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Abstract: Deep learning has yielded remarkable achievements in many computer vision tasks. However, deep neural networks typically
require a large amount of training data to prevent overfitting. In practical applications, labeled data may be extremely limited. Thus, data
augmentation has become an effective way to enhance the adequacy and diversity of training data and is also a necessary link for the
successful application of deep learning models to image data. This study systematically reviews different image data augmentation methods
and proposes a new classification method to provide a fresh perspective for studying image data augmentation. The advantages and
limitations of various data augmentation methods are introduced from different categories, and the solution ideas and application values of
these methods are elaborated. In addition, commonly used public datasets and performance evaluation indicators in three typical computer

vision tasks of semantic segmentation, image classification, and object detection are presented. Experimental comparative analysis of data
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augmentation methods is conducted on these three tasks. Finally, the challenges and future development trends currently faced by data
augmentation are discussed.

Key words: deep learning; image data augmentation; image recognition; generalization performance; computer vision
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BT RT3 38, XA OGRS A P AIZ AV B, AEA3 AR AT AAE B FR BB 4 B F - R 3 5UR,
P8R AT LAHEAT IE A 702K,

3 IR T LRt S TR ) PR R Bk SR B 18 B ik R OR,, IR ST R R A O i T BE AL (ELER 0 MR SR A
P B — 7 DX 3. XA T R A s A T, A B e — 0 AR R AL, AR AT DL 2 B R XK P B SGBEE
REAE PR BE 70, TRTIRE AT LASE eSS 70 o 0 #4347 S5 ) 5 PR . (ER VB AE RS,y T AL 2 PO 48 o 935 5 8 R IX 3R/
RIBEHLYE, A ] BE -5 BRI b O ER bR 3 58 BEHRRR 1, DR L o AR A0 00 4R O Ry mORBE T B I 2 S L
UEREOLH A A MRS 3 At a] A Y, AR BT S5 R A B U5 % GridMask A1 AdvMask, At 75 92 5875 5 3 i 4 P
/N E R,
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AR\ e IR ) 0 B R AR iR 4Rk 1397

RandomErasing GridMask AdvMask
EEEN

=N | EEEN

413 KBRS

AR, PG VR A B 48 5 52 B ok b 22 () Sy X 2 3 B8 K A e k22 e PR SR B R 1 X SR &
R—IERTE K. Wi RA 2 A K, SR E 2 UG RS >GE B AR 2 — ik G, v DU ELSE thm] RE H L)
% H bRz st, AT AT LA SRS X — 3 B iz ALk e

Tnoue 25 N\ IFREH 1 —FhHicdia 18 i 7 v, FRON R REAR, S A Y11 54 v I WLk 3% £ A s P e — Tl PR
BoRY KRR, R AR A BEALE B P IR AL, T A N A YIZRREAR H AR il N2 AN SRR, BTSSR A
I M ZRER BT B PR R, 7T DL N AN UITZRAE A AR Jl N2 ASETRE AR, FE REAR ) AR AR 18] 4 B
AR FHE 00 T 1 K PR BMR AR BME R B R AT 1380, B DAC W A9 AR 5 v 1 — AN PR a2 A s 1 B
BAEM D PR RS B — AR R R X P s R JUE T o0 2T 45, BRI 00 A TR A R 1 HE I el
A, TR A RS EAG H TA R 5 1 IR B, BRI AR —FPbr 2 R R 71 o T e EUR AR & B 1
BRI, BRAERE A TR B R M RIARES, 7500 4228 T0vE MR & UG P I T3 26 — e R 25 (B 4
HHFRZE A). B, VIZRES R R Rem T ORI AR I 0. 7€ CIFAR-10 55 BSR4 B seie R i, %056
FIRUEEE b 7 AR R PR 3.1%-28.8%.

Zhang 25 A\ P8 T — i B FH 1R 57 925 Miixup. Mixup AS 22 i 9 08 B 4% 1 5 15 306 AT 7 1, T R xR A
FERIEATRIARZE AT . IRIUE, Mixup 7650 G50 A1 B 5 2 IR E S T — Rk Mk R, JF HLEEWS IEMI L&
IR 265, A3 HLAE Y SR A 2 0] BAT (87 3 0 2R AT . IR LR MEAT ks> T IE ISR AR 2 A EEAT T B (AN R 918 9 &=
FAN, WELR IR T A B R, R — FR I AR M R 22, S B &5 SRR W Mixup 1 75 g 5610 N E B 28 v
T, SRAE TSP AR E A, PRI Mixup Y12 R ZRY R AR TS SO AN I SR A 2 TA] R FE Y 0T TV EE
FUE.

S T <
- - -

B3 BRIERR TN L
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1398 WA IR 2025 5 36 £ 5 3

Label A Label A

Image A Basic data patch A I\:alzf Training
256x256 i 224224
(256%256) augmentation (224x224) (224x224) network

Label B Label B
- Averaging intensity of

Image B Basic ilatt'a Patch B |/ two patches for each
(256%256) augmentation 1 554x224) pixel (RGB channels)

Randomly picked 1) Extracting a 224x224 patch from a random
from training set position, 2) horizontal flipping randomly

B4 FexbpeAd LiEme

5t #E AR Mixup #1181, Yun S NPHR T CutMix. 5 Mixup #H Et, CutMix F 75 — i@ B5 1 B el
FEBRIN DX 42k, T A A2 1] B 3 A I GRE h B2 B AR 3 BUTR & BB, CutMix W] BLAE jBE B AR I R BRI SR 2
AR 20 & B R AR R R & . CutMix B YIZRd R s ANEAE TG BAR R IRHE, (A3 I 2R m 2L, AR
CutMix R T XI5 dropout JyEA A AR 35 73 f 55 A0 i PG S i 2 SRS 7 =) 3 R Pl e i i) H ket
— IR E AL BE ). CutMix 5 Mixup 84, B} R AIFR S HEAT 1 (BRI & P MFE AR, BUR Mixup #2117 28
PEREIN, 2 Mixup FEAMAL R AE BRI, CutMix 1 i K G IX 3 2 462 0 o) — 8 I 2 BRI Hok v IR 1% ) L. 18] 5
R T CutMix JHERIFEA RG], 281 CutMix 28 BRI 7T CAE AN R B8 24, BRIt T A AN )
1) B bR A 3 XL 5 IEAN R 2, Cutout 77 kTR BIX — s, KA B iy — N X 4 58 A4 ).

CAM for °F " CAM for
“St. Bernard” J “Poodle”

K5 CutMix 755 &% CAM A ¥4k 45 557

N T RSB IEICAZ, RN LRRE (75 300 B B8 2346, Harris 25 A PO7E CutMix (R _E I AR AR 16
i3, \Ti$H T FMix (feature mixup). ‘B A& Mixup B —F4 &, Mixup A& —FhEEIGEE A, B AR R
FEAIRAE— L, CLBIEE— AN H I UIERFE AR, FMix 18I B & RFAE T A R AR AR SeBliX — . BRI &, FMix @it
TERIA B I BEHL A FERD, I H 5 57— IR G AR B X0 &, T AR B — T R X MR A 72 2 2
T — HBE VLA SRR R HEAT (Y, S HERD A S — AN BENL Y BHR ITEE. a8 X F7 3X, FMix 7] DAEE DR KR EIOE U5
B ER, sl AN G HI5 K. FMix FEABE I ZRET RN 550, 3275 T Mixup Fl CutMix 75— R 51 5 5
i) R v E e

5B AL AEARRE, AugMixU e —FiiE A BELAE 516 5 2 V5 R4d ] Jensen-Shannon 351 25 SR8 i — 5t
MR A FR AR, B e 2 AR IR & O 2 I SR, BRI SR RE H BE LI U 1-3 NSRBI B R, AR5
{4 il Jensen-Shannon EXEAEN—B 40k, 75 R —4 N BUR A [F) 38 38 88 AT 2R3 10— BN, B 2
AMEEREE )45 UM A 10T SR A TE . BRIk, AN I R I8 K 1R — MR TR AN R 3G 5 7 A 0 2 SRk AT

Original i
samples
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AR @ e IR ) 0 B R AR iR LRk 1399

TR, OR5 FRKE G S E A0 4 AN R G PR 45 Aok, B K 6 P, & MEBAE TIRENEE. RIENE
JE o MR EE R AR S B LA REALIE SRR, AugMix & % 1 MR 70 2K S AE B0 s 1 1) 68 B R A AN B o 1k
flivt.

6 AugMix JiFeEC"

EIRAREA ) EARZEL, Han 22 A P2 H T YOCO (you only cut once), YOCO i — I KI5 75 w5 18 B 5 3 245 13
IR PR AR S (Y BUR, ERE— N SZ AT AR (R Y B s 3G 5, ARG K I TR B PR A — R, TR — TR R AL
LR YOCO A AR i AN FE A AR UK 2 BEVE, B3I 28 W 248 4015 2 AR R . AR YOCO BA 8
ZH. ST TERBIINE BN G T B SR R R RO IR R

R MR THENAG . B IRAAE S IR RANZ . AT, R RE RAEME S IIGEIEE
AEABLR S A B I R . AR AN R 23040 AT VPG B, 40 X 2 3 3 2 th B v A5 FE IR B R TI0. R T
fiff pRIX A ] 3, Manifold MixupP 2t T — AN 6 7 325 st 76 B WLk 1 2 4 1) Bl 2 4 E B 347 Mixup K S2BL
ByEs o, HARR UL, B E 2 BRI Z FRE Lt N\ —2H Mixup J2, IX L8245 5R B AN B3 FEAS 1 B 2 47
AEHEAT B VR &, AT G 37 IR BRBUZ RHAE. AR B R L AR B TE 32 RHIE 2 (8] AT 2% ), AT 4 i H
AR ST, 54E4H) Mixup AN [F], Manifold Mixup 7ER&58 2 F7E_E#EAT Mixup, AR ERAFEA F AT Mixup.
T 52 R LA SR B A (4 i AN SR AP IR A RE ), JUILRAE B E R A AR AR b o T 13203 5 H bR
TREFEAR, MEFILAEA C) one-hot A48 FHRAT AH A (M 2 PEAE{E. sS40 45 5K B, Manifold Mixup B0 T #2225
2 )2 LR R AR 5. B 7 R IR T TUR LY 1) AR TR A 28 7 R sl B v, T DA B EHGOR &R
AT E S VR A S [ 2K 0 0 PR, W R A T S 1) 2 R, T BB A S 2 ) s A 5 IS B,

42 REZFIHEXFE
42.1 HEWHEEAR

5N TS 38 3 5 AN [, i 70 3 8] B B4 R 5 7 v RS T AF e, B 3 — B IR 2
W RT3, S 3 T T Z W 7. B Zh3Gsm It T4 R R A0 BAA A R AL, BT DA B A [R] B 2o 3 5
TT AR R A BCE N 2 FEA I 2R AR, AT EE N LT D7 kA R 2 (I AL BRI D7 R R BRI AE T, 7
TR B S48 2R AT B A0 1 B8 R A s (AN S 4, TR, 3% 28 T AR 38 O T i ik B AR 1 G - 2R AT
% L HEAT, 3T B AR RIS S BISEAT 5, KRB TERUD R,

Cubuk 2 A PR T —ANFRON AutoAugment ff175 92, A5 T N L 30 (0 503 #8455 732, AutoAugment [ 3t
2R AT LUk B 5 R 2 R B I 2500 30 5o SR . B AR U, AutoAugment FHAE 2 SR FIE 2 2 Al E0 /0 AR, R A
SSRGS S HOR, A A I S SR EE P4y, I 3R E T — P8 Softmax SRITIM — AN R 5K, F4& Tl 1
NGB R — B R A BOI AR T, CASHRIGIERS B s (0 B SR R 2 A B VF 2 T 5K, TR UL T
PRI TR B AR AN B 1 B A BOWR L, 9 W e e AT A% DL BOX PR AE MR 2R A S 4, i R E Rt R E R B
LE Rk R A B 8 IR T A EIRLIR I 7E 5 FhAS R B S 0E 406 R AR A B S R s . Horh R 3R
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WAL T PR R AR, R R B Tt A0 A R P A R R K AR ) R S S 8L 0 TN R S, Auto-
Augment 2xREHLIEEE— A>T SR B IR Jr . SR, B B9 TT IR — S S B PR A S e AP K
PR A% 2R 2% (8] PP FA R T R B, A R SRR 7 BT AN A RS R B A R 5 SR

Mixup CutMix FMix AugMix YOCO

o e e 0 e I O 18
e e e S e A e
a1 e A -
o e o 0 s el I
ﬁhﬁﬂjﬂnﬂ

K7 BHRIRE TN

Original Sub-policy 1 Sub-policy 2 Sub-policy 3 Sub-policy 4 Sub-policy 5

E
Batch 1
R
Batch 2
—d
BatCh3- - - -’j - -

ShearX, 0.9, 7 ShearY, 0.7, 6 ShearX, 0.9, 4 Invert, 0.9, 3 ShearY, 0.8, 5
Invert, 0.2, 3 Solarize, 0.4, 8 AutoContrast, 0.8, 3 Equalize, 0.6, 3 AutoContrast, 0.7, 3

8  AutoAugment {5 2

NT FAK AutoAugment (IR TA] B AR, Lim 25 A 132 DU #8098 B 5 &, #2140 T Fast AutoAugment, 38
T 2 T P UG 1 B A 2800 0 4 R SR SR T R B A O 3G 5 SRS 127 VR T8 0 2% S0 BS SRR A S U1 2R BHis AR S
0 AU I 5 S R SRAR o 45 78 48 1Rz AL 1 B, 7E SRR 8 R I Bod i DU e Ab SRR T AR 2R — R 51 HE R AT R 1 58
e 5 AR LB 2 (B HE A 5 AutoAugment H EE, Fast AutoAugment /N 75 T %5 $E W& Aty HEAT A ] 2 ) 4% 4% 1) ]9 4%
k. B4, ZHIELE CIFAR-10. CIFAR-100. SVHN. ImageNet %5 % Fiibdl 42 (1) UG AT 55 FHUAS 7 AR 24 (1)
Mg, FIRRE SR A4 E T — MR, [FRF, Ho 48 N M4 H T PBA (population based augmentation), i 7£ />
AutoAugment [ ] AR, 12 77 VI8 AR A~ e P 38 5 S5 g% 1K) T A A2 31 5 PR3 5 S s SR SR B, PBA 2% 3J 35
SRS AT E ) 2R, T AN A2 [ 5 () SR, IX e 382 PBA MIRCREE s it EZ R . 5 R 24 w8 O 5% (1A 7] 48
() [#] 5 3 588 SR WS AR I, PBA I FH 6 TP B 1 U1 0 B0 20 m 0 s iR B, BRI VIR0 IR OE S R S 9 S e BT DA
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MBUR 5 @GRS T 0 BRI TR i 1401

PBA fe i DL/ TH R 1R 7R 22 A 4 48 LT AutoAugment FTERE.

Cubuk % A\ "B T RandAugment, ik T 135 AutoAugment Al PBA 2 i BT i B Sh 585K, B 3hib s
FORIE H AR —A/DNAERAE S EHE R RS AT SR R, ARG R B 45 R B KW B brfE% £ X
P8 2R BRI T — MR SR A AR S 7T DUA B ARAE S5 Sk — AN A 2 vl B PR 45 5. B R0 T s 3 5
WHIET S, HOE 3G 7 10 MO T B A AR R /D, BRI AR 54141 R R it — DN R 45 R, A & f
1. RanAugment 8 i3 #5085 1 558 S WK (19 S HCE & BN AR B A S0k 22, T DA BRTEARERAT 55 L [ S mes
2, AT AT LAAR K 5020 B 38 7 45 2 2 [, R0 e T 0 0 DR 4 2R e DA B — AN Bd S TSR M. S AR,
RandAugment ()25 A0 T AT A R A B0 R B BRI 2 =) 3908 073, 164k, BT RandAugment B 24504k, 1ENI1L R
J5 T DAMR I AN [A] f AR TR R s 42 /N EAT I 2, 145 Rand Augment ] DAYE AN [E] (AT S5 A B 48 L4t —AfdiF, 9+ H
AT AFFAE R .

A BHCHE 1 5 7 v AR TE MBI [A) Y 7 AR A B E IR, (AR AT 75 B 5E 22 I 2Rk B4 786 1. Emirhan
Kurtulus 25 N\ "2 H 7 — AN 44 Tied-Augment 388 FHHE 42, % HE 42 HT 17 44 35 1A% v 72 2 17— BRG0P 38 54
B, BT 0 RS A0, AATTIE RGN Y — AN A AL E TSk S8 55 5 A 18 S R ] PR AR AGE 2 ) PR AN AR 1, S5 AR AE AR AR ke
TN B Y 0 A . SEI6 45 K B, Tied-Augment 7F ImageNet 7] LA RandAugment $2 5 2.0%.

FEGE R [ B8 5538 B 22 A PG AR eV SR 2B BB, Trivial Augment™ 5035 43 5i 5% s ) 58 157 24 fr) 7 sk
LT ANEE T R R I B Y T SR {57 NAS J732: B 3048 & FI ARG T I 5% BAR A B, (R PRAE T R EAL
A 2R A AR G TR B 1 . D T AR I A ), 8 SCHE Y Trivial Augment $CHE 38 5 S 0E, AH LG T2 17 B HE
HOR RIS S TS H), 5K A RS A — o 15 07 20, IR AREE T AutoAugment. PBA J3 % RandAugment,
E R R A LT A& AT BLZES [P, TrivialAugment K F T #1 RandomAugment A1 [F] (1) B0d 48 55 2 18], B 48 5 4t 52
NN N RS 58 R A o AL SR BEAE m (S 23 BN 38 5 bR A R AR ) AL, AR SR BRI R & L — 1
BHG x F1—2H IR A VENRN. SRS TSN A BN SRR — A1 5, R X A1 5 B 145 58 1 5t
B m I EG x, Hodt m ATRERI SR EE 5 {0,...,30} FR BENLIS ST HIRAE, SR 5 IR (B3 5 J5 1t R B0 TR~
4, Trivial Augment 35 5] KA — N HCHE 38 58 08 EOR0 — AN FEAE, SR 5 IR (RIS 08 5 (1 [T

[RJET, o B4 3 560 SR W T2 VR AT 55 AR B2 b 1 LR T HE 2 3 03RRI (055 e e 308 o 7 2 7 22
SIS B R R i FE RR ZL B 5, I B B3GR 2 B BOIZ A B R B EBAHIE R K. Suzuki $2HH T —Fh
ST IR L T 0 S S £ B 1 SR A AL 7 ), BRCA TeachAugment, 838 i3 R F BUMAR R, ] LAE AR 5 B 24 S50
BB T RS B S R EUR. BARSRUL, XG50 SR Mg AT &R, (35 BUE T B AR B B AA S DL Rk
MR EA v R, 5 DU XS Bi R B 58 VEAN ), 19 58 T BUM B, TeachAugment A~ 75 B2 5056 A 24,
T T I BRI SR 2 R R B A 7 S, BRI, TeachAugment AN 75 ZEHEAT 2 B0 U0 R AR AL 36 J5 1) BHG B A AT
PUME. Suzuki KB4 H T {8 P AR I 28 0T AR G 0, faT 4k 7 4 R A% TR RBE T, 9 S0 VA8 FRR B U7 vk X Bt e 1 s gk
1T S5

HH T H §1RZE 3858 75 75 R 208 T F st iR, Beah, X — AN 46 A F 16 38 50 SR s T REAS R AR 47
IR B HABHOR A, UL b B B 5028 1) 07 2 1) 38 5 S e o i A5 P R A 8RS B @ R, FHAS T IR VR R
k. Cheung % A\ ORI T —FHI#K AutoDA 7%, #XA AdaAug, LSRR E 7L Sesi 0t 1 7 3UA Rt 2 5]
FE R 5 SR 0. AdaAug {57 — AN TR B Sk 2 =) AN S0 S0 00 e J2 38 e SR s, I adad — A28 B iR AR
I RE A RO AR S S DR SR . ZE AR S RPN B, AdaAug YIZR—ANor 2648, 2l E TP IR, A58
TR BO 73 R8T I0UE, FF 5587 SR mE Ui MEISTESR k. SEIR S AR BT VUG T AR SEn 45 L.

K 1 B R SRR EE 2 A, BBl 5 77 VA 0 7 VA0 a T oS F A S T vk R A (R AE I 451
1, s G BRS FE T] R 2 51 ONAT M S ARS8 R S, D0 H 2 R R BR S T7 2, 10T VR T BE LA B BE R W] R 2ok i
0 H bR 52 2R, A HEBRAR KU 5200, A, Gong 25 AN W H T KeepAugment, & F454E K (saliency map) KAs:
546 G b i B X0, AR S5 70 3 e 2 R AR B X 265 B X A 2 T3, KeepAugment KA HFf 7 2k 2] A
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ER, a9 fros. — M G AR B #2 b, BN 2 T4 59— P e 0 385 1 X3 e P A A 4 )5
MRS L. B AN, 78 Tian 25 NS TR, 538 0052 3011 45 5 1 A 38 58 A B 38K, SRR 7 B sl A R L =2
(augmentation-wise weight sharing, AWS) & AE A I 5038 R 7L M RAEEFE. 5 AutoAugment A1 LY, IX 0 T 1
BEHARE T R, H HoT LB HEEE KSR TR, 5 B ahi g 2 LR 27 U R SR A, Lin &5
N B 388 58 SRS 1) 5 S SR AR 0 A, A I S B S B, iE— DR T — AN UZHESE, Fo VR 7E M 4%
YR RIS A4k 2> A 80, #7 N OHL-Auto-Aug. OHL-Auto-Aug Y 7 FEHTINSRI T E, KIERFK T BRI
FEM A, RIS 3R T LI LR B 3 RS FE$2 T, 5 AutoAugment A b, OHL-Auto-Aug #£ CIFAR-10 _bSgHL T
60 fi5 F IR EEFETE, 75 ImageNet FSEHLT 24 f5HEEE LT, 5 FIR BARRAL, Lin 2 N HRH T — R 200 7 1%,
FK9 SelectAugment. SelectAugment FRHEFEAS Py 25 FH R 28 YIRS, DL 8 B FIPEZR i) 7 sUE Al iR 4. B
RSk, TR LR, B Jamf e G5 LU ], SRS TR LU T w8 2 B X AN SR RE AT 3. AT X — 1 2
PSR AT R R AR, FRH 2 Z 58465 2] (hierarchical reinforcement learning, HRL) SR %% >] 1 55 SR
I IR0 2, W DA RO G2 A BTG A AN R AT 3G ) Ity SR £ 7L TR, i v 090 30 T P A A

(d) Saliency map  (e) Keep+Cutout (f) Keept+
RandAugment

K9 KeepAugment 7f5] & 17

422 FFEHESR

A G 1 A5 38 i vk IR N P E G s 1] v, kot T s 50 S AT B V1 38 0 SR s . T AR S 11 Al 4
ST VAN SEAE N 2% E) P AT I B8, T E 2 S 19 B RRAE 2 18] o 2R AT B0 A . X 0 1k T DA skt 38 i 25
KR 0 2 R, T2 SR 1 B R e RVZ A RE 7. BRAh, HH T FERRAE 25 18] P R AT BB S B AN U5 R AR 3 R 1A A%
e, DRI AT CASE i s i 3R A, 38 BT L3R o — £ P TR GO B R 7 VR T 5N R BRI 7R L %2 T IR B LA
RUSEBR b TR AT 45 (A R AR I, T AN S G s ) P (At . AR E e M 2 [ v A e i 7 N IR oK
S B, EAR T RE 2 BINME (5 8. M EL 2T, AR 4% 1A 3E F A2 — N /N (2 1), DR L B 3 A AR 2 1)
A R ELA AV 1) R A8

DeVries % N\ RS K DI, 550N 25 180 B, 7245 23 [ v ) 2SR A (10 ) R 58 K. BRItk AT
DA FH — S 01 0 40 B Sk 5% 0 49 380 A AR 225 T (R0 B0 i et TR AT AR, B, RN S L SR A A
(BRI 25 Fh 1 58 5 2. X7 VA I 2 AT T S 1A, AN 75 BE I g, TR AT DAL FH 1 22 7S () 28 8 1 il f. 431
FERNASTA7 1 f P B T — AR R 25 ) o (R RE AR 2 TR AT 40 49 BB B AR 10 5 2% ATt N 2 ) o (0 B 4
58 T2 ORI D0 TR AT 25 (R bR oA, AR 1 5 8 7 V4 RO 24 ] w70 2500 388 5 A DAy — ol e D ) 400 O DR A
A0, AT LA AT BRARC A vz Ak

BT, Kuo 28 A PR T FeatMatch, 3 A2 — i #1035 T2 )RR AR RO 4R AL AN 58 75 925, AT LLP= A 4R A 2 1)
4. WP 10 FizR, FeatMatch {81 1 SR SRHEEUE (1 25 Py AN 2 SRR RAE v (A4 8., [ R 3 e K A A7 7E P9 A7 I
oh A P BE IE AT S HOHRE, e T KBRS T 5. FeatMatch BT T — MBS, 1285 HUIE 1ok %o B 4 oh HiAth (&
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MR & B IRE S ] 0 B SIEIE iR iR 1403

5 BRRFALE SR B — /N AR SR R BEAT B0 50 R 2 20 SSGE AN g N B RS AIE, b T P2 Y A B R AR A
22 18] ey S MRAT 10, BRI AT BUAE 20 22 (R Bl e vk

* | *

g s 3

* o S

Prototypes & /& * = §—> —
> g2 3

per class g ¥
* [, 7X\F
X AL Consistency loss

X M—‘ Encoder
it

Li 2 N PR T — i 25 (005008 1 08 7 15 MoEx, FROMAE A 4k, 003 io S A 2 ) P Vs 7R SRR I O RS IR, K —
W V1 25 PR I 257 ST RRAE PR 5 3 573 — 8 W 5 BB P 2 ST R HE AR, 06T B A bR 28 4T 3 (1 30 Ao A 28 AN e
PRI ZRAZ 5 R —LAFAE. /R MoEx 1] LASZ#e i A R I TR 503 US43 2., 1HJ& MoEx AN i 2 KU Tl
WIS, R R EAE NGO FE ok SR e 2 A W E B A 7 22, FR0 BT HE A B HAN R A PR iE R R,
WEAZ TR SEAR /N, SR RE SR, I HL 76 45 R AEARRAE 25 8] o (81, 7T A 00Hhole 2 5 AT (0 35 U N PO 38 5 7
R AR,

AR S AR, T RFAE 2% ) S AT 500 18 R A7 — 1 ), SRR SR B R AN 2, AT R 2 A S SR A e v
JE RS AR e s, S S5O A 7E R A RIS EE, IR, 4 AE A 1) AR AR Bz AR AT BRAR 0 2 S, BT AT R 2 8
D 7 B 5 A B (AR e, A AR A AE I R B B R B RLGE, (BAE R B B AL RE T A R R AE, RS
(I TT B 228194 AR, S 8O 22 ) 1) 7 AN BLSZAHRAE, 3 7T RS 2 PSS 28 7 S o 7 FF Hh RO 1 . RRAE 25 [R5
a3 R (T At T REAR R, RS T G N B AT B AR A R 7S A R B SRR K, X T B A ok A
KETINGRAR, FT LA ARG 58 59225 /0 o7 i 7 S PR il i R .

423 IREERE

B 1 5 1) A 2 H A 2 AR O 2 180 A OB 1) 2 AT R i ERORE AR, BRI, JRAVTAE s i) Bl o0 A B 1% 5 R 4G
BOAE A3 AT ), 3% TR A A TR %00 BB AR FE BT IRV A R R 2o AR R 48 (GAN)P LR AR BT
AREEMER T7v8. — J7 T, 2B 8 T LA B 2R s (0 MG 59— D7 THD, 4 3 28 B o A ik 1 RS 5 R s R 2 IR 22
PEAR SRR, S GAN & — R K IBOR, W AEEAT 6 M 10 25 Bk 18 i A5 U7, (4 4] A ok s SR 2 10 8 9 o
FHAT PR AR R — AN B PR I 0 R FE AT, IRATIE AR — L5 T GAN R EGEEIG B A,

Isola % N\ IR T T2 E XTI 4% P2 Pix2Pix, FHF27 1 N RS 2156 1 G (1 meit. Pix2Pix 2R Bk
PRI ) 25 0 o3 LR A R A G Gt V57 A B e, A AN R ol 20 e sk et IR 1 0 ) 2 5+ LS BMR X 49 FF
FIAES D I ZRSRAL I Oy MR, TG BR T A AR iR e 7. RIS, Bl 25 A8 e (1 ook, 2030 25 (1 Be oA A .
SR, YIZk Pix2Pix 75 B2 K X et 4%, IS8 il % Bodis LA — s Pkl . Rk, Zhu %5 A PRI T CycleGAN
B 55 Pix2Pix ANIA], ‘B AT AZE A ot R A (K B0 T K2 20 BRI X 21 B bRk v i, B 11 JEOR TS
o YN B AT DI SR B85 1) 22 5, 7R B St e, SRAG IS R I 2R AR R S, 7 78 — RO AR R et U R0
TS5 Hh, TRk 48, 77 A i e 2 TR Sl 0 2, TR 7 RS Ao A A A A 2.

NTHEEES X RIS Y LSS, @200 58 R AT 1. [FEE, 287 BB B i N G 2 Y A
HIA— IR G, I E S G R F ARG, o G2 X B Y RIBES, F A2 Y B X (P B ¢ RaniEl 12
P, B¥od R an B 13 FoR. AR G BIERT, ¥H x B I8 Y iy, SRR AR F B T y it
SFEIR X P &L IR, B PR x A & T DAVEAS AL LA B RE F1. IR, FUAIEE D, il F R X HAGCH 5 X R X
S, Dy 55 G ¥ X BN S Y AR AT IX o .

Ol

10 56T RFAE () i 1 5y v )
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Kl 13 CycleGAN 7 B4

Paired Unpaired D, D
X, A !
{ G
{ R — .
{ F
A 11 EEX¢@1%$H5REEX¢@1%E/]WJ¥[53] |§] 12 iﬁXﬁuiﬂi Y‘Zl‘fﬂ E‘]%?ﬁ% [54]
D, | D,
4 | A
|
X L) V4 ;) 3 : y F b G 5
|
|
|
|
. ! : Y X . Cycle-consistency
|
|
|
|

Cycle—consistenc§
loss

(R TIT F EH — B 2

x — G(x) - F(G(x)) = x.
S FEER — BB R

Y= F(x) = G(FQy) ~y.

CycleGAN Al Pix2Pix fI%f Ebszie 22 B, BIE 50A st BIZR 5, CycleGAN tHAERS 214 Nk 2 45 3.

CycleGAN BARFTLAH T XAKIEH . WL, =T8T HISREAT 5%, (HAELE— & R BRPE. F14n,
BTRAT 552 5 AR 2 8] R 5 38, T 75 B R AR X 2] Y AN Y 3 X S GAN AL, dn SRAT 45 2 n AN [ [ e 45k,
T 75 AR MR A ZR nx(n—1) /> GAN BLZY. 32 35, e R B8 M — A3 58 B o5 — AN v T gk
CycleGAN FJ il i, Choi 25 N P H T StarGAN R4 s A EE B> LA_E IR AT ™ @ v R H k. StarGAN Sl H H
BT — GAN LB, RIA AT 2 A3 0] Y AR 3 UG (4. 1628 R B, X 75 22 1) A 3SR AL UG R 2=
7 H AR I SR AR A 0 B e A A e AR G R A R — AN BV IX 4 B R, AR R 45 SR BT LATE B ARIgEAT 43
XK. ARG, StarGAN KGR B — AN, FFAEA S 3] — A e MBS, X T BE S8 e N B,
AN R ). A T RV StarGAN F il #, Choi 25 N PO T StarGAN v2, ‘B — Rl 7 @ [ 73k, ol LAis £
AN RS TR B FE IR TTAE R, F 0N Gk B R 38RD Uk 2 53l 78 XA A [R] #2583 B R A4 RS
BRSNS filtn, Fanl AR ARG, (BRI IIR 2, IR AAhi 2 K. iAo %E. Rk, R R R T DL I
JIEB I M. XA, StarGAN v2 A LUK — AN B A 09 B RIS AN [F) R, I B SRR AN a8 g ix fhoy =4,
StarGAN v2 5] N T PN H5 B AL i 3575k 75 8 10 g XU S0 ) P Tl 55 9 4% R A SR AR BURUA SR D IR SR D 35 48
J&, EMARTE 2 M B A R E R IS, FI AR 2 AN X o> BAREE.

OB UL IR FE A SRR T AN IR R R, AHLR 3 2R T VAT SRR A WA D B 1 i 75 2 TR AR I 2
ZH. =T, T PAFEREAHE R B AR AR R, TR R KBS TR, 5 — 7 T, SRR AR UL & )
Sre EORE ISR, TR G 77 R S A B B T g N SR AN S 1 I, 33t = A T — P & A
T 3N R EAE S BE B 58 T vk, (R R AR T AR By T R E AR EUE A RS B RN R X A5
TR AR S BUAR S R T S BRAE 45 v . AR AE 9 AR B T 1) — 3l AR T 72 07 1), AT TE R A B T AP AR
TRz O BAR.
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5 THEHERR

TEAATH, TRAT K S5 A BAAT 55 SR o a3 A R PP A R AR EAT IR AN 1R, BT FRATIEa 38 2 53 28 05 1%, 3841
W HCHE B 5 B ARAE 2 AT N % O AT 55 Bk AT 1 VR4, B HEE X o #, B 20 B bR &S 3 A2 3T
%, Horil U TS PR O B AR R AR A B A 5 R AR MG R ST, B SRR A B AT X 432 Y
GRS, FEXAFIE SN B bR, BR300 H AR AR S BRI A 2850 UG HEAT 202K, B bk ©40)
%0 B A A D A T G b ) oo BbR, 5 BAREEAT 4328, 11 SR 1k A2 75 22 TR 25 BE A ) I 1) 1 .
FRATVI0 T XoF 3 6 A 55 P VA1 OO Jr s 504 3 R AR PR AR

TES 5.1-5.3 7, £F0IX 3 AN ENARGEAT S, TATE S & F 0 A SLEE SE A1 28 B 1) 4 28 ) 28 A B SR
A7ty 5 1 T 7 VR R CR, e A FH A [) 288 J30) F A 18  J vSR F s AS [R) 20)  B R B SR VAR AR s MR RE T TR
B, RIS, 9 T IR SR A, FRAIBR T HE I SR VAN R 2 Ak, il AR A B Se e R B AR R e — 8L E
HE—BHh, 7RSS 5.4 b, FRATEAR BB R G 73 RAT 55 b, AT 7R 2 Ffim B AR 4 R 3 2k £ 1) 8 1
TRV T SR I B R R R, AT T LA {8 3 0 A [ VR I RE AT LA
51 EXSE

WS B — T 1 XAt EAE . ARG S5 N T Re s 2 AMIE FL Ak i) 7 1), 7E IS . Tolk A 34k
HB . B EUR T R AU AE & T2 BB, A M 7T S0 e H AR N UG B — AR
E I — AT E ST B R 7R HAB U AR FR25 7. PASCAL VOC $ifE & CSUAE U SIE & ei F  BdE £ 2
—. U EEE G SR AE S S5 B HE 4R AR R R b (A R, AR AR AT 55 5 o E R LANIR BE 2 S A8 b gt
177 I B, 035 DeepLabV3+?!, PSPNet®, GCNet!"", F1 ISANet!”14%, 3415 M T ToU (intersection over
union)! X — FE AR R AT AR R (172 A0 R, ST L AR A TO RO B SR 25 1 N AT VIR AR R SR I, 56 I R 5
R A R

AWME, ROV ERIE R E S 7 Tk [73], FIERE 1 PR8I N T8 U BT 5 i F s
TREE AR R PEAL H A R, X SR R R IR 3 T A G AR BR A (kB ek, TRESE). BIBREERRETY
% (WEEHLEERR . Cutout. GridMask 55) PLA B &AL 759 (W1 Mixup. CutMix 55). H 3l 58 /7 ik i 0+t
AF BIHRAE 25 AT S 4, B 5208 B A BHR A R BSR4 EbAT T S0, FRILTELE L BUTE %+
LIRS FATHAESE 5.2 F5FIEE 5.4 FTHSEES e /R IR e 5 VR AE BB 0 AT 55 h IR L.

3 BN T AEAE I FNE F E S R B R, JURRE o B 1) 35) ToU, H 73 45 SR B 3Gk [73], &
ERR 2R S A [, B8 0 AR v ik e Y SR T W M B AR T, B0, GCNet IITERESRTE T 1.15%, 1
ISANet FIPEREFRTHIRFE R1IE 2.71%. EAER L, XEMEREIR T LT BoA SN M 45 Y1 25 v S48, BPZEAE 1R
) 2% ZEAG AN YN ZR S0 T, DL A 8] B U 2R lAs 230 1 B8 s Ve R, DRI, FRATIGERA T &84 3 e 5 R e 9% A 8 It
IR 2R, SRR 2 Ah e

R3 BRI SRAEE L FIES ERITERESRTT (%)

el w/0 aug w/ aug [§tis
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

52 E&gHHE

BEUG > AT 55 R840 € — TRH N R, T8 Ik 5 oy S0k J W% BUG T 8 28 ). A8 AT S 3 S3 38 Hh
PRI T )2 —, RS 2R SEIUA R 73750 AR U7 g s il U8 7905 Ax 22 7 P ) 28 S A,
I A AR TR B 2 AR ORI T2 (R O i 7 AE A S v, AT S T8 S R 20 S VR B I 4 A 2 g A 3
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YRR S HEAT 5206, BT e B4R L 40 55 WideResNet-28-10"", DenseNet-121%"1#1 Shake ResNet™ !, #ji4fs 4 |y
CIFAR-10/100 35440 SVANUSS AT (O SLibimioe 1 ARG F ik, EUSIRRR . BRI A ik Dl 3t
TR BE 2 21 A Bh 3 B T vk

4 DG T F FABE I O AT S 10 UG o OB () S B 4 IR, e o) 4 SRSk E SCHR [73). W DA SR E, X
CIFAR-10/100. SVHN ##E4, 15182 5 DenseNet. Wide-ResNet. Shake-ResNet HI#5 7 4Lre 240 &, a1 5 34 55
BRI T ISR BT R Ak L, SZU6 G AT A TR S o o R I, BRI SR A BURUE S AR R 3 A
AL, CIFAR-100 FIPERESR T 5o B2, HX& CIFAR-10, SVHN (W12 TH /).

F 4 HUEHIEXT CIFAR-10. CIFAR-100 1 SVHN B4 K B2 B4R T (%)

g FEE Y w/o aug w/ aug AAI
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 Brrtin

H bR A2 TR PR BB — T4, B AR AT UG T 5 — it 5 (R B b)) BIsf, ot
Py AT BRI, B AR IIAT 5538 5 0 AP TAES: BARKS IR B bR e 7. B BRI B AR 2 e B b2
EAFAE BAR LR E TR ZE 5, T B AR 52 LA 4% 2 H bR AL E I L FHEREAT bRy, IR 5510 ¥ 22 B FH A b 45
AR Z M, FanseEl s B Hbme g™ WA A3, BEESE. ML SN, BRI
M. COCO Hui 4 & I3 o 40 Sy F ARSI i i 42 2 —, oA anlid 20 735K B AR 80 AN H b, H A
ANRINERA KR SEIARE. DA T 56 F B0 3 SR AR AR B ARG AT 55 0Ok, BALE W A5 0 E R v
27 Faster R-CNNPHI CenterNet™ [ il 7 2 Fh ¥ 8 5 7 v, IX e 7 il a6 7 3 AR R HR MRS . BRI IRK
FR A 5

SO AE R 5, Forh 45 R IR T SCHR [73], MG T DA ER 3, HCH 8 5 A B bR A AR B (RS
Wk T BRI, UHRLE Faster R-CNN 8 F mAP #2751 2.40%, AP50 “FYI3EE T 0.8%, AP75 Pt E
0.5%. ZRfbltth, 7F CenterNet #57! |, Kde 850 5 V248 R RE AT Rk T 1 RERUIE T,

K5 BRI ERITIEAE B AR IIAE 55 RAS RS FEAR T (%)

etz 7% & MERE Faster R-CNN CenterNet
w/0 aug 36.40 41.42
mAP w/ aug 36.91 41.50
API +2.51 +0.08
w/o 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 BURIESEFEMURIER
AT, BATLE 2 A BB 7 FEFEME R 58 _E N AN 5] PR 50008 2 568 75 9%, TR 78 35/ Bt 18 58 5 vk ond 2% A
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RIVERERT BARIRTIROR, FATRH T JUR R WA TR B 2 ST AR AT A R MER R, €045 ResNet. Wide-ResNet
LK Shake-ResNet, IX SEA R HATAN A 1) 2 2 ME A S MR, DU AT AT DASE 4 T 0P (5 208 18 5t 7 ik AR, i
2, AT 2B PHI B AR 9l iR i 20 SR <.

2R 6 Frow, FATEI T 2 i BACR IR 2 A5 (0 2t 19 5 U5 vk, Seis 4 SRR, AR K 08 16 5587
PEAEAN R O BCE SRR b7 T O TR OR. AR BRI &, 2 TR B2 27 21 9 B Bl 1 5 2R 07 VAl e S SE A
PERERI, (HZ 1 T-IX 5 15 75 B0 S0 B0 Bl SRR PR HHE 4 58 5 A M S 50 1), i AR LE T BB R BR AN
KIBIR &R S, KPR TN AIFARIRE 5. M, BGEERRMEGIREGH T L PA T ELLE L, W
PA<EIEED AT, R4 R ARSI 5 L AR P R 13X PRI 5. NSEIR 45 Rt m] LI Hh, IX PR TTVA R RE ok
T RFEM BT, THR X T RO R AR, L ResNet-18, 3 #2875 7275 R AL RESE TH AN 11 2h 1 3825 07 72
FHAK.

R 6 HRHIERITAAE BB AR ST LRI H (%)

i _CIFAR-10 _CIFAR-100

ResNet-18 ~ Wide-ResNet-28-10 Shake-ResNet ResNet-18 ~ Wide-ResNet-28-10  Shake-ResNet
Mixup?? 96.55 96.89 96.50 79.33 82.28 79.20
CutMixP" 96.58 96.87 96.45 79.53 82.60 79.32
Cutout!"” 96.01 96.92 96.96 78.04 81.56 79.47
GridMask®" 96.38 97.23 96.91 75.15 80.32 79.14
AdvMask®? 96.32 96.93 96.90 78.38 80.56 79.88
RandomErasing™”’ 95.69 96.92 96.46 75.95 80.50 78.89
AutoAugment™”! 96.07 97.01 97.21 79.56 82.89 82.27
Fast AutoAugment®” 95.89 96.77 96.42 79.10 82.69 81.33
RandAugment!*” 96.37 96.88 97.01 78.33 82.90 80.02
TrivialAugment*" 96.20 97.11 97.27 78.70 82.70 82.10
KeepAugment'*” 96.10 97.30 97.35 80.26 82.01 82.49
SelectAugment™! 96.18 97.33 97.38 81.89 83.37 85.17

6 HIEESEE IGAIHRE AR RIAR T E)

JEAE R B G SR AT FU 7 T A T O 55 R B iR B 2 SRR A BE, (B — LT T A il 7
S ESy

o A o (U EAS BT TT. 5T HlE G SR A BRI SO AN L. H R, B s R A0 1 RE SR T S BRI T HE
LIRS I 22 BEVE, (RS TRY RES RT UL 27 3] B 5 2038 48 BOR IURE. SRTM, 5% T2l oA Rk IR A 0 W
POIRAN L. B T 15 AR 5 K AAR 2 75V CHOIE R A 2, EASCE 3. B 7. B 9 Fow, &5 )m G o
SLERTIEARIE UG R, BRI A R A RIRT N2 RE I Tt — B0 FE. BEAb, 58T U ZRAE f 48 oim e 7
AN 5 FRURE (R A FF sk = BRAS SRR, 140, BEALIE T (4 5 P52 0K mT LASE IR A 1) 22 R, ELIRTIE 7 R 5] AP
75 C2V o < S50 38 9 1) T AR T TN A B T AR R 2 ) B, R R SR VR B S B AR GRS AR 5,
BNZ U K.

o Kyn 5 I3 R VP0G I ZREHR (0 SR AN RV 12 A BE ) B OC EEL ART, B TR Z Gt T E AR
A, WATPEAR A B PR B AT — A TP I e R . 2 BT B, WF 9 N GO@d bR LR O 2R VA & K (1) 5
.G, A R R B OB AT VA, X AR5 KB RE J) B A P R R 6 5 2 R AMT (Amazon
mechanical turk) KP4 H IO SEE, & IB I 2R S 535 0 FIAS A7 i 65 A 4% BB REAT $52, OR VP At 2B Bl
BRI BRI SLE, IR, — SRR PRl 5 BRI A S 1, BRI 5000 18 56877 200 A B 1 5 A A 04 1 s A
55 LR (RS R VP Al B 19 9 07 72, U B o3 RS FE 70 R AR 55 AL B A HERY ToU HIE S 1. AR, H AT IF58A &
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X R A B VAN FE AR, — BORUL, TR AT A, PR FEHRA0 2 5 T A KE 1) 2 FE AN B AR Sl 7 A1 1)
— B Bl SR TR DA B B PPN SR AR

o BRI IR I BT BRAA MR BRI B AR AT LS T H AR Y, 1 SO PO R 0 25 B K i
SR SEAE S5, (B HE 5 JERE ST TR 55 1), $R A2 (R I A P R Blm AN BR 28 EdbAT [0, T AN TR AR AE 55 T Fn s 36
RUZATA, P CL H A U AE: 55 ) 23008 3 55 5 VA AN RE ELE N 115 S FIME 55 1Kt 2 T R B 4 55 VA
L ES NI E S

o SRSl B AT AR D B S 5 BB oA 7 S 0 SRR v A SR R T ST R A A
217 T 2 HERE], AT A LLAT Ot D BRI AT @R 5 > BRI RBERR (SMOTE) M 2 i i % />
BB AT I RAEAR L AR L 0 JBL. ST, 3o BE R A W] e A/ DB, SO IS DRIk, FRATT B2 26 R i) B8 e s 7
DRI 2 AL B0 TR I B, 5 D R AR AR 20 A1, DAGRE Sl FEAU 5 O . fje &, 5 SR AL S I 1 AR N O B 12
SRECHF BRI 38 T VA IR AN T, AT BE Gy ALk B 500 AN 148 0 /D B ]

o A UEE (M B BRI SR — AN R ACTE T, VI ZRE0E B R n 5 PR RE R T A e A BUE HE. 20k F)
— R AEE I, GRS B I A S R PR IR T, I AT e R, SR Bt B R AR N, (H s 1 2 AR O
BeA B H A, 2R BN SR R R/ HRARTE S N QIR KR S0 45 RAUCTHT. SO, 2 IR K SR
BN, AT REAFAENE 1S FRA DA T I S e 6 A5 2> P B0 S Atk B 20 R W B i PR . DRI, AR i 2 D B AR
FIRE G SR R e, L IR B BB 2 BARE — A BRI filt— PR R,

o B IR IEFE S A G H T & A Y 58 AT DAL A AR — A OB MR, DR Sk 4 5 HOR F
ANALA 50 B B ARSI S50 % B, Pawara 55 N PHILL& 07 2 M 45 A AR AR F— Dy ik, TR, EBEAT MR 1 R
I, G0 T AL G TR — A R AL AR, NIRATHOITAL R, S8 T AN R BR R ANE 55 1 T I A A ).
Uk, S5 T AL T R AR ST A 55 MU SR AT RS O e T SEBUAIIK.

7 R £

B TR L2 2 ARG J, X DI B S P SRR P R, FRATTA 9 e 8 i 2 A AT BRA 12 PR i A
R A BT A SO B AT SN SR 55 b I R B 987 52047 1 4838, JR9e T — 8k, Ba TR
F BA RN % R e HAEER G BRI, B2 I8X 3 NI AT SIS 55 XX ey
POHAT TSI LE B AT, UE M T R S SR TR A R, FRAE R 4y RAT S5 Lt e TS R B 4 5 T VA
BOR. fa, BATE T 4w I (P R R 1 RR A AT

References:

[1] Hassaballah M, Awad Al Deep Learning in Computer Vision: Principles and Applications. Boca Raton: CRC Press, 2020. [doi: 10.1201/
9781351003827]

[2] Liu BC, Zeng QT, Lu LK, Li YL, You FC. A survey of recommendation systems based on deep learning. Journal of Physics: Conf.
Series, 2021, 1754: 012148. [doi: 10.1088/1742-6596/1754/1/012148]

[3] Torfi A, Shirvani RA, Keneshloo Y, Tavaf N, Fox EA. Natural language processing advancements by deep learning: A survey.
arXiv:2003.01200, 2020.

[4] He KM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image recognition. In: Proc. of the 2016 IEEE Conf. on Computer Vision
and Pattern Recognition (CVPR). Las Vegas: IEEE, 2016. 770-778. [doi: 10.1109/CVPR.2016.90]

[5] Babyak MA. What you see may not be what you get: A brief, nontechnical introduction to overfitting in regression-type models.
Psychosomatic Medicine, 2004, 66(3): 411-—421. [doi: 10.1097/01.psy.0000127692.23278.a9]

[6] Ying X. An overview of overfitting and its solutions. Journal of Physics: Conf. Series, 2019, 1168(2): 022022. [doi: 10.1088/1742-6596/
1168/2/022022]

[7] Alzubaidi L, Zhang JL, Humaidi AJ, Al-Dujaili A, Duan Y, Al-Shamma O, Santamaria J, Fadhel MA, Al-Amidie M, Farhan L. Review
of deep learning: Concepts, CNN architectures, challenges, applications, future directions. Journal of Big Data, 2021, 8(1): 53. [doi: 10.
1186/s40537-021-00444-8]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1201/9781351003827
https://doi.org/10.1201/9781351003827
https://doi.org/10.1088/1742-6596/1754/1/012148
https://doi.org/10.1088/1742-6596/1754/1/012148
https://doi.org/10.1088/1742-6596/1754/1/012148
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1097/01.psy.0000127692.23278.a9
https://doi.org/10.1088/1742-6596/1168/2/022022
https://doi.org/10.1088/1742-6596/1168/2/022022
https://doi.org/10.1088/1742-6596/1168/2/022022
https://doi.org/10.1088/1742-6596/1168/2/022022
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.1186/s40537-021-00444-8

PR 5 B IR T 0 BRI TR i 1409

[8] Nickolls J, Dally WJ. The GPU computing era. IEEE Micro, 2010, 30(2): 56-69. [doi: 10.1109/MM.2010.41]
[9] Sun YF, Agostini NB, Dong S, Kaeli D. Summarizing CPU and GPU design trends with product data. arXiv:1911.11313, 2019.

[10] Radford A, Narasimhan K, Salimans T, Sutskever I. Improving language understanding with unsupervised learning. 2018. https://openai.
com/index/language-unsupervised/

[11] Radford A, Wu J, Child R, Luan D, Amodei D, Sutskever 1. Language models are unsupervised multitask learners. OpenAl Blog, 2019,
1(8): 9.

[12] Brown TB, Mann B, Ryder N, et al. Language models are few-shot learners. In: Proc. of the 34th Int’l Conf. on Neural Information
Processing Systems. Vancouver: Curran Associates Inc., 2020. 1877-1901.

[13] Russakovsky O, Deng J, Su H, Krause J, Satheesh S, Ma SA, Huang ZH, Karpathy A, Khosla A, Bernstein M, Berg AC, Li FF. ImageNet
large scale visual recognition challenge. Int’l Journal of Computer Vision, 2015, 115(3): 211-252. [doi: 10.1007/s11263-015-0816-y]

[14] Lin TY, Maire M, Belongie S, Hays J, Perona P, Ramanan D, Dollar P, Zitnick CL. Microsoft COCO: Common objects in context. In:
Proc. of the 13th European Conf. on Computer Vision. Zurich: Springer, 2014. 740-755. [doi: 10.1007/978-3-319-10602-1 48]

[15] Everingham M, Eslami SMA, van Gool L, Williams CKI, Winn J, Zisserman A. The PASCAL visual object classes challenge: A
retrospective. Int’l Journal of Computer Vision, 2015, 111(1): 98-136. [doi: 10.1007/s11263-014-0733-5]

[16] Szegedy C, loffe S, Vanhoucke V, Alemi A. Inception-v4, Inception-ResNet and the impact of residual connections on learning. In: Proc.
of the 38th AAAI Conf. on Artificial Intelligence. Vancouver: AAAI Press, 2017. 4278-4284. [doi: 10.1609/aaai.v31i1.11231]

[17] DeVries T, Taylor GW. Improved regularization of convolutional neural networks with cutout. arXiv:1708.04552, 2017.

[18] Inoue H. Data augmentation by pairing samples for images classification. arXiv:1801.02929, 2018.

[19] Perez L, Wang J. The effectiveness of data augmentation in image classification using deep learning. arXiv:1712.04621, 2017.

[20] Cubuk ED, Zoph B, ManéD, Vasudevan V, Le QV. AutoAugment: Learning augmentation strategies from data. In: Proc. of the 2019
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019. 113-123. [doi: 10.1109/CVPR.2019.00020]

[21] Lim S, Kim I, Kim T, Kim C. Fast AutoAugment. In: Proc. of the 33rd Conf. on Neural Information Processing Systems. Vancouver:
Curran Associates Inc., 2019. 32.

[22] Zhang HY, Cisse M, Dauphin Y N, Lopez-Paz D. Mixup: Beyond empirical risk minimization. arXiv:1710.09412, 2017.

[23] Yun S, Han D, Chun S, Oh SJ, Yoo Y, Choe J. CutMix: Regularization strategy to train strong classifiers with localizable features. In:
Proc. of the 2019 IEEE/CVF Int’l Conf. on Computer Vision. Seoul: IEEE, 2019. 6022—6031. [doi: 10.1109/ICCV.2019.00612]

[24] Chen PG, Liu S, Zhao HS, Wang XQ, Jia JY. GridMask data augmentation. arXiv:2001.04086, 2020.

[25] Goodfellow I, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, Courville A, Bengio Y. Generative adversarial networks.
Communications of the ACM, 2020, 63(11): 139-144. [doi: 10.1145/3422622]

[26] Kingma DP, Welling M. Auto-encoding variational Bayes. arXiv:1312.6114, 2013.

[27] Wang X, Wang K, Lian SG. A survey on face data augmentation for the training of deep neural networks. Neural Computing and
Applications, 2020, 32(19): 15503-15531. [doi: 10.1007/s00521-020-04748-3]

[28] Khosla C, Saini BS. Enhancing performance of deep learning models with different data augmentation techniques: A survey. In: Proc. of
the 2020 Int’1 Conf. on Intelligent Engineering and Management (ICIEM). London: IEEE, 2020. 79-85. [doi: 10.1109/ICIEM48762.2020.
916004]

[29] Shorten C, Khoshgoftaar TM. A survey on image data augmentation for deep learning. Journal of Big Data, 2019, 6(1): 60. [doi: 10.1186/
s40537-019-0197-0]

[30] Hendrycks D, Mu N, Cubuk ED, Zoph P, Gilmer J, Lakshminarayanan B. AugMix: A simple data processing method to improve
robustness and uncertainty. arXiv:1912.02781, 2019.

[31] HanJL, Fang PF, Li WH, Hong J, Armin MA, Reid I, Petersson L, Li HD. You only cut once: Boosting data augmentation with a single
cut. In: Proc. of the 39th Int’l Conf. on Machine Learning. Baltimore: PMLR. 2022. 8196-8212.

[32] Singh KK, Yu H, Sarmasi A, Pradeep G, Lee YJ. Hide-and-seek: A data augmentation technique for weakly-supervised localization and
beyond. arXiv:1811.02545, 2018.

[33] Zhong Z, Zheng L, Kang GL, Yang L. Random erasing data augmentation. In: Proc. of the 38th AAAI Conf. on Artificial Intelligence.
Vancouver: AAAI Press, 2020. 13001-13008. [doi: 10.1609/aaai.v34i07.7000]

[34] LiP,LiXY, Long X. FenceMask: A data augmentation approach for pre-extracted image features. arXiv:2006.07877, 2020.

[35] Yang SR, Li JQ, Zhang TY, Zhao J, Shen FR. AdvMask: A sparse adversarial attack-based data augmentation method for image
classification. Pattern Recognition, 2023, 144: 109847. [doi: 10.1016/j.patcog.2023.109847]

[36] Harris E, Marcu A, Painter M, et al. FMix: Enhancing mixed sample data augmentation. arXiv:2002.12047, 2020.

[37] WuR, Yan SG, Shan Y, Dang QQ. Deep image: Scaling up image recognition. arXiv:1501.02876, 2015.

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/MM.2010.41
https://openai.com/index/language-unsupervised/
https://openai.com/index/language-unsupervised/
https://openai.com/index/language-unsupervised/
https://openai.com/index/language-unsupervised/
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/s11263-015-0816-y
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/s11263-014-0733-5
https://doi.org/10.1007/s11263-014-0733-5
https://doi.org/10.1007/s11263-014-0733-5
https://doi.org/10.1007/s11263-014-0733-5
https://doi.org/10.1007/s11263-014-0733-5
https://doi.org/10.1007/s11263-014-0733-5
https://doi.org/10.1007/s11263-014-0733-5
https://doi.org/10.1609/aaai.v31i1.11231
https://doi.org/10.1109/CVPR.2019.00020
https://doi.org/10.1109/ICCV.2019.00612
https://doi.org/10.1145/3422622
https://doi.org/10.1007/s00521-020-04748-3
https://doi.org/10.1007/s00521-020-04748-3
https://doi.org/10.1007/s00521-020-04748-3
https://doi.org/10.1007/s00521-020-04748-3
https://doi.org/10.1007/s00521-020-04748-3
https://doi.org/10.1007/s00521-020-04748-3
https://doi.org/10.1007/s00521-020-04748-3
https://doi.org/10.1109/ICIEM48762.2020.916004
https://doi.org/10.1109/ICIEM48762.2020.916004
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1186/s40537-019-0197-0
https://doi.org/10.1609/aaai.v34i07.7000
https://doi.org/10.1016/j.patcog.2023.109847

1410 HAFFIR 2025 FF 36 K% 3 A

[38] Verma V, Lamb A, Beckham C, Najafi A, Mitliagkas I, Lopez-Paz D, Bengio Y. Manifold Mixup: Better representations by interpolating
hidden states. In: Proc. of the 36th Int’l Conf. on Machine Learning. Long Beach: PMLR, 2019. 6438-6447.

[39] Tran T, Pham T, Carneiro G, Palmer L, Reid I. A Bayesian data augmentation approach for learning deep models. In: Proc. of the 31st Int’l
Conf. on Neural Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 2794-2803.

[40] Kurtulus E, Li ZC, Dauphin Y, Cubuk ED. Tied-Augment: Controlling representation similarity improves data augmentation. In: Proc. of
the 40th Int’l Conf. on Machine Learning. Honolulu: PMLR, 2023. 17994-18007.

[41] Ho D, Liang E, Chen X, Stoica I, Abbeel P. Population based augmentation: Efficient learning of augmentation policy schedules. In:
Proc. of the 36th Int’l Conf. on Machine Learning. Long Beac: PMLR, 2019. 2731-2741.

[42] Lin SQ, Zhang ZZ, Li X, Chen ZB. SelectAugment: Hierarchical deterministic sample selection for data augmentation. In: Proc. of the
38th AAAI Conf. on Artificial Intelligence. Vancouver: AAAI Press, 2023. 1604—1612. [doi: 10.1609/aaai.v37i2.25247]

[43] Cubuk ED, Zoph B, Shlens J, Le QV. RandAugment: Practical automated data augmentation with a reduced search space. In: Proc. of the
2020 IEEE/CVF Conf. on Computer Vision and Pattern Recognition Workshops (CVPRW). Seattle: IEEE, 2020. 3008-3017. [doi: 10.
1109/CVPRW50498.2020.00359]

[44] Miiller SG, Hutter F. TriviAlaugment: Tuning-free yet state-of-the-art data augmentation. In: Proc. of the 2021 IEEE/CVF Int’l Conf. on
Computer Vision. Montreal: IEEE, 2021. 754-762. [doi: 10.1109/ICCV48922.2021.00081]

[45] Suzuki T TeachAugment: Data augmentation optimization using teacher knowledge. In: Proc. of the 2022 IEEE/CVF Conf. on Computer
Vision and Pattern Recognition (CVPR). New Orleans: IEEE, 2022. 10894—-10904. [doi: 10.1109/CVPR52688.2022.01063]

[46] Cheung TH, Yeung DY. AdaAug: Learning class-and instance-adaptive data augmentation policies. In: Proc. of the 10th Int’l Conf. on
Learning Representations. OpenReview.net, 2022.

[47] Gong CY, Wang DL, Li M, Chandra V, Liu Q. KeepAugment: A simple information-preserving data augmentation approach. In: Proc. of
the 2021 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2021. 1055-1064. [doi: 10.1109/CVPR46437.
2021.00111]

[48] Tian KY, Lin C, Sun M, Zhou LP, Yan JJ, Ouyang WL. Improving auto-augment via augmentation-wise weight sharing. In: Proc. of the
34th Int’] Conf. on Neural Information Processing Systems. Vancouver: Curran Associates Inc., 2020. 19088—19098.

[49] DeVries T, Taylor GW. Dataset augmentation in feature space. arXiv:1702.05538, 2017.

[50] Kuo CW, Ma CY, Huang JB, Kira Z. FeatMatch: Feature-based augmentation for semi-supervised learning. In: Proc. of the 16th
European Conf. on Computer Vision. Glasgow: Springer, 2020. 479-495. [doi: 10.1007/978-3-030-58523-5 28]

[51] LiBY, Wu F, Lim SN, Belongie S, Weinberger KQ. On feature normalization and data augmentation. In: Proc. of the 2021 IEEE/CVF
Conf. on Computer Vision and Pattern Recognition (CVPR). Nashville: IEEE, 2021. 12378-12387. [doi: 10.1109/CVPR46437.2021.
01220]

[52] Mirza M, Osindero S. Conditional generative adversarial nets. arXiv:1411.1784, 2014.

[53] Isola P, ZhuJY, Zhou TH, Efros AA. Image-to-image translation with conditional adversarial networks. In: Proc. of the 2017 IEEE Conf.
on Computer Vision and Pattern Recognition (CVPR). Honolulu: IEEE, 2017. 5967-5976. [doi: 10.1109/CVPR.2017.632]

[54] Zhu JY, Park T, Isola P, Efros AA. Unpaired image-to-image translation using cycle-consistent adversarial networks. In: Proc. of the
2017 IEEE Int’l Conf. on Computer Vision. Venice: IEEE, 2017. 2242-2251. [doi: 10.1109/ICCV.2017.244]

[55] Choi Y, Choi M, Kim M, Ha JW, Kim S, Choo J. StarGAN: Unified generative adversarial networks for multi-domain image-to-image
translation. In: Proc. of the 2018 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 8789-8797.
[doi: 10.1109/CVPR.2018.00916]

[56] Choi Y, UhY, Yoo J, Ha JW. StarGAN v2: Diverse image synthesis for multiple domains. In: Proc. of the 2020 IEEE/CVF Conf. on
Computer Vision and Pattern Recognition (CVPR). Seattle: IEEE, 2020. 8185-8194. [doi: 10.1109/CVPR42600.2020.00821]

[57] Summers C, Dinneen MJ. Improved mixed-example data augmentation. In: Proc. of the 2019 IEEE Winter Conf. on Applications of
Computer Vision (WACV). Waikoloa: IEEE, 2019. 1262-1270. doi:10.1109/WACV.2019.00139]

[58] Lin C, Guo MH, Li CM, Yuan X, Wu W, Yan JJ D Li DH, Ouyang WL. Online hyper-parameter learning for auto-augmentation strategy.
In: Proc. of the 2019 IEEE/CVF Int’l Conf. on Computer Vision (ICCV). Seoul: IEEE, 2019. 6578-6587. [doi: 10.1109/ICCV.
2019.00668]

[59] Jiang F, Gu Q, Hao HZ, Li N, Guo YW, Chen DX. Survey on content-based image segmentation methods. Ruan Jian Xue Bao/Journal of
Software, 2017, 28(1): 160-183 (in Chinese with English abstract). http://www jos.org.cn/1000-9825/5136.htm [doi: 10.13328/j.cnki.jos.
005136]

[60] Hao SJ, Zhou Y, Guo YR. A brief survey on semantic segmentation with deep learning. Neurocomputing, 2020, 406: 302-321. [doi: 10.
1016/j.neucom.2019.11.118]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1609/aaai.v37i2.25247
https://doi.org/10.1109/CVPRW50498.2020.00359
https://doi.org/10.1109/CVPRW50498.2020.00359
https://doi.org/10.1109/ICCV48922.2021.00081
https://doi.org/10.1109/CVPR52688.2022.01063
https://doi.org/10.1109/CVPR46437.2021.00111
https://doi.org/10.1109/CVPR46437.2021.00111
https://doi.org/10.1007/978-3-030-58523-5_28
https://doi.org/10.1007/978-3-030-58523-5_28
https://doi.org/10.1007/978-3-030-58523-5_28
https://doi.org/10.1007/978-3-030-58523-5_28
https://doi.org/10.1007/978-3-030-58523-5_28
https://doi.org/10.1007/978-3-030-58523-5_28
https://doi.org/10.1007/978-3-030-58523-5_28
https://doi.org/10.1007/978-3-030-58523-5_28
https://doi.org/10.1007/978-3-030-58523-5_28
https://doi.org/10.1109/CVPR46437.2021.01220
https://doi.org/10.1109/CVPR46437.2021.01220
https://doi.org/10.1109/CVPR.2017.632
https://doi.org/10.1109/ICCV.2017.244
https://doi.org/10.1109/CVPR.2018.00916
https://doi.org/10.1109/CVPR42600.2020.00821
https://doi.org/10.1109/WACV.2019.00139
https://doi.org/10.1109/ICCV.2019.00668
https://doi.org/10.1109/ICCV.2019.00668
http://www.jos.org.cn/1000-9825/5136.htm
http://www.jos.org.cn/1000-9825/5136.htm
http://www.jos.org.cn/1000-9825/5136.htm
https://doi.org/10.13328/j.cnki.jos.005136
https://doi.org/10.13328/j.cnki.jos.005136
https://doi.org/10.1016/j.neucom.2019.11.118
https://doi.org/10.1016/j.neucom.2019.11.118

PR & B IR T 0 BRI TR i 1411

[61] Luo JH, Wu JX. A survey on fine-grained image categorization using deep convolutional features. Acta Automatica Sinica, 2017, 43(8):
1306-1318 (in Chinese with English abstract). [doi: 10.16383/j.aas.2017.c160425]

[62] Su F, Lv Q, Luo RZ. Review of image classification based on deep learning. Telecommunications Science, 2019, 35(11: 58-74 (in
Chinese with English abstract). [doi: 10.11959/j.issn.1000-0801.2019268]

[63] Wang W, Yang YJ, Wang X, Wang WZ, Li J. Development of convolutional neural network and its application in image classification: A
survey. Optical Engineering, 2019, 58(4): 040901. [doi: 10.1117/1.0E.58.4.040901]

[64] Wu S, Xu'Y, Zhao DN. Survey of object detection based on deep convolutional network. Pattern Recognition and Artificial Intelligence,
2018, 31(4): 335-346 (in Chinese with English abstract). [doi: 10.16451/j.cnki.issn1003-6059.201804005]

[65] Zou ZX, Chen KY, Shi ZW, Guo YH, Ye JP. Object detection in 20 years: A survey. Proc. of the IEEE, 2023, 111(3): 257-276. [doi: 10.
1109/JPROC.2023.3238524]

[66] Tian X, Wang L, Ding Q. Review of image semantic segmentation based on deep learning. Ruan Jian Xue Bao/Journal of Software, 2019,
30(2): 440—468 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/5659.htm [doi: 10.13328/j.cnki.jos.005659]

[67] Csurka G, Perronnin F. An efficient approach to semantic segmentation. Int’l Journal of Computer Vision, 2011, 95(2): 198-212. [doi: 10.
1007/s11263-010-0344-8]

[68] Everingham M, van Gool L, Williams CKI, Winn J, Zisserman V. The PASCAL visual object classes (VOC) challenge. Int’l Journal of
Computer Vision, 2010, 88(2): 303-338.

[69] Zhao HS, Shi JP, Qi XJ, Wang XG, Jia JY. Pyramid scene parsing network. In: Proc. of the 2017 IEEE Conf. on Computer Vision and
Pattern Recognition (CVPR). Honolulu: IEEE, 2017. 6230-6239. [doi: 10.1109/CVPR.2017.660]

[70] Cao Y, XuJR, Lin S, Wei FY, Hu H. GCNet: Non-local networks meet squeeze-excitation networks and beyond. In: Proc. of the 2019
IEEE/CVF Int’l Conf. on Computer Vision Workshop (ICCVW). Seoul: IEEE, 2019. 1971-1980. [doi: 10.1109/ICCVW.2019.00246]

[71] Huang L, Yuan YH, Guo JY, Zhang C, Chen XL, Wang JD. Interlaced sparse self-attention for semantic segmentation. arXiv:1907.
12273, 2019.

[72] Wang ZF, Berman M, Rannen-Triki A, Torr PHS, Tuia D, Tuytelaars T, van Gool L, Yu JQ, Blaschko MB. Revisiting evaluation metrics
for semantic segmentation: Optimization and evaluation of fine-grained intersection over union. In: Proc. of the 37th Int’] Conf. on Neural
Information Processing Systems. New Orlean: Curran Associates Inc., 2024. 60144-60225.

[73] Yang SR, Xiao WK, Zhang MC, Guo SH, Zhao J, Shen FR. Image data augmentation for deep learning: A survey. arXiv:2204.08610,
2022.

[74] Ouyang WL, Zeng XY, Wang XG, Qiu S, Luo P, Tian YL, Li HS, Yang S, Wang Z, Li HY, Wang K, Yan JJ, Loy CC, Tang XO. DeepID-
Net: Object detection with deformable part based convolutional neural networks. IEEE Trans. on Pattern Analysis and Machine
Intelligence, 2017, 39(7): 1320-1334. [doi: 10.1109/TPAMI.2016.2587642]

[75] Diba A, Sharma V, Pazandeh A, Pirsiavash H, van Gool L. Weakly supervised cascaded convolutional networks. In: Proc. of the 2017
IEEE Conf. on Computer Vision and Pattern Recognition (CVPR). Honolulu: IEEE, 2017. 5131-5139. [doi: 10.1109/CVPR.2017.545.]

[76] Hu GS, Yang YX, Yi D, Kittler J, Christmas W, Li SZ, Hospedales T. When face recognition meets with deep learning: An evaluation of
convolutional neural networks for face recognition. In: Proc. of the 2015 IEEE Int’l Conf. on Computer Vision Workshop (ICCVW).
Santiago: IEEE, 2015. 384-392. [doi: 10.1109/ICCVW.2015.58]

[77] Lawrence S, Giles CL, Tsoi AC, Back AD. Face recognition: A convolutional neural-network approach. IEEE Trans. on Neural
Networks, 1997, 8(1): 98—113. [doi: 10.1109/72.554195]

[78] Cao Z, Simon T, Wei SE, Sheikh Y. Realtime multi-person 2D pose estimation using part affinity fields. In: Proc. of the 2017 IEEE Conf.
on Computer Vision and Pattern Recognition (CVPR). Honolulu: IEEE, 2017, 1302—-1310. [doi: 10.1109/CVPR.2017.143]

[79] Toshev A, Szegedy C. DeepPose: Human pose estimation via deep neural networks. In: Proc. of the 2014 IEEE Conf. on Computer
Vision and Pattern Recognition. Columbus: IEEE, 2014. 1653-1660. [doi: 10.1109/CVPR.2014.214]

[80] Zagoruyko S, Komodakis N. Wide residual networks. arXiv:1605.07146, 2016.

[81] Huang G, Liu Z, van der Maaten L, Weinberger K Q. Densely connected convolutional networks. In: Proc. of the 2017 IEEE Conf. on
Computer Vision and Pattern Recognition (CVPR). Honolulu: IEEE, 2017. 2261-2269. [doi: 10.1109/CVPR.2017.243]

[82] Gastaldi X. Shake-shake regularization.arXiv:1705.07485, 2017.

[83] Netzer Y, Wang T, Coates A, et al. Reading digits in natural images with unsupervised feature learning. In: Proc. of the 2011 NIPS
Workshop on Deep Learning and Unsupervised Feature Learning. 2011.

[84] Liang XY, Lin XK, Quan JC, Xiao KH. Research on the progress of image instance segmentation based on deep learning. Acta
Electronica Sinica, 2020, 48(12): 24762486 (in Chinese with English abstract). [doi: 10.3969/j.issn.0372-2112.2020.12.025]

[85] Gao W, Zhu M, He BG, Wu XT. Overview of target tracking technology. Chinese Optics, 2014, 7(3): 365-375 (in Chinese with English

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.16383/j.aas.2017.c160425
https://doi.org/10.11959/j.issn.1000-0801.2019268
https://doi.org/10.11959/j.issn.1000-0801.2019268
https://doi.org/10.11959/j.issn.1000-0801.2019268
https://doi.org/10.1109/JPROC.2023.3238524
https://doi.org/10.1109/JPROC.2023.3238524
http://www.jos.org.cn/1000-9825/5659.htm
http://www.jos.org.cn/1000-9825/5659.htm
http://www.jos.org.cn/1000-9825/5659.htm
https://doi.org/10.13328/j.cnki.jos.005659
https://doi.org/10.1007/s11263-010-0344-8
https://doi.org/10.1007/s11263-010-0344-8
https://doi.org/10.1007/s11263-010-0344-8
https://doi.org/10.1007/s11263-010-0344-8
https://doi.org/10.1007/s11263-010-0344-8
https://doi.org/10.1007/s11263-010-0344-8
https://doi.org/10.1007/s11263-010-0344-8
https://doi.org/10.1007/s11263-010-0344-8
https://doi.org/10.1109/CVPR.2017.660
https://doi.org/10.1109/ICCVW.2019.00246
https://doi.org/10.1109/TPAMI.2016.2587642
https://doi.org/10.1109/CVPR.2017.545
https://doi.org/10.1109/ICCVW.2015.58
https://doi.org/10.1109/72.554195
https://doi.org/10.1109/CVPR.2017.143
https://doi.org/10.1109/CVPR.2014.214
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.3969/j.issn.0372-2112.2020.12.025
https://doi.org/10.3969/j.issn.0372-2112.2020.12.025
https://doi.org/10.3969/j.issn.0372-2112.2020.12.025

1412 HAFFIR 2025 FF 36 K% 3 A

abstract). [doi: 10.3788/C0.20140703.0365]

[86] Ren SQ, He KM, Girshick R, Sun J. Faster R-CNN: Towards real-time object detection with region proposal networks. In: Proc. of the
28th Int’l Conf. on Neural Information Processing Systems. Montreal: MIT Press, 2015. 91-99.

[87] Duan W, Bai S, Xie LX, Qi HG, Huang QM, Tian Q. CenterNet: Keypoint triplets for object detection. In: Proc. of the 2019 IEEE/CVF
Int’l Conf on Computer Vision (ICCV). Seoul: IEEE, 2019. 6568—6577. [doi: 10.1109/ICCV.2019.00667]

[88] Algan G, Ulusoy I. Image classification with deep learning in the presence of noisy labels: A survey. Knowledge-based Systems, 2021,
215: 106771. [doi: 10.1016/j.knosys.2021.106771]

[89] Liu L, Ouyang WL, Wang XG, Fieguth P, Chen J, Liu XW, Pietikdinen M. Deep learning for generic object detection: A survey. Int’l
Journal of Computer Vision, 2020, 128(2): 261-318. [doi: 10.1007/s11263-019-01247-4]

[90] Minaee S, Boykov Y Y, Porikli F, Plaza A, Kehtarnavaz N, Terzopoulos D. Image segmentation using deep learning: A survey. IEEE
Trans. on Pattern Analysis and Machine Intelligence, 2022, 44(7): 3523-3542. [doi: 10.1109/TPAMI.2021.3059968]

[91] Salimans T, Goodfellow I, Zaremba W, Cheung V, Radford A, Chen X. Improved techniques for training GANs. In: Proc. of the 30th Int’1
Conf. on Neural Information Processing Systems. Barcelona: Curran Associates Inc., 2016. 2234-2242.

[92] Sun YM, Wong AKC, Kamel MS. Classification of imbalanced data: A review. Int’l Journal of Pattern Recognition and Artificial
Intelligence, 2009, 23(4): 687-719. [doi: 10.1142/S0218001409007326]

[93] Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: Synthetic minority over-sampling technique. Journal of Artificial
Intelligence Research, 2002, 16: 321-357. [doi: 10.1613/jair.953]

[94] Pawara P, Okafor E, Schomaker L, Wiering M. Data augmentation for plant classification. In: Proc. of the 18th Int’l Conf. on Advanced
Concepts for Intelligent Vision Systems. Antwerp: Springer, 2017. 615-626. [doi: 10.1007/978-3-319-70353-4 52]

B op 3253 32k -

[59] M, JiER, M, 4. T WA BB BT ELR IR, BAFEHK, 2017, 28(1): 160-183. http:/www.jos.org.cn/1000-9825/5136.htm
[doi: 10.13328/j.cnki.jos.005136]

[61] Zaze, s, 2k T IR BB RBURRE 0 4000 5 BG4 R0 7T 453K . 3K 24, 2017, 43(8): 1306—1318. [doi: 10.16383/j.aas.
2017.¢160425]

[62] TR, Bb, BAZE. FETIRE 2SI K Fi 4538, H s, 2019, 35(11): 58-74. [doi: 10.11959/j.issn.1000-0801.2019268]

[64] R, 485, BAZR T FETIRE BRI B AR Zid. B0 5 N T2 fE, 2018, 31(4): 335-346.

[66] HIE, E5a, T 5 TURE S S M ERIE o807 5408, BATHHR, 2019, 30(2): 440-468. http://www.jos.org.cn/1000-9825/5659.
htm [doi: 10.13328/j.cnki.jos.005659]

[84] B, phtdh, BUSE NI, 45, T3 B 2 o 1 IR S 9] 43 B H AR 73k J . L 2% 41, 2020, 48(12): 2476-2486. [doi: 10.3969/
j.issn.0372-2112.2020.12.025]

[85] WL, M, BIMIMR, REK. HIRIRE R ALLGR. hIE Y62, 2014, 7(3): 365-375. [doi: 10.3788/C0.20140703.0365]

HER(973—), B, 4, #ox, M4 S,
CCE 4 5y, R B AN E 4, HlLak

N i

B#HiE1996—), B, Htd, EEHT AU
-~ = 2, BRSO,

B#tEA (2001 —), 3, B4, EEH USO8 R
ﬁ B2 2, Heln g o, S

)

.

-z

BXIE(1979—), B, W4, B2, £ 274U
NIB(EILS, #A 5

© PEBEERKCEIFR  htps/www. jos. org. cn


https://doi.org/10.3788/CO.20140703.0365
https://doi.org/10.1109/ICCV.2019.00667
https://doi.org/10.1016/j.knosys.2021.106771
https://doi.org/10.1007/s11263-019-01247-4
https://doi.org/10.1007/s11263-019-01247-4
https://doi.org/10.1007/s11263-019-01247-4
https://doi.org/10.1007/s11263-019-01247-4
https://doi.org/10.1007/s11263-019-01247-4
https://doi.org/10.1007/s11263-019-01247-4
https://doi.org/10.1007/s11263-019-01247-4
https://doi.org/10.1109/TPAMI.2021.3059968
https://doi.org/10.1142/S0218001409007326
https://doi.org/10.1613/jair.953
https://doi.org/10.1007/978-3-319-70353-4_52
https://doi.org/10.1007/978-3-319-70353-4_52
https://doi.org/10.1007/978-3-319-70353-4_52
https://doi.org/10.1007/978-3-319-70353-4_52
https://doi.org/10.1007/978-3-319-70353-4_52
https://doi.org/10.1007/978-3-319-70353-4_52
https://doi.org/10.1007/978-3-319-70353-4_52
https://doi.org/10.1007/978-3-319-70353-4_52
https://doi.org/10.1007/978-3-319-70353-4_52
http://www.jos.org.cn/1000-9825/5136.htm
http://www.jos.org.cn/1000-9825/5136.htm
http://www.jos.org.cn/1000-9825/5136.htm
https://doi.org/10.13328/j.cnki.jos.005136
https://doi.org/10.16383/j.aas.2017.c160425
https://doi.org/10.16383/j.aas.2017.c160425
https://doi.org/10.11959/j.issn.1000-0801.2019268
https://doi.org/10.11959/j.issn.1000-0801.2019268
https://doi.org/10.11959/j.issn.1000-0801.2019268
http://www.jos.org.cn/1000-9825/5659.htm
http://www.jos.org.cn/1000-9825/5659.htm
http://www.jos.org.cn/1000-9825/5659.htm
http://www.jos.org.cn/1000-9825/5659.htm
https://doi.org/10.13328/j.cnki.jos.005659
https://doi.org/10.3969/j.issn.0372-2112.2020.12.025
https://doi.org/10.3969/j.issn.0372-2112.2020.12.025
https://doi.org/10.3969/j.issn.0372-2112.2020.12.025
https://doi.org/10.3969/j.issn.0372-2112.2020.12.025
https://doi.org/10.3788/CO.20140703.0365

	1 引　言
	2 相关研究概述
	3 新型图像数据增强技术分类法
	4 数据增强方法概述
	4.1 基本数据增强方法
	4.1.1 图像处理
	4.1.2 图像擦除
	4.1.3 图像混合

	4.2 深度学习相关方法
	4.2.1 自动增强技术
	4.2.2 特征增强
	4.2.3 深度生成模型


	5 评估指标
	5.1 语义分割
	5.2 图像分类
	5.3 目标检测
	5.4 数据增强方法效果比较

	6 数据增强面临的挑战和未来研究方向
	7 总　结
	参考文献

