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Image Generation and Its Application Research for Industrial Process: A Survey
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Abstract In computer vision research for industrial process, the practical implementation of intelligent perception
models is contingent upon their capacity for adapting to complex environments. As a result of issues such as non-
uniform distribution, inadequate diversity, and significant interference within available image datasets, generating a
training set that meets the multi-condition distribution is pivotal to enhance model performance. In order to ad-
dress these issues, with the municipal solid wastes incineration (MSWI) process as background, this article focuses
on current research on image generation and its application for industrial process, providing support for perceptual
modeling for industrial images. Firstly, the definition and process of image generation for industrial process are sum-
marized, as well as their application requirements in industrial process. Subsequently, the image generation al-
gorithms with potential application value in the industrial domain are analyzed. Then, an overview is provided from
the perspectives of industrial process image generation, generated image evaluation and application. Next, the fu-
ture research direction is discussed and analyzed. Finally, we summarize the article and provide future challenges.
Key words Industrial process, visual perception, image generation, generated image evaluation and application,
municipal solid wastes incineration (MSWTI)
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Fig.6 Image generation and application process for industrial process
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Table 1 Variants based on GAN (continued table)
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TEI (7) H, Lyeg 7~ IENIALIN, 1805 208 I Ay
/IME KL (Kullback-Leibler) #(E Dy, £ 1EAF

BT 5 TIUE S0 53 A7 TR AR RE Ak, 32 1 456 757 W Lyey Frn 1R

PR RAT IR B g(2]w) R4 EHI AR 2
BIEA R = KRN, p(z) RETUE SUHSet8 24,
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Lreg = Dxu(q(2|)||p(2)) = SRS VR B AR B 2% VAR (75 (R AN % 2
1 B,
— = (A +In(ed) —pi-0of)  (8)
2 g 2.3 itER
A1, oy A, 73 A G 0 5 A L O B 0 TR AR TRA AL B2 AN RS ST AT A e 1 R R
B RR A SR AR, FL A0 B A 3 3 A I T A o 7 B

VAE MY ZRat 2 B 78 2% 31 3E 2 1078 75 3R 7~ fl (1 56360 4 AT W Sy 5 25 (R0 B0 40 A, 398 T S B o
fife i, SR T A 1A AN B 0% 10 98 75 25 (8] Fp S 08 g oA . A 2 AR (Transform layer)
8 FEREAT A2 pl, AR SR AR A0 555 5 B A E g i AR AR 2 (Scalar transform layer) 41%, Rl

#2 T VAE WAk
Table 2  Variants based on VAE

FF5 TTEARR BTN SRS E

HEFE BB NE R AR, BERS A R e S0 B B
1) SIAFRIE B B AHE BB, It SERR S IHEEN NI ERT.
2) R TESHET: FovFE AT BRI ) e 7, T R SRR LA T, B T AR AR e e oo Bl e 1k

L CVAE s g Fpi b e By, (70}, 2015
3) ARG IMER: SRR G I AS TH IR ) I KA R 72 S N FRR 25 1 5 SR, WA 2k 1l 2F )
HE 75 A 4 2R B
KBNSk 75 S TE B 27 ST RN B 26 i, [ B 5 V5 7 2 o g 0 i [ 7 PR G 75 A1, 75 4 L
Al fEREE.
1) MBS R EBEN F% IR TR, AT BRSO R A B 5, X511 2 Bl ) i
B L.
9 AAE 2) WHLIGR: KR HUIIGRS: > B R R T &, Be 827 S BIBAE 7 A (A TURHE, X T IR e e vk 11201
. (71, 2015
3) IETEAR B T 1L B B 58 BN S A, TS AL G0 IEAS 3 A, RS B U Mg ) A 28 1)
e, 1T AEAS A R R TE I 2 A4k
4) TR B S BB ROR B TR, F il — N A a8 AR Ak, TIE 1 e L A g ) A g
AR, X R ET RREET EURAE L G A K B s s S N R A (.
PR B gmig 28 A T 5 (Evidence lower bound, ELBO) [J_E5¢, g5 5 HERf LG 115 56 7.
1) $#&% ELBO ) L35 3R H T ELBO 5, il ik w8 748 & () 51 B E 3R 4711, 25 4f ELBO
) AHAS X HSOBSR A 1 B v A
3 IWAE 2) ARG S 36 A Al i B BINBAT 2N BB N CREEREA, HERRHLAS TF S 36 A0, PR R AT I A [72], 2015
fie .
3) EE N E R A R B E W T AR A T ELBO LRSI A, R e N AR R RE .
4) BT PRI TP EEERCE, WA TR IR A, SRS A A R 7).
T ME N G g S R AR TR, AL MBREE B, AT T R dRiE Fn s 4.
1) 30 A e (1SS 20 my B A R b sk 25 i A S k.
2) B g0t AR AR TR A1 M5 S5 BN BT e, (B G H i .
4 DC-IGN 3) o IR TP 245 £ A0 SR o P A AR 20 X 24 5 g | AT A A RO B ] P 25 31 3 MG b RS R, PR Hb [73], 2015
A RCET I A
4) BAESERE: ) B SRR MR A MRS B, ATEANE AL S SRk, B misi i A
iR 7).
] FE T b S JE A I RRAE R, T8 2R FORE A (1) [ B 27 ST HRFAIE 1) 3808 7 =
1) BRACHI R : T2 ST 500 =E B RS A R AR R R, AT AR B SE INHERA RN 2 FEAL IR AR,
5 LVAE  2) SURHENT: AT SRR YRR 10 R 3 21 2 WRFAE O, SR S S eI [74], 2016
HHERR.
3) FESAUL: R RHE R R T 6550 B, 0B 5 OO, 1RO L
SRS T S M AR Ak 7922, T R A AR BE A AR B s HEAT U 45, 02 B 2 ST P M REAR 55
1) B ERAE R EN VAE 4#: KWK VAE T EFRESR ORI, BB VAE A T8
b ek £ 4
6 SSVAE A ETINERE RIS (73], 2017

2) b5 KA SGD FESHALE AR MAL T I & A WE 1 VAE, KA — A SRR
3) BLF T B o0 MERRAE T AR 2 S i 2 M B 2% S Bk lan o M B SRR A AL (Semi-supervised
SVM) Rl DBN 2.

TR AL BISURR VAE (13 BIRIAE /1.
_ 1) £ BRI A7 R B (3 BRSURR VAR 1043 BUREUAE /7, 1% F A7 S0 K 52 1 R T
7 nfoVAE et g b v S5 S RO, 05 B U T L A 5 AR 52 2 [ T4 . [76], 2017
2) HoAbF7iE: SR SCD AR ZHALH AN MBI, SR AIAMI I8 4 B4 0.
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Table 2 Variants based on VAE (continued table)
5 TTEATR FETTHR SCHR S A

EEINE £ AT P GE N CIN A RSN ERE 2 s ==t 8
1) Z RS G55 — N Rl a2 AN Jm gt ey, AR Hgm A0 o xR — AN R, 12855 m] 26 B

8 MSVAE o A [77], 2017
2) RlA SRS K AN U 115 B RhA DU R 2 BUR, o7 R A 4 R gn il 3 AR il — AN E ) &, AR5 R
FH 2 AN J5 0 SR ih B P T LE 1) B AR Dy S [ RUBE R M, BB i R & 15 B 24 1) 1S
KIS VARE 4y A4S %% (Recurrent variational autoencoders, RVAE) 2% ] Rk M4 iRy | e (EA7 1

o RVAE oo (i et 7 2. [78], 2018
SEE F gD A s FIAR Sy F Sn it o5 10 AR, SRR ML R At BRI N ML, F A s B I Z AR, T
IR

10 CIVAE 1) MBI B BREAY A S B RME IE, TH AR AR I AR ZE R KL B, X 2515 S T SRR 17y (79], 2020
Ry, (AT A i R I B A R ’
2) FAEAE R AN A AT R, AR ESOAR IR, 4R A R B R IR R HE R XU
3) ZREVE: JEI TINBEHLME B B AR i, AT AR R 2 FAS [ ARHE ¥ AR
F:F Transformer (142 SRR 38 1Kt SCAIH AR G i A (I 48 v &, SR PR RS 3805 12 1) B Ak R IR SR

11 DALL-E KA TE MBS 45, @it K fk ELB (Evidence lower bound) FISEME AT 240, el A 5 [80], 2021
ZRBURE T AN E B R
K FH CLIP #4488 AT 43 J5 SUAR 5% BEUE AR R
1) S REGAER: B SIS EH ARG RE, B R BUTE S 3 N 2 A FALS, i e A G %
FEPERIEEHIRE ).

12 DALL-E2 2) K H CLIP #7138 78 & % CLIP BEA A s B N LAME I &, ARAS 42 21 G b (11 SR [81], 2022
A B, I ELRE  SCARH IR b AR R AR
3) SUARFAFA R K SO RAE N, Az S AR VT FC ) B, S vl e s 45 0 S A Fifh 338 1 A J AR 1)
FR .
1) 2 H BT 10 7 CE R AR 3 B AN 43 A IE WAL HE S, B T FSL (Few-shot learning), L4 5656 9% & M4 (Prior
relationship network, PRN) FIZE+ VAE /550K &AM 4 (Variational posterior prediction and regu-
larization network, VPORN). i@t PRN Fl VPORN, M/ EAf A b2 > B T8 £ (¥ 5G4 P KR HEAD 2K 7]

13 VPORN PRI, (82], 2023
2) FT IR 3 A il T BEARAR 10 B 2 BT AURE AR 1) 07 22, B I SRS ALUBIURE ()R AIE, 30 T B S 1 ]
BRI

N , e N N N

REUSH OB RO (P R e, R b 1N Lh [ 4
: P ) . FlOW__NZ np(zi)—NZ n etd - (10)

BOR AT B R 51N AR et th T3 #u e
AR, AU R T S B M B A T B 7 A A ) S
1% N B S S ol - R e = S B = N
AE].

TR H AR A2 e KRRl o, RV KAk
WIZREEE AT T IR, i i R S5 M R AT
Wk, AT AR AR R v TR SRR A B R R R R
H, o H Ar ek BT R i 2 B SO SR
(Negative log-likelihood, NLL) ik

N

1
Lriow = N ;lnp(%'i) 9)

R, Ly FRIOTHIAABR, 0 550 M
&, N IR RIRRRAE S, p(z:)
AT plz:) x [det 42|, = Fora, MAEA L,
s SRR L 5 AL O T EL . X (9)
AL BRI, R R

Ao, BB IR 2 AR SR8 3 A T (1) A0S 250
IR, BT AR 2 I 22 4 = W o Ay 58 B0 e AT
AT Z1 ) ROk K, B 125 R AR i DS 78 75 8] 1 5L
57 (8] PRI A8 T8

FE L BRI R I Zrrb, ATRH SGD 25 1iib
AR S UN AP EAL /S T

g5 b, WS RN T S HE 0 A i i o) H ik
SRR 25 58 B fT B A AT, — bR B T ek R 3 A
SRR BRI AT S HORR) F AT 30 45 4 1R R
Al BB B RS A A A R AR A 2 AR A
ARG IR TR A W 22 WX 2% S R T N3k 3 o,
2.4  PixelRNN

PixelRNN KL M 2% (Recurrent neu-
ral network, RNN) &5 2 (0] 1) 2 A4 ME 2R 70 A7 2B
IR, Refs SCILZAR R B Ak, HOGBE R IR T
B2 TR R e A e OB OC 2R, 5 o RE 8 JE i i
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Table 3 Flow-based model
5 EA)S F TR SRS AR
1 NICE VERE AR, 2 L AER P 3 N E MBI E, BUN&HE 2 REUR G Z M4 EUESE 2. [33], 2014
2 VINF 1E VAE HEWTIEFR 51N HL G544 (11 )3 — 1b 7028 23 HE T [83], 2015
3 Real NVP & ZEHEINGRZ, v HIFHh k32 BRI 8, it 20 )RR 254 LA ARAR AL 1) 1 S B R0 A7 i 2= ). [84], 2016
4 IAF 5 B [ 45 ¥ (R TR R R I AE VAR 25 433 i b (s 28, [85], 2016
5 MAF TAF [IRTAERR ¥ Real NVP F IS5 HUZ 5| N TAF v, Refs s iF s B R REAS, AR HIR I T 186], 2017
FAFHERY [ FAI CMAF, K MAF B I B AR v ’
SR P 3 AR ke (67 B0 AT (AN oA ) WIS B B R 43T, WA S 0 o o 2 PO AP A A R M 2 2 B i 1
1) AT PR B TR SR S ST R R AR AR R R B B T, SR P ARRR (K m 3 A 4, RIAE &2
(Coupling layer), ¥4 N I —3BVE i, S —3 o0 UL 3 5 S5 o b 7454, ST
p GLOW NS5 2 )RR AT R R R B R A (AR 87], 2018
2) TR E AR AT TS s SRS m e iR, SR A S B R, anfE g R A ’
BCANF B 5. BRAh, SR AT TSR DO Sg AR A I SR AR EE AT i ek b Ak B8 K RS 58 42 9 5 i
PRI ) SR AT
3) 7F BRMG AR SR A 4 45 AT 10 B S A
7 i-ResNet DABE 22 P9 488 Rt o A R R, R R 240 A Bk 22 RT3 R AU R TSR0k 22 B A T LR A7 51 = [88], 2019
T 22 (¥ UG XIS 548 7 1%
8 ArtFlow 1) JTofm 22 i) UG RS 5 B . SR AT P 22 AT AT MG XK e B, BB T A G0 vk v R B A 2 1) R [89], 2021

2) SCFFZ XM ArtFlow AT BLIRI S FR 2 FhXURS AOEERS , M8 58 i 3

IR 28 o 28 s o Ath 7 R R B 7R AR RIE AN 2R
HET, PixelRNN 58 T Z4& R AL LM Ll B
FAH A S O A AR

Pixel RNN J8 & 7] 3R FH 28 A B /M 470 B
SR, FLE AR o T URTR

Lpixerny = —InP(q) =

N
~W[[P@la. g2, -+ 1) (11)
=1
X, ¢ BRE « MERME, N ERBRASE,
P(ailar, qo, -5 qio1) BONTELS BRI G KA
T TIO 2 B AR 2R AE R 2 AR
BT8R R A R T 2 A g &,
FIr LA PixelRNN F4E BGHE B2 . PixelONN i 4
F A G R I AT AL RE RS [ A2 e — M R AL E 1)
BT IEEAE, B m 1A BOs .
25 b, PixelRNN 2% B 7 B R AE AEH #

Z M BN, TEAR 2 3 BIEA 2 N 2% 75
AbEE IR, HARERBAY 2 Row LSTM il Diag-
onal BiLSTM %%. PixelRNN # AR K HAF AR 4
* 4 Pk,

2.5  IREUER

P UK E 0 AR TR AN A R 2H e, o
FEW S ORI IR 3 B Be. Horpr, A I8 I 00
RN FLSHR P A B D Fe A IR A, T i
AL o M P A S AT REFRAL M P A1 Jim i
A R TR g I 75 R A B D A O LS B AR A, 3t
T ASE 2% A4 I AW P o A S 0 B T I Sl A . AE
ARG RE T, BTG S REAS T 4R, a2 R4
IE T3 HCRE e A RE AT D e A IE SRR AR, 2L
FEAIEAOD TR0 I JE AT AN AR AR T ) #R A

FEAJG B, 3 BSOS R ) R o e 3l el A KA
SR THIR A OB LR A, a0 T sUFR

* 4 PixelRNN A

Table 4 PixelRNN model
75 2 FETTHR SCHR Sy
1 PixelRNN BRI A ME R SRR )7 5UE 5, KA TR [0 03 9 24 T B AR R Ad, 4Rt 3 PR Rl 45 135], 2016
e PR T A L Pixel CNNL Row LSTM Al Diagonal BiLSTM. ’
9 PixelSNALL 7T<)ﬂ PixclCNN R AR O F O VAT R, SR T 0] % 21 B i AU HEAR 3 2 I K B (90, 2017
R R,
3 Auto-regressive  GAN "1, £ B3R A 5] VSR A6 Rl i 482 (0 AL AT [91], 2022

GANs
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LDiffusion = - lnp(X) =
T
—In][p@ilaeiq, - @) (12)
t=1

R, x, BoRFERAE ¢ BOBIEREAR, T FoRE
BFEPEL, p(ae|me_q, - - -, 21) RONTEL E R 2P 1
FOHEREA T TR 24 A0 B 1A) 25 50 AR ) R
.l PEUBL B H bR R B B R N AN B
) 25 () TR A5 2, 0 AR 7T SR FH i iy O 22 858
NSRRI O R A

ZE b, BB I P e R A S B b AR e
A R FEAS, IF B S RE 0 1A FE RN S AR AR A, BB
% 77 A= v JoR AR AR EL LA 58 v 119 2R 3 P R T A

P, AR B AL 43R 5 BT,
2.6  Visual ChatGPT XiiEE5l

# ChatGPT F1Z /> SOTA 03 i a4 7Y 3%
$2, RefE SLILTEXTUE R B A AR BB A Visual
ChatGPT MRS HYEANFS IR W 5 Frow.

3 IWdRZzEEERLEETFHMSENA

R

GEAARTCE 1.3 A HIREE, AT M )

x5
Table 5

b R 0 AR A B A s AR P A R A B 15
FI3E 3 AN J5 i #EAT W SR BUIR M 2R3E (A 8 Frow),
FEREITBUREEATT 12K,

Tl S 2 E &R AR IR

ARSI 2% Tl o e P8 A R Tl LR R A
A, R Tl A B 2R RSO T ) A5 A A A 2
THT 171 2 A AN A2 AT [ W P PR 5% 8 N5 [V EAT
3.1.1

3.1

H [ H 28 73 0 A P09 B R AR

BT Al A AR 23 A1 AN S5 1) I @, W) R AR
AR /NREA 73 AT DL TE R AR Bl 1 SR, 32 8
4% VAE. GAN filE4& VAE 5 GAN BRI A5 H0L.

1) VAE 8L 385 K IR 4R 2 it AR 4E 5%
NG L1 BT ST @ L B /1 i 1 a5 (122wl ]
rh R AL B 2 A AT RE S NI 5T, VAE A 1)
TR REAR AT A BT S B 1 R, T A R g
e AR R TR P B A SR B AT A SR [96] SR H
LA (Convolution encoder, CE) #E47 #(##
B A SCHER [97) KRB H iS85 (Convolution
autoencoder, CAE) #HT Y 7.

2) GAN B i Bt GAN AR [ Sk 4%
IR A BB () S8 18T, 3 T S 30 B 0 R B AR AR

P EEA Visual ChatGPT KT
Diffusion model and Visual ChatGPT large-scale model

R

)
o

BN

SRS 0

HeTBREAG TE A0 SO, HOE 45 20 VERCAG T B0 20 AT BB BE, I Langevin 7724240 sRAEA.

1 NICS

2 DDPM

3 ILVR

4 LDM

5 ADM-G

Viusal
ChatGPT

[=2]

1) BREEf T B AL TARYERIE BT, BREZAR E SCHAE LS, SRS FK-F B e 768 7 DR s 30 - Ji
TG AT SRAS A B 150, RIVRRET R A e 7 /KT s HdE 20 AR BB FE 1) 37,

2) FEASAE R R T IR K Langevin 3 157575, TERME TR AL En i, FI 5288 1
M8 P K TR T SR RO L.

SENIE 37 O A g A J A Y S 35 A LA e 078 75 2R SRR AR, SRR K Langevin 3)) /) #2418
TR, B RO PR E b K8 5 B S R HE AR R AR

£1% DDMP A= it 2 (I BEALYE [ 42 HHJE T AR B 404k (Tterative latent variable refinement,
ILVR) 2510 7532, 2242 i) BB A= e i) [l s 2 v o 2 L1

B2 A B R (Latent diffusion models, LDMs) AE#87E A FR A5 VE IR T SO AL A1 45,
I B A8 ot S5 R E 78 725 ) rh I R SO 2 3@ BINZE TR R I, K BOBE B 4 A8 Sy e 5 Ak #4237 )
FAFIN (ASCARBUAGAE) (58 FL R IE (64 g ; 38 5 78 785 4 1] b A7 1 2R R ik 204045 1 i 5 R 4
FEBRAR 14087 o5, R T SE IV B 75 SR PRI AN w3 0 2 R 5 k.

SKH UNet 50 (3 SO 84 | L8 ek 38 I bsa 280 1 1% B R B8 188 LA A5 ABE 28 1) ]S R AR R 5 5 388 7 v
JIMLEI ) Heads, KFH 32x32. 16x 16 F1 8x8 M43 HER AT IR J1i15; KA BigGAN Bk 2T
SREERT SRt it KRR S2L, BEW87E LSUN M ImageNet 64x64 (1 BG4 B ik %) SOTA,
FTHE GANs“ZB .

BT ARG R, I L 22 N g e 2 U HEA TS L.

1) DUSEFERASET: BEfE AL L RN, 383 PR SOAR BRIk £ SRS 1T B 08 S & SR A0 2 1 5 R 1A
KIITA.

2) RGN R LR N5 SO R E AR 25 15 SR 2 BEAS TR A A 1, A T e 5 AR 0 P AR
WAL A SR [

3) L B AR5 L AR SO P I 2 AN e A SO A B R, AT SN B R PR g 2K

[27], 2019

[26], 2020

[92], 2021

93], 2021

[94], 2022

[95], 2023
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Fig.8 Structure diagram of the current research status of image generation and its application on industrial process
FHSRATFTU R SR, [
SOk (98] $EHH T EUE P05 E IS (Adapt- e | [25
ive balance GAN, AdaBalGAN), H @l st 4: BE ;fﬂ;gg

k% GAN (Condition GAN, cGAN) PAZE K,
o R L P PR BEAL s [ P R 0ot R B R i 47 o0 3, &
T 3 A= s 1) 35 J5 AR 43 S U fe 1~ 1 e o
BB PR AR % P R 4 A B
R F s A ) 25 P SR AR g s 2 1 v R 3 s
P G55 25 3% PR HE R R 3 S B A B 5 P 1
BRpamE, Has B K 9 FrR.

FUREA

I i 053]
bR e

<l
ik LR

B9 AdaBalGAN &t [&]
Fig.9  Structure of AdaBalGAN®

SCHR [99] FFKR TN ) GAN (Edge-ori-
ented GAN, EOGAN) DL giE B4 4 RS, 1
AN P B I G A T D e e AR S 40 A1 B
BAE RS, FHANZ AN R WK 10 Fros.

SCHR [100] 32 T B ER SR IMMEAS B A R
HeEE cGAN, TE 3l [F)—47 [m)—h ) 2% [A) A R Rk )5 PR
fEAE S5, AR A 40 2K R Bk 22 A Rk 215 B
BTG SRR A B, PR B AR A BT TR AR,

SCHR [101] 32 HKs A e AR 5 s BRpt A LL 41
TRE 5 B AAE e AR I 7 2 i ASE 28 A i i 77 B e
#t GAN (Improving GAN, IGAN), RefE/E— & FE
b GRS i, LA 11 B, HdhBE bl

HEG
A (IR
Oy 2§ EREG -
n || SN |
FHAE K ‘
[ <IDBASAE, AR >
(a) MR
(a) Training process
THLRAE
PEI A
HEEIR B
(b) Wl 2
(b) Testing process
K10  EOGAN ilIZeAnliid #2"
Fig.10  Training and testing process of EOGAN™

W 2 IR A, o 2 BUEIXRILE (0, 1) W
TRA T R EL

3) A VAE 5 GAN 8L @il 454 VAE 1)
TRIEAR B AR GAN HIECHE A ot o, JHEE Sl
A BB 2 A il PR A B RCR.

THI 1] ) Sl R B A M 72, SOk [102] $ & T
GAN HJBRIAFEAE RAESE, HOTMATITE: 1) 52
DX 3 1 R ks, BDZE P50 ) 0 DX 4k ST 457 2K o 45 A
& TR A B R AT 55 2) BTh i as—
FR 3 1Y) AR AR A, RS 25 A N R RUBE 1F) B G R
IR AR 8 JR) BB R B, () I CR 45 TG Bl B X I3 A AN A
3) BIAN/NEO AR B B AT ik, R s
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Fig.11  Structure of IGAN!") Ehdﬁ@]ﬁji%% De2t_1] m
w—»?ﬁ
St 41 AN - . i
L b, EIR T VR I A R B R 1% D
DL B SR ANEEAR A3 A A5 1 B A, HoxE e T B i
AT e A3 AR TR S )L TN 4% 8 g R 27 ) BV 2% R

HEHAZHM T E B ERE RITK
% K FH UG B EMG 1 4, BV e YRR ik =
& H FRICREE 6 77 UAR e e AL FIRE AR 2 FEVEAS R 1
R, HAZ O R T GAN FIIEIF— M 4. ik
—IDHEIREA P A, AN ] I SR LA 5.
1) BT k. 51 NGRS 3G N 2 AL X HT
Wik, SCHk [103] 32 H A T G AR B ) 28 T A
GAN (Surface defect-GAN, SDGAN), i@t 5| A
D2 X k00 80 2 4, 8 iR E S — 2
TR A BB 2 5] /b B [ SR B AR K B I G SR P

AR CARAF B AT RRAE, Fegh i 12 A,

3.1.2

B — Bk
Hy F( G(y))H

::}
1 * |
! {
[ -3 A

D2 Xﬂ‘h%

’ﬁﬁ G
F(b)

_>Hb G(F(b))]|

PEH— Bk

12 SDGAN & fhos

Fig.12  Structure of SDGAN!

2) O R A BN AN AR AR A 2 ). X
R [105] 1553 T GAN 763 — Sk 45 M #f DL 2%
I BT R I EVGURFE [R) /R, 52 51N 38 ) 2%
PR H0 500 35 DL ST 5 RRAE Y DuCaGAN, H 458
W 13 frs.

3) W& LR GAN: £ AN A Tolk 75 SR 4 A
FHARE K GAN W% & xF E 2h b A il & 4
(% 5 EMT 55, SCHik [106] $2 KA DCGAN Al
CycleGAN A kB & K H PatchMatch A1J#
HAMEZS (8] GAN (Periodic space GAN, PSGAN) 4=
FTGHR R E  EG s, aniEl 14 Fos.

13 DuCaGAN £ty
Fig.13  Structure of DuCaGAN!"

4) T REA 4 @A [F) R A B S e
S AR R B R 2 2% 1 S A

TH] [ AR A TP B OB AR T, SCHR [107)
FRMEET cGAN PSR S BN A B LR 1S
HRELL TR B IR R i H AR A AT S5, B
SRR A DI 5 v 3 S50 00 TR K ) ) R, SR [108)]
i H R A Ty ko W A 1] PRl AR e 45 o, o ks M £ 19 R )
BRI EmE, L Je DR ) B AN, 2T GAN 4R
i EORFAEEARBL R H An sy 5, iR
FRRHIE fil 5 A1 2 RUE ROI (Region of interest) i
i H T Faster R-CNN (Region-convolution
neural networks) H il 24t

BIR BRIV RS B IR A () Z2 R, LT 17
TV AU =, W A2 BT & B R AR 2 A
AR f R B T T 8, R PRLE T 4 2 1 T B RR
TIEIE 8 /2 5% € 1) DAL AR SCHR R . B4R, N
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Data enhancement process for periodic texture image!
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Table 6  The essence of image generation problems in industrial process
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Table 7 Evaluation index for generated image
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Table 7 Evaluation index for generated image (continued table)
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Fig.16  Detection process based on data enhancement of SDGAN!
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Fig.17 Defect segmentation process of periodic texture image’*”
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Fig.18  Architecture of identification method for electrical equipment
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