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Image Data Augmentation for Deep Learning: A Survey
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Abstract: Deep learning has achieved significant success in many computer vision tasks. Due to the fact that deep neural networks typically
require a large amount of training data to avoid overfitting, but annotated data may be limited in practical applications, data augmentation
has become an effective way to improve the adequacy and diversity of training data, and is also a necessary step for the successful application
of deep learning models to image data. This paper systematically reviews different methods of image data augmentation, and proposes a new
classification method to provide a fresh perspective for studying image data augmentation. We introduce the advantages and limitations of
various data augmentation methods from different categories, and elaborate on the solution strategies and application values of various
methods. We also introduce commonly used public datasets and performance evaluation metrics in three typical computer vision tasks,
semantic segmentation, image classification, and object detection, and conduct experimental comparative analysis of data augmentation

methods on these three tasks. Finally, we discuss the challenges and future development trends faced by data augmentation.
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EREN I IRAE 4R LA 2 B R R PEMK 3.1 % ~ 28.8 %.

label A label A
image A basic data patch A > training
(256 x 256) augmentation (224 x 224) bt network

[ _unused _§ e

label B label B

- averaging intensity of
image B basic data patch B two patches for each
(256 x 256) augmentation [ (224 x 224) pixel (RGB channels)
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R Ty A IR I T R R — PR G 0 R 22 SR B0 45 R AR W] Miixup (45 PR HEIL FE R 513
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CutMix TR 1 X35 dropout FJEW) A AE 51 48 73 1RO IE 3 70 £ Pl 4% B 3o SR 2 A Jy 3 MR 1T w05 H Ak
B P 58 E AL RE 7.CutMix 5 Mixup 0L I8 1 0F B 5ORIBR S HEAT 17 (LR VE 5 9 MR A LR Mixup 27 1
Iy RAERE N, 1E Mixup FEAFEAE R AR B AR 0. CutMix 38 1R B 5 DB 0 55— i I 25 P A 1R Rk g Al i ) AL
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Ja F A — Bk Rk O
y—=F(x) >G(F(y)) =y
CycleGAN FI Pix2Pix (1% bt S50 2% B, B8 15 A Bext iU 2530805, CycleGAN 5845 3114 N = 1 45 51
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13 Cycle GAN 1= HlI56]

CycleGAN SR AT UL T XRGERS « WA . IR IR B 9 S84 55 (H AR AR AE — 5 1R PR A 51l 2,
U0 AT 55 A2 1 S 2 1] R 480, 0 7 BRI ZR 380 X B Y MY B X P GAN B W SRAE 552 n M0 TR (1 42
e, N 75 BEAERE PN (B ZR n o * ((n-1)1> GAN BEAY 50 2 8, 3 i X e I — A U 58 B o — A4tk oy 1
fift Pk CycleGAN ][], Choi 48 A3t T StarGANPTRGE g AL BE PSSk ] 7 fre PR AN 5 M k. StarGAN i
W EE ST > GAN B, BV AT AT 2 Ak 2 18] A P 5 28 P45 (0 e e A A i B, R 7 i A s S R 1
BT H AR R PERR . A5 5% 10 5 7 Rl 8 IR PR 45 b A il — S Bk IX 20 (R PR 2 B 46 R AT LAAE H
AT 70 2K ARG StarGAN K 3gibR 81 9 — MRS, I R85 51— A P A 1T e 3 3504 5 il
NGB it AR TR T i 4k StarGAN 1] #,Choi 48 A3t T Star GAN v2U81, & — Ml i e i) 7 i,
AT DS 22 AN B AN (7] (1 PR AR SR ST AR AR BIE TN B20CRE P A PR SR XU 7 ) 5 SO 5z _E AN T ) S 5 2L A
BEA BRI AR SR G A mT LA DA 3o 0 P AU PR RN AR 22 B A 2. 2 R e A RS DR I R PR R
AT AR BB KRR XA StarGAN v2 ] LICKE— Mg R S 46 0y H AR sk i AN ] R HL SR 2 48 ad i
XA TT 3 StarGAN v2 GIN T PSS H AL vy 0 7 e A DA XU G L 4 TR S 1) 28 R0 DA TS 4 b 2 BB DXL 4 B
(K19 B & R 2B AR 1 22 IR _E 5 1 2 REAL TG ) 0 45 22 A B X0 SRR

UG T AR R TR B A B R A T AN B (B SR ST I T SR AR D A A D i 189 56 7 v TR R A Y
IRz . —J5 T, 1 3RS R RE AN G (R B A R Y, 7 BEAE 9 K B SR b AT I 2. 5% — Tl iR P A i 7 |
BF () 25 75 225 1IN 2R 800, T K50 9 56 07 i R4 AR B 0 T Rt I R B AN AL R RS T
FI2 T -2 1 100 I R i 5 i A P 8030 G 5 77 92k (LR TR R A A R A By R KR Rl A4 RE I B AR 5 1)
P B K Al A5 P2 A A FRE AR A IS P 1 SEEB AT 55 o AL RS A D9 AR B 1) — SRR 26 Rt 72 07 [0, AT R R A 21 T
HAp R LR T B L B AR,

5 iFfhEtR

FEAT R FRA TR 45 15 JFL AT 55 RO B 18 93 1A VPl 48 n HEAT VRN 18 22 1 JAT T 00 Bt 1 5 40 2R 05 7, 3K
AT Bl 38 580 50 ARAE 2 A THELALSE IR A 55 B HEAT T V0%, A 35 38 300 J1, B 00 2R H bRas 25 =442
JUAE S5 il 0 FIAE ST BONCONY L H b 2 R b 8 B ) 5 P ) 4 A5 3R DR IR 100, e P DR ) sl T [X 4
F MG R G A I X A FEE A H b, B 5 73 OOy .0 H AR 2 R B R 10 Py 2o B R R AT 732K,
H B3AS I USSR A% o H A 2 R0 7 G b 1) S B H A, I AR SEAT 20 28, T R Bt A 5 22 [l 2 “ LAk A
BEA T I 190 2L A 368 3o 06T T A 55 A VAl SR e 7 Biodie 1 s BRI RUR.
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ATERIHE LR T O 5.1 B 5.3 A B S AT RN AR 5, AT Je 0 R A BRI A
AP A 20 TN 255 A58 0 SR DP-fi 500 398 98 D7 2% ) 80 SR T A FEAN [ 28 ) £ S 3 5 7 1 R R R A TR) 8 A1 ) B 1
ST VELE SR B VR R 7 TH 00 ROPE. [RBTG5 A A P M BRATTIR T B B 9 T VR IR 2 Ak g L B
PRI W E R R — B — P L AR 5.4 W BRATRAR B RO LB R G 5 AR b AT R s 2 Rl AL
AR A R Tk {5 FH ) 500 304 55 7 92 T R 1) B A ) SR SR T, DT T DA {8 S 3 o A [ O v I M R EAT B AL

5.1 EXE

B S ER—1W B A EHLA S SR A5 N T8 B8 25 22 AN 50 ATk 1K 7 1m0 7E RE LR 2 Tl E shk
H3IE 4, ¥R T AN F G & T2 R, B B 0 A0 0000 S H bR o B g — A
BEE— AT E U IR HE SRR AR PASCAL VOC  BE 08248 S EI4F 5% i F 1 $die
$E 2 — IR IR BN Y BR AE S S B SR S AR RS B (0 s FRATTHE 1ZAT 45 o IR LA IR i 25 S 4
A E#EAT T 9230 U0, 55 DeepLabV3+2!, PSPNetl®), GCNet!’?), I ISANet"1% A 15%H T Intersection over
Union(ToU)!"23X — $i8 A R A7 2 45 700 (1032 A0 38 Ik LU e 78 78 T 298 8 50 4% 1 R 3B AT I R i B 2R 3R B, B0 R 3
s 14 SR A A

BT RN ER W ESH TP IR 1 @807 ERL 1R o EUE S R B s
AR PPAL H A R X LR TR B R 2 T AR B BR A (Y | B, FREAE) . BURERRKE &
CanBENLERR . Cutout. GridMask %), LUK EGELE 7% (U0 Mixup CutMix 25) . H 33 58 7% B T K it
TARAGAT B R AR 23 R 240, B D73l o A BUR 7 R UE SR R EdkAT T S 30, R I AE S S 7 %1
FE55 N> RATHAE 5.2 F1 5.4 FT (1 SR 56 o R R 1X 86 7 VETE IRIMR 43 S8 AF 25 h (1 22 .

4 IR T EAE FHALAS A B0 B SRR I, JUANE X B RS (15735 ToU, H v i 43 46 SR ok B 731 S AR
B SR E - A AH [R], B0 38 5 AR ik e AR SR 1 IR 2 I 1 Re R T A9 N ,GCNet BIPERESE T T 1.15%, 1Ml ISANet
PIPERESR TR B il 2.71% 4B 153 E B 102 X Lo P Re B JL-T-3% 6 3G 0 9 28 )1 S i vF S5 6, B0 E A (9] 1) 199 4%
SRR AN ZR A T, LA T8 5] B N 2R AR T2 B 1 B8 vy ) PR B DStk FRATTIIE B T 304 1 5 R e 8 AR A
BIYIZR RO S R Rz L e

4 BIRIERAEE N S EES LR ERREF

5 w/o aug (%)  w/ aug (%) o3t (%)
DeepLabV3+ 75.32 75.81 0.49
PSPNet 73.38 74.42 1.04
GCNet 71.86 73.01 1.15
ISANet 71.65 74.36 2.71

5.2 Efga%

BUZ 5 AT 5 SR TR 4h 8 — i i N UG 3 gk 0 o 43 288 B0 32 00 ) W7 12 B T g 2809 A S o LA 9 A3
BT TRIBE L5 72—, B 5 43 282 SEBU AR N 4030075 A G AR S 761077 2 i D8I £ 22 7 ) R 8
SRR, PR e A AR v I AR AL 0T 2 R RE P A R 0L AE AR S 50 e FRATT R T 4 LI UG o SR B I 4 A Y
S0 K 0 S v A £ PR AT S8 T 4 ) A A 2 40,3 WideResNet-28-10[8%, DenseNet-1218UF0 Shake ResNet(821 %4
N4 CIFAR-10/100 #5440 SVHNUAIESSI AN I SLIeiR 25 7 S A BHR Ab3E 7. BHG R 7 BIRIR
B 05 DA R B TR P 2 ST 1 B 3 R ik

F 5 RGP BUHE IG5 AT S 1) BR o A R s 50 45 R I 4 45 R ok B UL a] DA R # % T
CIFAR-10/100. SVHN %44, it 5 DenseNet. Wide-ResNet. Shake-ResNet (145 7 4844 41 & S 48 75 24
BERRTE T o B R S AR T S 45 AR B R 5 v v A 5 (K, B Y T 1 2k R R A A =
MR AR L, CIFAR-100 1)V REHE T 508 B3, H U2 CIFAR-10,SVHN K& F /)N,
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%= 5 HIBILIEXT CIFAR-10. CIFAR-100 1 SVHN El& 5 $45 B g H

it iR w/o aug (%) w/ aug (%) AAL (%)
DenseNet 94.15 96.32 2.17
CIFAR-10 Wide-ResNet 93.34 96.98 3.64
Shake-ResNet 93.70 96.86 3.16
DenseNet 74.98 79.62 4.64
CIFAR-100 Wide-ResNet 74.46 81.91 7.45
Shake-ResNet 73.96 80.37 6.41
DenseNet 97.91 97.98 0.07
SVHN Wide-ResNet 98.23 98.31 0.80
Shake-ResNet 98.37 98.40 0.30

5.3 BArta

H Antar il 2 v EAL G o AR B — DE 5%, B A B 7 G P B B — e ) CED B AR sl
FEbRE th H AL B A ). B AR AT 5538 % 7 AR ASTAE S B AR B 45 2 AL, B st I B b 2 6 e B4
WO SAELE B AR LA EATRZE A, T B 45 8 A2 R B B bR AL E I 1 FORE HEAT FRVE X R TS5 1R VR 2 A A
B ERA AR IR S A B BARIBEEES, MIAIAIE. BB, BREKE. VB ASH. B
EUZ 2 #H155E.COCO FHR4E LR B N2 S H bkl R HERR 4 — Ha s 20 7I7kE AT 80 N H xRk
S, ELRRAN N HR A R B B SRR D T SR O 3 SR R AE B AR AT S5 B BCR FRAVE R AN 1 B AR
R MR AR FasterRCNNETRD CenterNet!S1 N 7 2 Rl da 8 5 77 75, IR S 5 v g 7 AR B G EeER. B
G RRRITR A 5.

SEEREE R LR 6, H i 45 SRR IR T U3 G SR b T AR B, Hiods 38 5B AR ) Ak Wl S B P A R Ay
KT REFERA JHZS Faster R-CNN 8 | mAP #2755 1 2.40%,AP50 “FH3em T 0.8%,AP75 P
T 0.5%. 25k, 7E CenterNet BB b HHl 158 7 ik W RIFE AT R T PERERIFE T

< 6 FIRIER S EE BRANES LR NEERA

bz Faster R-CNN CenterNet

w/0 aug 36.40 41.42

mAP (%) w/ aug 36.91 41.50
API +2.51 +0.08

w/0 aug 57.20 58.29

AP50 (%) w/ aug 57.97 58.37
API +0.77 +0.08

w/0 aug 39.50 45.53

AP75 (%) w/ aug 40.03 45.49
API +0.53 -0.04

5.4 BUEIESE 7 AMRELE

AN R BATIAE 22 A BB G SR K 4R N2 FH AS () P9 008 18 9 73, DT % T 48 A Biodie 48 568 05 ¥ 5T %
AT PERE AR AR SR THRCR, BRATRA T LRI W BIR L 2 ST AR N AT SEHERE Y A0 3% ResNet. Wide-
ResNet Ll Shake-ResNet, X ££45 R B AT AN [F) () B2 2 A A 2 B8, R 3IATT AT DA S 4 v DA U0 18 o U7 ik
(KIRCR . foe 2 AT 2V PFI 8 A 9 B B b (0 50 SR =6

W 7 PR, BATEE T A i FACTR AN 32 A (1 B 1 56 05 i S 6 45 SRR WY, AN ) £ 030 1 i
T3EAE AR B SR MV b7 A 7 AN TR B 28R A AT 35, 28 IR R 27 ST 1 E s 5 2R 07 R T RS B
If B PR RE R B (H 2 T3 2875 326 5 2018 e o) ot S R SR BCHE 18 i 15 1 A0 2 Heas 18], i DA LR AL T PRI (R 4
BREAN IR A 2R 5, S Pz st T KIS AR AR R 5 AR BB R B 2R A R IR A 2Rt T L AR 25k 50
FORLATEL “BIAHEI AT PR 2 R AR R 0 2 ) LT A T PR i SRR A5 Rt RT U X ST
IR TFIREAT R T 535 IR AR T JCH A X T BN fRf 5 AR A L 4 ResNet- 18,3 P ST 7 R I PE RESR THA1 B 3
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WIRBITIEEIEA K.
7 HBIER S EAERG S X ES ERBRITEL
VGRS ik ResNet-18 Wld;-glfle(s)Net- Shake-ResNet
Mixup??! 96.55 96.89 96.50
CutMixB% 96.58 96.87 96.45
Cutout!!”] 96.01 96.92 96.96
GridMask?4 96.38 97.23 96.91
AdvMaskP7! 96.32 96.93 96.90
RandomErasing!*3 95.69 96.92 96.46
CIFAR-10

AutoAugment?] 96.07 97.01 97.21
Fast-AAP! 95.89 96.77 96.42
RandAugment*4 96.37 96.88 97.01
Trivial Augment(*’] 96.20 97.11 97.27
KeepAugment!*3] 96.10 97.30 97.35
SelectAugment(*3] 96.18 97.33 97.38
Mixup??! 79.33 82.28 79.20
CutMixB% 79.53 82.60 79.32
Cutout!!”] 78.04 81.56 79.47
GridMask?4 75.15 80.32 79.14
AdvMaskP7! 78.38 80.56 79.88
CIFAR-100 RandomErasing!*3 75.95 80.50 78.89
AutoAugment?’! 79.56 82.89 82.27
Fast-AAP! 79.10 82.69 81.33
RandAugment*4 78.33 82.90 80.02
Trivial Augment!*] 78.70 82.70 82.10
KeepAugment!*8] 80.26 82.01 82.49
SelectAugment(*3] 81.89 83.37 85.17

6 HEIGIEmEImHIBREFIR R 73 )

S AE BB 3 S T U T LA T ORI 55 TR B IR R S SRR Ak B (BT — ST TR 1]
7L R 56 A R e

BRI SR AW ST, OC T B 1Y 5 (0 BV W FUAR R AN 2 L R, B R e ok I M RE AR T A R T
e o 0 I R K0 R 1) 2 A, R R e 5 T A 2 ST B 5 2 9 A 1R OR I RE A9 AR T, 6 T K 1 AT R IR
T RIRAN R S I 75 AR B R ANAR 2 75 CHaE A B E A SCE 3. 7. 9 Fos, iR s i EE& e
SRR T IRAT B AR 2 AR RN R TR SRR AR SR THZ AL RE T3 0 75 3k — DB TT. AN, 50 T I R4 1A 1 o
W P2 R i L FRE )30 58 0t 2 PR S A G AL 2 3% £ 8 9 8 P52 B SR T DA A A 1 22 R A B[R] It T
1N W 7 VST tof T Kb 484 95 1) T AURE AR AT TR A B T R o B e 1) B, O Kl 4 5 U7 5 R BETE 5 N R it B
WHR T B2 K E.

MU A R B G5 B AT — AN TR0 Tl RO i o B, TN BOE I BLR LA 7 SOR VR 15 e icdis 1 53
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B S, A R T IR AT DA XA VAR AR ) HL A 5. T 52 Amazon Mechanical
Turk (AMT)SR VA i 10 55, 608 1 ZOR 2 5 385 06 AN 5] 75 32 45 70 25 R PR BEAT 35052 R VP A A il BT R
(9 S M B S B, — BB RIT TR VP A 5 LA S5 45 5, BIVAR 05 K0 18 o 7 3 A 080 1 5l R I Ho s 1 AT
5 L D 5 0 R PP A R 389 9 7 3, U0 B 20 SR LR 0 AR S ML B G HERY TOU s S50 1 AR T, H AT IF e
BEXT A R A B PR HR BR . — SBOR UL, TC IR AR 55 R AT 4 PR 48 B A1 A2 3 TS A S50 80 1) 20 A ek R RS A 8l 2
AT (14— B et 51 0 W R AT Bl v SR AR 4R B,

HyE I R IT IR B R BRI B SR BOR AT USE T E ARAG IS, 5 5L 7y B COTRT B (R 7y SRV X R it
SNV BEAT: 55 (B K08 1 95 7 V5 R ST A 55 (0, B3R AR A R I A P Kt b 28 B HEAT 100, T AN [ RO 55 T AR 2%
SR FEANIF B, L H ARSI AT 55 ) K a4 5 7 VA A BE ELRE B T8 U B 55 X S 2 T R il 1 s Ty
ERIBCRAR S AT i etk %2

RATPHE. Bl AT 7 s A Bl 2 S B8O 20 A 7™ 2 AH b 2035 ol 5 150 5 2B D D IR T 2 ST R AR
A2 i 170 T 2 B o), AT i LA Rt 36f 20 SRR 1 B AT S A 15 il 2D B S SRR (SMOTE) P4 52 3 o
XD BSRHEAT I SRR G A b I R AR T, 3oL RE SR AT R 2 T A /D MR, S B0 0L R, AT 0T B8 A e 1) B ol
FE 08 75 DR 5 22 A 1 (0[] I 00 S 5 D 0 800 R DA 2 A, DA SRE S iod P2 015 1 I R e 2%, 7 R A1 B o ™= 128 A ¢
N R BB R S B0 1 9 7 3K A AU, AT B S b Ak P S AN~ 4 A0 20 B 2K ] R

A AR BB B B DR ) — AN R AR AE T ISR B B N 5 R RE R B T I A T A E BE 2k B
— B AR B I, AR S ik I A 2 R R B R T I AT RE S IR Dy, R Bt R AR R I, (B B 2 R O
VAT B H A, A B I R 0 R R /NI R AR S N R 56 RO B S 2 R BT (0. e A, 24 iR 6 Bl B AR
BN AT BEAFAENF VR FRATHRE T W ] 6 B8 D P Bt S it 2 pl 5 il O Pkt DRk, N AR R 2 /0 Bt
ST e v A SR AR A P e, DL VI B (1 e 2 A7 A — A BRI it PR R

KRR GRS HE . b T & P01 5 T DL & 75—k A BORT ) R B, 8] b 50 4hs 189 e B R 1 i 45
ANLH A 28 00 BB BB AR 0l S 56 3R W] Pawara 558 N HOZH & 75 ¥ B 45 AT AL AL T 50— J7 iR 100, [ bt 6 3047 5090 6 0
IS, U A 38 AN 2L B T i A — A OB o AR, R ATT (K VAt SR R 3 T AN ) i B AT 55 K 5 3 9 F AN A )L IR
b 38 5 5 VR A 2B R AN AR 55 B SR AT RO Bt SEBLAINA

7 R4

W TR 52 2 o 1R T Xt I i 5 £ B SIRBROR k™ . DR ke, BIAT TN g i 8 2 i R AT BR i P B K
AR IAT RT3 AR SO S R FEHLALSEAE 55 o (K G Bt 38 55 05 AT T 2RIR RS 1 — N Rk A T
BN BA R ITE R R RATER G B AR BRI K E =S T UL AT 55 oxt
REETTIREAT 1 SR LR R T A 3 56 5 9 1A R AR R RAE S5 BB XL T AN R B
58075 1 IR R d Jm  BRATTIHE T 4w B BRI AR TR R I R R T
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