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A Survey of Virtual Sample Generation for Complex Industrial Processes
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Abstract The modeling samples for difficulty to measure operation indexes and abnormal faults of complex indus-
trial processes usually have the characteristics of sparse quantity, unbalanced distribution, and lack of connotation
mechanism knowledge. Virtual sample generation (VSG) is a technology to expand the space and quantity of model-
ing samples and has become one of the main ways to solve the formerly mentioned difficulties. However, there are
still some problems in the existing research results, such as the lack of theoretical support, the unclear of category
criterion and the application boundary. First, the existing problems for difficulty to measure operational indexes
and abnormal fault modeling of complex industrial processes are described. The definition of virtual samples and the
connotation of virtual samples are combed, and the VSG implementation process for the regression and classifica-
tion problems is provided. Second, the research status is summarized from the sample coverage area, implementa-
tion process, and application. Third, further research direction is analyzed and discussed. Finally, the summary and
future challenges are given out.
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Fig.8 Structure of GAN model

IR ST L. Xk, Zha SE200 3@ i V5 R S A
F (Local outlier factor, LOF) #ffi & # i X 35k, X
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T8 FEPLFE A S &

2) T [ 73 2 @ VSG

a) RHIE TFE
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AR BT [ o) T &, R G 75 25 18 AR Rk L
FEA S, CA B R 73 28 W] B E) VSG B %R
R EFAL PV ESCE RSt

SMOTE 83 78 &1 1 2 A AR 8] (1) BE AL e 14
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EASREA, . NAERIEFEA, rand(0, 1)
RRAN (0, 1) Y5 22 5] 43 AR R BEHLEL.

SMOTE n] A3 AT 4 Be & MR E Y VSG
J7E. IR F Mathew 2507 $2 W 3 T In AU
] SMOTE, il i 75 2 Fr I &L (Support vector
machine, SVM) [FJHRFAE 2= [8] A 3E 47 Fei (B A B3RS $00
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It SMOTE, 18 I RFAIE HE 7 V2 0 6 AH R AIE 5
K Minkowski #5255 #e ¥ IR 2 PLAE f s 4 i
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B0 2 RBAR IR AR I /R, SCHER [76) SRR A A
RIRELAN SR AEREA AT T3 28 DL AR i 2 2R 1
AR, HIS RN ATk A Py, ¥ PR
FIAS R SRR S B e /MR 08 Ry B85 FE LA Py
RERGH Ry NP Bk, 2 5 A7 W, 2
TEHERIENEES P FIZRHIFEAR Py, U P AT Py
F; f&fa, UL NEROEE FIREE, HEEER
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IRIGHE R B RREAS. 40, SCHR [78] Kbk
HIFRBEAE N ZAHE BN CGAN, iRl 9 Frox.

9 JET CGAN [ VSG Bzl gty
Fig.9 VSG model structure based on CGAN
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Schematic diagram of original, extension, and unknown domain for VSG
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I, Huang™®! $& H i8S ORI B0 BT REAR BB AL 1Y
AEFRTTVE, RME By 8L, HRBE Dy W =4, IES
DL Hf T 56 S5 e P55 o 500 s RE AR BT 26 2 15 B I B
JLl. 7E MRS ) Huang Z90 8 IE&Y BE S
PR 25 A 45 A 1R T HOM 22 N 2% (Diffusion
neural network, DNN), {H1% /7 V£ i&E F T HRF1E 7]
PIFHR REORT 0.9 BB L. B S5, Li 599 /£ DNN
(PIEA B K HAY B (Mega-trend-diffusion,
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Fig.11  Mega-trend-diffusion technology

H E AT, MTD R ¥ R5AE A% &[] A Bk 37 Al
RENS A BRI R ARFAE VO L, 117 RE % 72 AT 4 e 35
R T REE DT AAE R AUREAS; BE—20, Lin 5507 42
H™ X EHY# (Generalized-trend-diffusion,
GTD) R, R v 55032 2 8 48 2 18] (8 55 DK
5 F1 B R s TGO, ISR B P A= B8 ) R FUUR:
AR R 3G AR G B A ] R BE A, Li A
TR il MTD AR B 2 1 B T W &5 i i 34 47
B (Tree structure based trend diffusion, TTD)
1 VSG, 1E 2 = Hg 8 A A B 2R B Tt s 46 p 4
WE 7 HA M. Rahimi 550 £ 2% T 48 I 25 [1)
MTD, K AR B Rz IR AR i@ 2 &4 CO, T
B IR S A0 SR R F = A 20 A AN A 23 A L [
RAEPNFEARFFMEM Z 5045 MTD (Multi-distribu-
tion MTD, MD-MTD) A, W 12 Ak,

7EE 12 W) MD-MTD K = 1 /3 A7 75 i 4f 35k
FEAR A A R R HSE /MR B A DL, SR 73
ATFE T R R A2 8] AE R AUAE AR

Sivakumar ¢ 2 T K i1 4F (K-nearest
neighbor, KNN) ff] MTD, il FIAFEA ) KNN
THEL e [ AR DR B2 R A 1) 45 B 40 A . Kha-
mis 200 T K-means )23t MTD, FE )
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Fig.12  Schematic figure of multi-distribution MTD

Sk # MTD (Advanced MTD, AD-MTD), 454
Hk [100] Frig ) MD-MTD 3K 1578 & % 14k
MTD (Hybrid-MTD), 785 FIH % BLH. #FFA
AP E5E MTD 5 H Al E 7 U 5, ngr
R REE [FI SR A T MTD RS Z 4 1E.

S EBAETY I A 8] N DURFE 1) 7 203k
BUEFUREAS AR, Li S84 72K ] MTD i € 9 #e
[l 5, Jodk T 5% (Genetic algorithm, GA) &
BCREAURE AN, Pl o B T A AT I B LR (Feas-
ibility-based programming, FBP) #5844 sl iz #L4F
A th; Chen &8 Jefg thE T =M FE L HE B
78 (Information-expanded based on triangular
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A Li SR NS 238 AR 475 1% (Small John-
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AR ENIS, 7] BEAEAEAN G BRI KR ULRE ARGV AR ik
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Hi 0 G 5 W 0 W A A AT AR B, SCHR [92] X i
R A HEAT 1 7% AN 4 Tl b HE A5

2) MEFIFEA N A

SMOTE 1EA%r > B FE AR 3 AT Bl LR 14 4
I VSG HR, O 32 N T P-4 [0 #
e SCHR [115) 456 MRS 3810 A il D B B URE
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Table 1  Virtual sample evaluation index for
classification problem
PR AR SCER AR
Wasserstein FF & [139] 2020
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ARG 2T Tk F2 R VSG i 78 IR,
M IETVA RN 53 285 25 il L VSG HES 7 FH A5 1 3t
17458,
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A PSO 4k B VSG, it RWNN A 5 fLEE A i
A VCHEC Y #2087 RE X K —H R (Pure tereph-
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Fig.13

VSG application statistical results for regression modeling problem
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BT 75 1 R 08 SR MRS I g 25 1k 0 g i = 42
T TOUU AR 7R 4

BT BEAT I AR FH AR 58 A A AR ) S A A DR B A
Y PR HE ) Tl 3, SCRR (6] $2 45 & Je B Fn iR Al FBP
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B 0 At A8 B VA 1) /L) VS G OB B4 HEH
UL % 7 i PN U450 78 R R e 4[] N ) R
MG o3 A% &

232 HEESEERE VSG KA

A B 9T AR AR TR AR R 2 W i, R
TR A5 DA ARSI B 2% 12 W BB 20 1)t e
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FEARAE A2 W I8 ) B

B 14 w0, 3 4 FFERI2 W USRI VSG
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VSG application statistical results for fault diagnosis on 2019 ~ 2022
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Z .
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Table 2 Synthetic datasets of VSG for regression problem
HEHE R WA A SCHR
sinz/z, ifz # 0
_ _ 49
y {1,ifx=0 z € [—2m, 27] 49]
y = 2.077 5 + 9.045 46 x (10*1) @1 + 22 + cos (x3) + 1.355 6 x (1.5 x (1 — 24)) +
zelo,1] (53]
@2 + w6 — 2.571 5l — 5.097 36 x (10*1) x (zg)
y = 0.415sinx; — 0.31222 +1/ (1 + e_m3> + cos 3 + 0‘6661_ﬂchS sinxy —
: * z €0, 1] [54]
coszg In (1/ coszg) + 0.38 tanh z7 + (1 - :1:2) coszg
y=zte e ~N(0, 0.052)
y=z+e e ~N (0, 0.01952) z €0, 1] [55]
y= z40.2sin(20z) + ¢, e ~N (0, 0.052)
=1.3356 x (1.5(1 — 211 gin (3 —0.6)%
y x (1.5 ( z1)) +e sm( 7 (x1 ) ) + zeo, 1] 57, 64, 127]
3(@270:5) gy (47r(z2 — 0‘9)2>
z, € [—7, 7]
y =sin (1) + cos (z2) + sin (z1) X cos (z2) (59, 129]
zo € [0, 27]
y = e* Dgin [dn(z — 0.6)2] + ¢, ¢ ~ N(0, 0.002 5) z € [0, 1] [20]

TE: e BT SRS M ARALL SR T oMb R A B S R 1T A5 £ g

# 3 MRS EEB VSG A HIESE
Table 3  Public datasets of VSG for classification problem

oy e ARG R SCHk
Case Western Reserve University P 55 1 L0 16 £t DK 27 R A P9 T b 2R I o D) il P i e 167, 69, 92, 132-133]
(CWRU) 7k b s 4 Btk B8 ToMUR AT B A PN S P B s
University of Connecticut 5 B FRVE KA K2 Jiong Tang 1B & A B v 6 F i e £oia 42
(UoC) AR kR COFE R RE L0 Btk , i ARZREC, WTHRIVE AT (85]
Kt gE? ENGIES SN E RN €
Tennessee Eastman process EH 5 [ B 2 A2 A W) O R A 2 I R AU 65 A ) [156-157]
(TEP) #if 4 HARLE, GG IEH LO0R 21 Fh R i Lo ERE
IEEE PHM 2009 1%¢ 48 #if H1 2009 4FfX) IEEE PHM Skl SRt i1 46 56 A bk 80
e B A, e, ik, 3% 8 Fh L
TU 223838 K Spectra Quest (SQ) VG 422838 K2 SQ S48 & 15 i s b Lh A& 4 Pl (150
AR P e 4R A P B R

et SR

! https://engineering.case.edu/bearingdatacenter /download-data-file

* https://figshare.com/articles/dataset /Gear_Fault_Data/6127874/1
* http://depts.washington.edu/control/LARRY /TE/download.html

* http://www.phmsociety.org/references/datasets

? https://github.com/sliu7102/SQ-dataset-with-variable-speed-for-fault-diagnosis
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1) 2T Python FFIREAF: pytorch.org/.
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flow.org/.
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Table A1  Statistics and comparison of VSG research results
532 Tk Tk KR 5 SCHR
LLE + BPNN 2020 [52]
Isomap + ffE % 2020 FRAEAR e, T2 ST N B, (ERRAE 2 25 H5 X (53]
FEIE T2 tSNE 4 RF 2021 [54]
HLEL 2021 BEAEE %, b3 72 R SR R s [55]
ER e 2020 LRARHIEAR R S 1, R ORI & RS [56]
2 [E#5 + RBF 2021 BRI AY, 2 [ LA it [57]
Bl sy 2021 BRAUEAY | J RGBT R SRR R A S B i [49]
T ) R AR 7 B X 3 AR MR 2023 BRI | A 8% i S o (58]
mgﬁf} ‘gf fi RWNN 5 {8 2018 RO B TR % [59]
AANN FifH 2019 FERY 22 ST REA R AR LR TE S AT R R [60]
Bk TR RWNN + Sk % 2020 S ANEE AT DL 2k [56]
MTD + PSO 2021 PR, PSO TRALIESE B A [61]
% Hix PSO 2022 BRAEBRL, 2 H bR PSO At 35 M 408 A Rl A iR AR [15]
LOF + K-means + GAN 2021 FHUASE Y SRR A A, CGAN ZE BN [20]
AL I\ 4 5
[EJ9%% + CWGAN 2022 XFHOAERY ) 383 [ ) 35 VG T DU AR A HE 5 3 [ )1 25 [65]
IR A 2% 2020 SR G i A5 SR BURAE [68]
T D REATE i DX I 2021 A [66]
JRAGIERE AR5y R TR o TN T 4R IURHE
K VSG HMERZ 2021 [67]
HIMAER 2022 N 1 P AR R SR A [69]
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Table A1 Statistics and comparison of VSG research results (continued table)

LES Tk Jrik: FEA = SCHR

AR, R SMOTE HVETER IR T

T IMBUZI) SMOTE 2018 3 L T 515 [71]
Mi“kOWSkiﬁgﬁ%_m*ﬁW‘ 2019 RO 47 0 F AA LE 7]
SMOTE + st 2020 PR, PR SR SR O SR ) [73]
SMOTE + SVM 2020 BRSO SO I B B AR R AU AR [74]
5 %] SMOTE 2021 BRI | A5 2 22 A Vi B s N 0 SR A B 5 ) [75]
BRI + R IHA 2007 RO p B0 1 S5 4 A R AR AR [76]
HARIMBAR + 2l 8 2020 BB Alifl I FEBR TURFE A [77]
OE7l ]y = SFH A S al=!
ACCAN 2020 XU A Dr(}g;{;tﬁé%@iﬁﬂw &, NG E [79]
ACWGAN-GP 2020 XU, ACGAN FIREALIR (80]
MAML 4+ ACGAN 2091 AU, MAM )56 0 A1 358 44 019 2 1]
T I AT i X dk 2 SN
FULHREAZS A0S, AT GAN + Z % CNN 2021 XU, AR R 5 2 [82]
K VSG DCGAN + K-means 2021 SR K-means SRR P [67]
MAGAN R MBSEEMI o R -
GAN 4 MSCNN 2021 WP £ GAN BEE AR [82]
H-Hifled + WGAN 2021 POk I T R A R BT R IB IR S [86]
WGAN + LSTM-FCN 2022 R, 45& LSTM [84]
AE + GAN 2019 [89]
MBI AE 454 GAN
VAE + GAN 2020 [68]
PRI FVAR S RHBIL, VRIETREI R E HU Pf f90]
AE + LSGAN 2022 XFHUTY 8 B 2 T SR i 2 [91]
CVAEGAN-SM 2022 UL AR as N E RS [92]
HB AE + WGAN 2023 USRS ST T AR (A e [93]
IEAFIRE 1997 O ES, DOE A T3 RV N FR T L [94]
DNN 2003 FOMI AR BIR, RAEAH R REORT 0.9 ARty R TGH [95]
MTD 2007 RN AR I B BRSO AR BR b ks ik v [96]
GTD 2010 BRI SE 18, &R MTD [97]
TTD 2012 BRIEERLIS, S LSS [98]
L4 MTD 2012 PO AEHIS, HE N4 5 MTD 44 [99]
geaip MD-MTD 2016 BRI S, =M S EG 2 oA [100]
KNN + MTD 2022 MO AR S, KNN #ifR& B S [101]
K-means + MTD 2022 BOBIAERE, K-means Rk BIETIR [102]
TR AR 1 XA 2 AD-MTD + MD-MTD 2019 BOMI IR 18, 2R AL S ICKAME [103]
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MTD + GA 2014 PO HE, ST R EE Y F R A, B4 [46]
TMIE + PSO 2016 [104]
BORIEELE, PSO MRAkE T R A
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Table A1 Statistics and comparison of VSG research results (continued table)
P FaE JiiE Ay e SCHER
FID 2017 PR SR, WEAE LR AR AR SO TR Bk [114]
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RWNN s s 7 2016 [104]
2021 B [129]
BPNN Wi 9020 WS R R A 1 e 2 IR TN A 52
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RBF WU R 2021 [57]
CS-CGAN ILcs 2022 [64]
I D i 2022 DEREHLR 5 HE LR AN [ 1125 [65]
SR8 I 8 DL 4 2021 [55]
BRLRZE/ANT 10% i 2014 ZIRT AR RE [46]
M AR R ORI DU T 2018 BB T [130]
it B B PSO Ak i 07 1% 2021 BIARAL B [61]
LRIk 2021 B E0H [49]
PR A B (E¥SYC] 2019 EIPNERSY ] (131]
WEH B i R4 F B e 2021 FINEFE B (49]
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Table A1 Statistics and comparison of VSG research results (continued table)
e Fork ik E4hy s SCHR
LOF + CGAN 2021 [20]
FERRIT B . S6HE R PR AR H 5 DU T R FURE A g N
ZRESAE(E + ITNN 2021 [49]
SRS B T A 2022 [85]
R sttt e s o P A VA 1
HEHE| R .
A TS :
I 2021 S (SN EY S [133]
SMOTE + 48 2012 b B R [115]
SMOTE + et 2020 P SRR GE AT ML (73]
SMOTE + SVM 2020 BRI [74]
. I "
Mmkowsklﬁgﬁﬁ PRI g T LA A R A LR (72
Ju ] SMOTE 2021 T ) A R B 1 S B AR [75]
WGAN + LSTM-FCN 2022 5|\ LSTM [84]
CWGAN-GP + FDGRU 2022 R P A T A A (85]
Pull-away 51k % GAN 2022 VAN RE =Wk Rtk bt RN [69]
RN ACGAN 2020 7NIN Dropout J2 B 1L G, R INEAR 2 SR BT 2 R¢1iE [79]
EL LI ACGAN + CVAE 2020 5\ CVAE [68]
B S
PRI P VAR S o VR R B T B 190]
MoGAN 2021 ) ) A0 AR T RS R R S = P T g [83]
CVAEGAN-SM 2022 A AR IN B R SIHLE] [92]
L V;iﬁi)”:ﬁmfz JEIT GAN 2020 6 512 <00 11 5, 32 b [19)
SMOTE + VAE 2018 [134]
H &R A 2020 BT RARIIE S VSG [135]
TR + (A 2022 [136]
Fine-tuning + WGAN 2021 [137]
‘ ST BRGTR 5] VSG
B + GAN 2022 [138]
Wasserstein 2 2020 [139]
KL #f#, F-score,
. o 2021 [66]
Kappa 3, GAN i R4t VP48 0 L PR A L A
Wasserstein #5, KL
U, BRIGHIES, 2021 67)
FERUREA T 5 BRI R 2 HL
i R B GRS, BRICHA RS 2021 [82]
IR 5 K ME 2 5 25 PPN F b 1) L A R AR 07 34 R SR AR
WL s 2022 [69]
B IR G 2R HL 2022 85]
wAHMEZE S, KL AR, 2022 AL PP AR ) L A PR AR 077 32 1 FULRE AR 92
GAN ME
Sy et ey B
SEBUR AR GORMAREMEIIRER 008 SIS K AR e AR AR 14
B B
TMIE + PSO 2016 PSO #fbit# [104]
RWNN 4 {H % 2018 [59]
) . $e B BARE A B ORE A
Fimfk T Isomap + fAfE % 2020 [53]
T VSG 6 B SR VA 35 U iy 2021 3t 5 G B DL A [55]
[5] U i it EJH%% + CWGAN 2022 388 3 (5] 25 D T2 R FOURE A 1 3 R 1 2% [65]
CE T 2020 U I LR [56]
I A MTD + PSO 2021 PSO AR I A [61]
% BH#5 PSO 2022 % B 5 PSO AL 35 R HUNE AT AL B [15]
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Table A1 Statistics and comparison of VSG research results (continued table)

P FaE JiiE Ay e SCHER
GTD 2010 HERR MTD [97]

TTD 2012 ) SRR 98]
Toll s MPV 2013 R £ 434 (112]
BOWI ¢ MR + HLE 2018 HiLk B 4 [141]
P in 2022 AIC Fl BIC H &R 5 w0 i 24 [117]

S MR LTI g i R A 7 0
RWNN #if + MD-MTD 2019 GA ARG IR AR A [145]
T3] + GAN 2020 K5 GAN W44 [146]
PGDAE + DCN 2021 5|\ PGDAE [147]

JL¥>) + WAE 2021 T I e R A [66]

- CVAEGAN-SM 2022 A AN B T L [92]
o DSAN 2022 1 B B SR A 1132
GAN 2022 HQ RS TR OIE R, 3807 22 B A8 X [148]
ACGAN 2022 I ACGAN [149]

FHIERE5E GAN 2022 L VE BB SR IR BE R AE (69]
DFGN 2021 W F B R AR MRS [150]

T VSG HE 8 1 SMOTE + #5Hf 2020 TSR B AR IO SR ) (73]
ZESEL A5 R SMOTE + SVM 2020 3 S R SR R A [74]
Lzt CWGAN-GP 2020 SN A [151]

AE + LSGAN 2022 T B AR SR RE P [91]
GAN 2019 [152]
T DACNN 2019 Hify GAN 5 H R [153]

MRS W VAE + GAN 2019 (89]
1D-CNN GAN 2019 JREFOURE 24 i H R R 12 I A A Y [154]

A ACGAN + CVAE 2020 5l X CVAE [68]

it UL £ WOAN 2021 U O A A 2 5 186]

DCGAN + K-means 2021 K-means BEG 5 gtk [67]

®A2 FFSUM

Table A2  Symbol description

4517 LA AR

VSG Virtual sample generation REFUREAS A B
MSWI Municipal solid waste incineration YT A e

DXN Dioxin I

VAE Variational autoencoder A5y B i &

GAN Generative adversarial network A R B 2%

FDD Fault detection and diagnosis AR R I 5 12 1

IR Imbalance ratio TP

SMOTE Synthetic minority over-sampling technique B DB SRR
MAPE Mean absolute percentage error PSR A S iR

LLE Locally linear embedding JRIFBRIE R
BPNN Back propagation neural network I IAE IR 2 X 2%
TIsomap Tsometric feature mapping S5 B R AE B
t-SNE t-distributed stochastic neighbor embedding AL ABIE RN
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Table A2 Symbol description (continued table)

%465 AR LI &or it
RF Random forest FEALARA
RBF Radial basis function (EARE- T3k
CSI Cubic spline interpolation =AM
ITNN Input-training neural network NI 22 9 45
RWNN Random weight neural network BEALBLRNZ ) 2
AANN Auto-associative neural network I BR AR P 22 R 245
LOF Local outlier factor J B S R T
CGAN Conditional generative adversarial network SR A A T X 245
CS-CGAN Cycle structure conditional generative adversarial network PEIR G 25 RO T 45
FFT Fast Fourier transform R ] R A
SVM Support vector machine ZHEAEAL
AC-GAN Auxiliary classifier generative adversarial network B 23 SRR U U 2%
Auxiliary classier Wasserstein generative adversarial network with
ACWGAN-GP HA BT 2 9 Wasserstein A& SO0 425
gradient penalty
MAML Model agnostic meta learning (LSS |
CNN Convolutional neural network LR Z M 2%
DCGAN Deep convolutional generative adversarial network R P R ORI 2%
MoGAN Minority oversampling generative adversarial network DRI SRR A O T 2%
AE Autoencoder SET[TES
CVAE-GAN Conditional variational autoencoder generative adversarial network SRR ) E Y iE 28 A B R %
LSGAN Least squares generative adversarial network /N A A KT 4%
DNN Diffusion neural network TrEh 2 M 2%
MTD Mega-trend-diffusion Kahy i
GTD Generalized-trend-diffusion IR
TTD Tree structure based trend diffusion e AP EREN
MD-MTD Multi-distribution mega-trend-diffusion EZ DN E-E)
KNN K-nearest neighbor Kif4h
AD-MTD Advanced mega-trend-diffusion BRI <E - EiN L
Hybrid-MTD Hybrid mega-trend-diffusion RE KBS
GA Genetic algorithm L%
FBP Feasibility-based programming RIERR b3
TMIE Information-expanded based on triangular membership ET=MFEENEET B
PSO Particle swarm optimization BRI
IKDE Improved kernel density estimation HEAG S FE A
SJIDT Small Johnson data transformation ANV L AR TV
MPV Maximal p value w®RplE
AIC Akaike information criterion At fE SN
AICc Corrected version of the akaike information criterion B IR EAE
FID Fuzzy-based information decomposition T RIS B4
BIC Bayesian information criterion D B v )
FAGAN

Fault attributes generative adversarial network WA e e A B e A %
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Table A2 Symbol description (continued table)
4 5] JEL AR AR
SRWGAN Semantic refinement Wasserstein generative adversarial network 15 SLAHAL Wasserstein A= BOGHIT I 2%
MOPSO Multi-objective particle swarm optimization % Hbpki 7RG
PGDAE Predictive generative denoising autoencoder TR AE B 25 M B SR 25
DCN Deep coral network TR FEE B 38 P 4%
WAE Wasserstein autoencoder Wasserstein [ 4iiga%
DSAN Deep subdomain adaptation network TR BE TS 8L W 4%
DFGN Deep feature generating network RPERRAE A RN 4%
DACNN Deep adversarial convolutional neural network TRBER RN P 2%
BO Bayesian optimization DUkt
DCGAN Deep convolution generative adversarial network IR AR OB 2%
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