative adversarial networks for multi-domain image-to-image translation. In
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1) Random Erasing
Random Erasing 2017d¢] A ¢=HULoH F AR ojuA & A& W
Holth, olm A Holy EFE AAE ¥, 4 FES AT #Hnn
AgA EA AAIG. AALS e 2o FE pEte stolmIddvHE
AFE3t A S AEA EA ARG, FF pd AFsE o7 A= Random
Erasings #-&3l1, U™MA 1-p= A& HolHE FXA ot BT 05
o] ES& AHEStY, Aute] HolHe UdFE AL AHute HolEHE BE
ok A& on A dHolHY HHe FolE wiwEt st olm X A7 s
3t s=wxHolth, &F pol F|BEe olH XA X& AALE FIS&

2 | e ol out

1

e

R' = (‘re’yeﬂ‘re + VI/;:’ye +H;) (1)

o, r, y= DE ollA] HAH A% G4 A9 AF AXol: x, + w5}
prEE AR QRS BhEss ANZ wag 9 2ad we g R Y
Hlsh Folo] gl SFach A 999 27 s= FW g o3 A o

&3 2ol AojHt,
Se
B .

A9 FHAA SE 50 F HIARANEY WA WA FHAAZ 2H
W, nE e T oSoldsteug B9 W2 AT nE o9 959

Proceedings of the IEEE conference on computer vision and pattern recognition (pp.
8789-8797).



S &3 omA ERE ot AT ®u 4¥E IPFH. Random

l-u {

Erasing®] 3to]® e}l s.5,nE 242 002, 04, 0322 HA @}

1 9H[2]= Random Erasingel] w3k dAojy A= PG99 e AA
tolele] FEgt, AAH, 0 F stz AYAH 2 =FdAs A= %
B9 #E 022 AAA AP

[2% 2] Random Erasing <Al

2) Cutout

Cutout2 Random Erasing® B|$3 A]7]o] ugon =2 T3t wol
23 th. Random Erasing¥ w37Ix2 F 29 498 A&

oletd BT ol A$E dde AR AAAY Fdolth =, A}

n
kY
rEl
2
L
)



ojltt. trt FF oM AdEst= A= AAAF S THoH. ojuAE H
ojuA ZAE F A7l FF AT WY A=A Ee=v. Cutoutd] 4

dZ23 CIFARIO "HolE Aol daiXE 16x16 2717 A& =7 U

3) Hide-and-Seek

Hide-and-Seek2 I3 [4]9} Zo] o|n|x& A A =9 2

ol A& yUF Zt AAE FE g3 AL A¢E AFL 2H[5]9
AL mret 2 AR AP, stolHetn e A A7) (patch-size)

st =2 FE(hide-prob)= AHZ AA 27| HX7F A P2 FES UE
Atk olux] Yu| 9} Eol7l WHet s, Wek Hell disiA #ix] =7 %
T EAS S on A Azt sl Wi w2 FE A Z2A-4E

d



t. CIFARIO dlolg 4ol dalxe < 279 2 $8L 242 8% 05
o},

Algorithm 1 Hide-and-Seek Augmentation
1: procedure HIDEANDSEEK AUGMENTATION (image, patch_size, hide_prob)
2 H, W + GeETHEIGHT (image), GETWIDTH(image)
3 for i «+ 0, H, patch_size do
4 for j + 0, W, patch_size do
5 patch < Cror(image, i, j, patch_size)
6
T
8
9

random_num < RANDOM
if random_num < hide_prob then

HinePATCH(patch) > Hide the patch
: end if
10 end for
11: end for
12: return image

13: end procedure

[2¥ 4 ] Hide-and-Seek 94} ==

[23 5] Hide-and-Seek ¢jA]



1. A$71 53

%
M
2
i)

NEe 97 FAEE ASE AL BBAo dvld A BAE
598 ASAY Ao ) e AA hREol Aol K A
7k 29 (6l A& A%y AW F A9 Add g dA ol

m{m

[e)
5

Random Erasing® Cutout< W] $3HA X 3 /S ALESA A 2= A
At dageE WA AL 7hsAdol Uk HAX9 AFE 58 AFE I

g8 =9 A, AA giEEo] JA"E 3Fo] FolAY Hide-and-Seek
o] AS EEA omA9 Awrs H X7t REXA g, AA} wjAH e

AT,

FEu Ae W= 3, o AA JAAE ANT 5

l-ﬂ

Hide-and-

CutOut Seek

[23 6] 71€ A%7] T4

olg AR AMA AA VA Hde BEHE PEBDE YA o=

714 st H]go] Badtth. CAM(Class Activation Mapping)S & &

23) Wang, X., Shrivastava, A., & Gupta, A. (2017). A-fast-rcnn: Hard positive
generation via adversary for object detection. In Proceedings of the IEEE conference
on computer vision and pattern recognition (pp. 2606-2615).



P F7EAQ AA g2 2d glo] g UEHIAA g A
(Weakly supervised object detection)”’} 7F&3ltt. CAMS &7/ Zdwo =z
= J™E[7IF 2ol dHHYd AA gA7F hsstd. A AA B ojwA =
dE ol Alola, F WA P9 oju| A= A& o|n A& CAM 3] EH(Heat
map)s A ol Aolth. Al WA FL CAM S EH A} 04DH=E 27

#1 &9 (thresholding) 3t 24 A| ¢ w22 T8 Aot}

Hl
i
Y
ol
N

of

o] Fdo] dasdlt 44 ¥d(warm up) THE 3F F AAF 47
WS AFL3t}  Resnet20 7|&oz FdE AHITI Hul o ¥xr3a o
90% ol o]l Hrz 99L A FH o EA(epoch)e Hut FEZ AT}
A9 o]F F4E dolee 4 dole e A TFS IEF AT



Atet A9l WY 2O 2o WA ojm A A Grad-CAM
(Gradient-weighted Class Activation Mapping)S 3] Z A g YX
ARE deth. 2 F HAAF A p, & AAY SHSE AA X7 E Y
3}, X9+ WAL Random Erasing WAL watsle], AAeo) g ook
o A FEF S A p2 A$E AR BAA F stvelth Hp, F
p,9 A v FHB)eE ZAHH, b, dtol¥ IAZuHE AA =5 E
Aol 2ojd = Y= Froloh

d, = (mnd(O,bh), mnd(O,bh)) (3)

#[1]2 Renet20 ¥ CIFAR10°] g 2 $-7] 7I1HE s A5 e
Aoty A5 error rate® Ed FHE 5 A3 Zo oQGdEd U

H#E Uebd Aotk Cutoutd Aol 7} £%2y Random Erasing¥



5ol Bl=3 3L, Hide-and-Seek®] Aol 7H¢ FA &gtk Z=H[10]"2
H12]= 2,500,000 3o g A= HE&EE THZE JUEA Aot
Random Erasing W2A& 7/|Add olf+ Cutout®d vwI7FAZ AdFo] £
8l & 4 d%°] Random Erasingo] Jdl& o=z A ¢+=

& 2T FEFH AAY I AN £FS BHE F AdE B

o
=
4
i)
S
o
of

Filie & [ | [ = |
=i —— e Miay Boint of | Er=——
S W Grad-caM  ——>EEE AR, |  Max oI of Iomme - Bg |
[ | ] N Grad-CAM B e
=——1 i - a——— 1
o
o
/
/
Set Erasing Area Size = Set Position of Erasing
and Ratio by Random % [E —» i
Erasing
[ 9] A% = ¢-7] W
Random
A5-71 719 Cutout Hide-and-Seek
Erasing
error rate 6.75 6.68 6.95

[3 1] Resnet20 ¥ cifarl0°] W3+ A% ¥]x, error rate(5¥H F )
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3. Class Activation Mapping (CAM)

1) CAM

CAM(Class Activation Mapping)242 | 24 2d E3 #AEFAH 274
H(CNN)9 3 % 9 (Feature Map)e] GAP(Global Average Pooling)g % &
st 53 ZH 2 ol X9 I EY(Heat Map)e At I @] GAP
2 FAA 7 Ado] st wiEHoE AMHI, BEgke]l FCL(Fully

Connected Layer)E E3A EA Fd2d i3t 715X E F39 &S
stA "ok olgA gE"E 5F FHzo did stFAE 74 AP AL
Fatn Ads Fastd, B4 FEdzd U F2zE YellE EY]
"t

CAM= 5384 CNNEdo] Z} ZFg 2o thajA oju]x e o] RES F
HAHoz2 AHREA & & du. AT CAMS Fx2¥o =z FA7F o
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ABSTRACT

Image processing based data augmentation for deep

learning

Juhyeon Oh

Department of Future Convergence Technology
Engineering

Graduate School of

Sungshin University

This paper presents a novel approach within the domain of basic data
augmentation techniques, specifically focusing on erasing methods.
Traditional erasing methods suffer from a drawback of randomly erasing
areas, failing to provide various levels of occlusion for objects.
Techniques like Random Erasing and Cutout sometimes erase irrelevant
background instead of the object, and Hide-And-Seek may also only
erase the background, excluding the object. Utilizing Grad-CAM enables
the effective erasure of objects of interest within images without
requiring additional models. By applying this to Random Erasing, we
achieved a more uniform level of various occlusions, thereby enhancing
the model’'s generalization performance. The point of applying the erasing

augmentation method was set during the middle epochs of training,



allowing the model to sufficiently learn the features of the data.
Subsequently, training with augmented data surpassed the performance

of the traditional erasing methods.
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