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Abstract

Image processing and recognition technology based on deep learning has developed very well.
However, in some image recognition tasks, due to the characteristics of deep learning models,
some deep neural network models have strong learning ability due to the large number of layers,
and the features in the images are learned too fully, which makes the neural network model ap-
pear fitting phenomenon on the training data. At the same time, the quality of the model trained
by the image processing algorithm based on deep learning is closely related to the quality and
scale of the dataset. However, due to the small dataset, poor image quality and unbalanced sample
distribution, etc. In order to solve the above problems, the researchers proposed to optimize the
scale, quality and distribution of the input data of the model by using image data augmentation
technology. Applying the augmented dataset to the deep learning model will effectively reduce the
probability of over-fitting. The main contribution of this paper is to discuss the existing image data
augmentation technology, and summarize the traditional image processing methods and data
augmentation methods based on deep learning, among which the traditional image processing
methods include geometric, color, and pixel transformation. Image data augmentation methods
based on machine learning include Auto Augment, methods based on GAN and methods based on
combination of AE and GAN. In this paper, the technologies of image fusion, information deletion
and image data augmentation method based on GAN are introduced, and the ideas, advantages and
disadvantages of the data augmentation methods proposed in this paper are discussed, which
provides ideas for researchers to optimize datasets and improve the accuracy of models by using
corresponding data augmentation methods in different image tasks.
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Figure 1. Classification of image data augmentation methods
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RAATEE MR, IARE AR RN PA R L T2 {E. DCGAN FksiEl 7 CNN A
GAN &5, R MA G RAER, 80 2 T BRI A BEZIET, il
PR TR PRI T, TSR AE P /AR TR PR AP AE AR E 1 [

4.2.2. CycleGAN

CycleGAN [26]1F g BG4 e Atk I s BEASEAY, ] DL SIIRE A 50408 J0 75 BO v BRI AT R AT i e, M9 Gy —
AN — A RIENDD, X T G e 00 A1 FH B8 88 0 R AR B 347 BROK (97 78 1 R B D 46 B )
J& o CycleGAN 1EA— Ao 55 B4 (1) UG I 45 D i IRAE R T3z () FH T PG B R R A 4

CycleGAN PR b2 AN ORI AR ORI 26 2 R PR T X %, B2 A5 8 5 DCGAN 34T LhEUS
KI5 1Z AT Bt 3 i M AR B T DCGAN BRI N — /N 7 J iy tH — 5K TG A3 19 B - CycleGAN

HIgEraniE 4 fros.
DX DY ; DY DX
I ¢ 1 | 6 1 I
X —] Y X Y X y X y
7 F F

(@) (b) ©

Figure 4. The structure of CycleGan: (a) This model contains two mapping functions G: X —-Y and F:Y — X, and as-
sociated adversarial discriminators Dy and Dy. Dy encourages G to translate X into outputs indistinguishable from domain Y,
and vice versa for Dy, F, and X. To further regularize the mappings, we introduce two “cycle consistency losses” that capture
the intuition that if we translate from one domain to the other and back again we should arrive where we started: (b) forward
cycle-consistency loss: x — G(x)— F(G(x)) ~ x , and (c) backward cycle-consistency loss: y — F(y)— G(F(y)) ~y
[26]

[E 4. CycleGAN £519: (a) ZIEB A MR RHAER G: X > Y MF:Y > X, FEFEARNIHFIAIZE Dy F Dy,
DyEi) G X BMAS Y TEXorL, DS F& YRS X TEXR SR . AT HE—SaRMET A
Sell, ZRBEENTAN “ER—BMRET , XEMIKRBRIE T H—MEEE R A 57— MAH ERERE R
BHE, SEARER RSB, (b) FIEEF—BMRE: x> G(x) > F(G(x)~x , () REWEF—BMRs%

y—>F(y)>G(F(y))=y [26]
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4.2.3. Conditional GANs

2014 4£, Mehdi Mirza 25 A3 H! T Conditional GAN [27], 1832 H 4 H AR R AYAY 75 B 5 v 1) L
JET A B — W SRR R 8B, BTG 1 2R 200, R A BRI ) 28 1R T 2 R AR BROR
FIRAE . AR BINAE S BB HESS AT VR A, T DL T4 S8R R ol 72, X PR RR B 2540 A B
P77 AR T AR R R AR AR, PR E R MG T IR AN R 75 SR & A A Bl B 2508, 10
TR N B RIS AR . Conditional GAN £ FI W] 5 BT

A A%

®
00000
|

Figure 5. The structure of Conditional GAN
& 5. Conditional GAN HY4544)

S A B BT IR 2% 7 A P R Az O, (BRI AR E I, DA B SRR B 2Rl 14
ANIE K T BOHAN R B AR AR T VEAE — BRI T E AN BEA 80 S 4 5 A 55

4.3. BT Bah4RIDERFE X A & R BIEEEA &

B f 5 S A R 2% G A Y — SRR T2, IRAS R IR R, RIS G5 55—
TARRD, SRS AR I AR 17 R OB A I 1) B e IR g A AR A 1) 7 3 e % S LI R B A AR A
FEEREAR R AR 78, SEBL TR IS0 1 SR BOR B v e 22 X 2% PR AL BE 0 R

FEAE O R 28482 N A B A BB AE 55 2 S, BTN ST 63 th AR ol Uk 45 5 B2 i 2= 1
LG, TR AR A A O TR 2 RN AR AT [ 3 G B 2 445 T PR B A3 FH 19 27 S0 R ZROR A R AR
FESRAA S, X i) B A s 2RI BE AT 20 58 IREIE B 5455 - Jianmin Bao S5 A\ [28]52
f¥] CVAE-GAN i Ks PRI AR A i [ (B b 25 AN B E I AL & R 3

CVAE-GAN 15 Jfe f FH 4 i 25K 20 52 IO VI 25 B BBt MR A AR 28 i b D 1+ 240 s MR O A B AR |
PRI T A S R DA R AR B R SRR A5 38 (10 K AR N (K S bR R 2 B R Bt i R AR A\ 31 73 3
0 50l 5% th AT AL N 23 AR BE M AR RS, A s A AL B T — A O R 4, Herh A e 2%
OB O i 1 IX 70 FSEREAI R BURE A 1R 75 24 S R RO PR 27 3] LS iia A o AR i Heid
SCHAER] T S EARAE VL EC B AT BLA T 26 AR R AL A 55 T - CVAE-GAN J7 ik RENS 75 2 Al BB AE 55 TH S
Bhrmrene, CAEERGERES . FBBEMSE, (B0 MRA BB MR T IS A7AE TR R
.

TE H 34 35 A1 AL BN BT I 26 R 20 G L FH 5T, Yang He 55 A [20]8 T —Flog a8 MR AR BT,
ITERT A O — FBEALIENA D73, ot 7 MBS P B 2 DA RIS B XM 75755
CVAE-GAN 75— R & 1 AR BRI 28 M1 Bl 4 2 1RO A0 35k 58 BRIEHR AR AT 55 o XA e A B0k
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T A8 BEALIENE A SO S5 A UG AE AT S5 3R A 1 — FloB s i 77 58, AR W] LA i HERf HL 2 1 1Y)
FEAS, IF HAT DARGE ol 25 9 38 L 2 A W8 A 1) B R R TR UM R AL o S RLIE B T @ TE 2% ) 1)
dropout (channel-wise dropout), M ZiF /28 &5 1) (1) F1 FE 3 HA i o 22 Tlide 45 2 =) AR M) 7 v

H4 B AE EOR FH T 808 3G 98 AT 55 B 77 VERR 1 AR s e N 26 DL A B 39 i 2 R A Bt 000 25 (1) 25
FERZ AN, RN RIEIRE T —8HANK /7. Qifeng Chen %5 A[30]32 H A AL W 4% (cascaded re-
finement networks, ~CRN), ALK MG A BT 55 A N R T J, AR AL IR 1 AT LI A& 45 4
BIHT IR N 28 A BV G H , SEIL 7R B To88 40 B 3 R0, AR SIS HRE B T AR A 2 o Justin
Johnson 55 A\ [3 14 H R FH BN 2K bR B0 AT ot X 28 14047 U SR 3 AT 55« At I 25— T U
AT S5 IRt 4, RIS AN 75 B AT AR 2 0 IR SR 2 (B SRR T A G 0 2k R 2. A RN 2R iR 3, A
TRYNZRIF T 28 rh SR B R AE o 2B Y [RIREAE EUR B AT 55 h IS T AN BV RE

5. B4

S G Al S (X B 1 SRR AT LA RS o S SR HEAT AR R AR 23T se MR AR K H 5
X AR AT 1 SR B RCRAEIL B REA 5 FLSL AR AR R

BEHE R L A BRI A RS N T SR SIS R AR AR B A AT I R o 2 TR 2
STV 1 5 15 AR 2 B MBI 78 I Ay EE XS AR AT PR RE R AR TE, T AN R TR AR TR ) R 4 5 4
BRI B 4 Gt VAR B0 484 i AT I TR B2 2 51 (R B S s BOR AR AE AN T K R AN L, R s S s B R
TR EHUL AT 55t IEAE A AR T RS . &G R A B 5 A J U A e . B AR e A A
e, T IR S ST B BB G s BOR R B S EE g Bt RS ORI 4% SR A
KT RSCHE 48 5 7 iR SRR AT 5 2 AN AR ) B 9 i G, I 03— R A ) R DR R T i SR
FEEERSAN R A 55 R4 1 R VA B AT AT 2 1 SRS (0 B . ) HOaE 35, AT S B B s i 4 o
FO H B s T A PO B0 I 2 F) B30 49 55 T B T2 BN T IR 2% (LA AT A RS AT il 25 A s 1
LU BN U 28 (R SVEREZR (R Ve v s T2k Sh G B a5 A A= Jores 70 0 48 2 6 T 2 0 et 8 o vk I
S gD MRS AT . R RS AR G 5 BT SEILBUIR G SR AR ST . ASCEGS TR G R AL BT IR A T
TR 2 SRR 98 AP T BOR, W8 T A A MR Bt 1 s BoR A sk

B AR P 7 ST EOR B AT 50, S 22 AR B RLR S Pt i B0 Bt SR U A ) et 3 s e AR
SREZ I RKWEFEN LK T B 2 (1038 5 5k ik R P = > PR B 1 5t B R A A SR (K 45
SEHAR RIS HOR IR T
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