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Abstract

Intelligent recognition of ground penetrating radar (GPR) subgrade damage is an important re-
search branch in the field of GPR engineering detection. Aiming at the problems of lack of public
data set in current recognition tasks, small number of disease samples and unbalanced samples
among disease categories, a disease sample generation algorithm MConSinGan based on ConSin-
Gan antagonistic generation network model was proposed. First, the algorithm uses the idea of
feature selection to design a feature learning module, and adds the module to the head and tail of
the generator to strengthen the connection between generators at different stages, improve the
learning ability of the generator network to the main disease features, extract effective informa-
tion in a specific region, and solve the problem of incomplete features in the process of generating
disease samples in the initial model. Secondly, according to the scaling ratio of images in each
stage, the number of iterations in each stage is dynamically changed in the form of piecewise func-
tion, which balances the increased training cost of the whole network due to the addition of fea-
ture learning module and improves the difference between generated samples. Finally, the im-
proved model is applied to the actual ground-penetrating radar disease image generation prob-
lem, and the generated results are analyzed quantitatively and qualitatively through comparison
experiment and ablation experiment. On the other hand, the training cost and the average training
speed of each stage were compared between the original model and the improved model, and the
model was evaluated from the perspective of training performance. Experimental results show
that the proposed algorithm reduces the SIFID value of the generated image by 26.5% and in-
creases the MS-SSIM value by 75.7% compared with the original model in the problem of ground-
penetrating radar subgrade disease image generation. Under the condition that the training cost is
not greatly increased, the authenticity of generated data and the diversity of generated samples
are taken into account. It is proved that this algorithm can achieve good results in the generation
of disease sample data of ground penetrating radar.
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Wit R LR A A SR AT 3R 5, #R 4 E7 1A (Ground Penetrating Radar, GPR):E A 7E F i fits T, 346
DT T AT T TR A J o Bk [l 50 A DR b S A R AS R R I HH URR (R R AE O TR N B0 44K
HOERIA PR AT R AL T SRR . SR, It TR ER 0 S A A K B R B TR AR R
FRAWERAE . fEIRE S )R BRI E 5T, R E S BRI & Re iR OB A iz — . fERIE
-, FEAREUR AR RGBSR S /), 2 AR B R e TR Ak . DRRAE CRAERE AR B 78 2 1Y)
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BT TR T TR TR AN DUIR IR i, A5 e 23 [ 1] [2] [31F FH 25 T4 BR 2 43 B 38(Finite Difference
Time Domain, FDTD)Ji2 2 1] gprMax BN ERAE, XEAS AR (R b B 1A 798 S0 g IE VAL T4, CLA Ry
ARBAEREN BB HR 2 E TR ERER TR KA B SO (R AR E 1A B0 07 5 A a3 Fn i,
15 B A5 B AR A e AR L S B B 0 2 2k vk . G 2 B B E aREoR, than LA de . B s
AR, BRIRS. MAEGINGEY AR, ZIEBRIEE S 5 TS0, RRRE ok A O Az A fg
73, ABF&ZTT IR TR0 TR 5 MR SRR IR R A S o, — Ledb o EXE S A KIE &, ELan e |
PO 4]0 MRS FEARZR £ 2R T L R EEH, 1 B A REREE 2 58 % FEARHE 1
M, ARTREgI N—S8 oG RRE, 5 S RALEAT o3 21 (5] [6].

EAER, AT B 4% (Generative Adversarial Networks, GAN) )& Xt TG B 2 ST OB e 2 1
W PEAE o Hple OREA AR UM RE 1 51 T ARZWFFEE I oRTE. 2019 4, KRFH 2B 71K mask EIE
54N [R) 1 v e 7 A S 2% A e a0 AE Bl X 4% (Conditional Generative Adversarial Nets, CGAN) I35 ,
A AR ) U-Net S5 i gk 22 2, Gl 7 AR 8 2RI ARG .. 2020 4, KIS
NI8JFIH VGG-16 X GAN RS ZE AT ik, IR RIS SIH B2, s AL R R RFAE SRR T, Tk
o PR TR 2 2R BUR B INREAR AR AT 55, BUAR T IR o R RAE 8 I I8 3o e S 28 A 1k
FEA I ZRE R S A G BRI W, =ik 7. A4, B D15 N [91FE IR BE B AR AL O Bt I 24 (Deep
Convolutional Generative Adversarial Networks, DCGAN)M £ [ 3L At |, 45 55k 25 WX 4% 465 1 5 X 4% 33
AT, M2 5] AFRZAE R, B2 h D — 0 Z RIS WZE, [ER 5 MR85 3R
NG, R T AEREBREE. 2021 4, %5 B[101/£ DCGAN Hi BN ZMGRZZ A B E
) Mute J2, G8fif 1 N EEXT BABAE A AT S0 R A B, I i R 2. 2022 45, HA
TENA T RBOCIR R ARG, R T8 20 RURS A E 3 3 5 1 0 12X AR Rl 199 248 A Y
styleGAN2-ada 1ENFERIRAY, K] (1) R KSR A B o R N A& 2 Al IR A, FF it OCM Bk,
PR A SHAR AR A o A E, AR A TR RS AR R . DL B ST AT R
FHEAE, AHH R T 05 A BN 4 AT B IMEARY R EIE IR AL, X PR M T TS A P R T A AR
TRt 7R B

PR Ik H AR AR BE R A AT 55 MR 0y, Zhang Xin 25 A\ [12]F) 5% & B A 28 . 78
FFE i LeakyReLu BREUEABOE RE, DB PG, 72400 28 45 1 1) B Je — = A
Lambda HUnt SARFEAR AT HI 7], VEE W I 2 i @ A8 B T3 55 78 B-SCAN BEUER B ARG, FFK A2 i)
FEAZARE TR B S, RO R P 350K FE 3R = 21 97%, UE B 12 AL A i i Il Sl B DBk
{ERAEE FR AW T2 B R 2R IR AR, BT X0 2L AT 7 B 0L 2R AR AIE ) AR M T R L, ALk
XA )2 A B T M A T M . S s S SE N (I3 FEAE i Bu M 4 (1 2 il b, 5] N E R w4 N 4%
(Convolutional Neural Networks, CNN), $&H T —Fp& TR EEE R A B P ESBAY, Z 77 R4 800 7K
B gh)GE, RetsdEr Bl BeR 48 Hh 0t AR e AR s ks B . RS AN [14)@ I R & #8450,
X FRAT R REA A B BT 48 (Concurrent Single Image GAN, ConSinGan)i# /T Z M Bl 4k, I3 NFHIR
SPUREEERE  fART TREE IR K AR AR R . AR A[1S)RIH SinGan X PR A HY
T2 B A EURAT AR, SR T IA TR T S H AR AR R . b Bk DT R B
SinGan 1 ConSinGan [16] [17]#8 )& T-AEAAF 20 HAEA AL SO HUR AR, -t H AT B T 2% A
RS, EAESHHEN AR RER ERES T, REAERSHETE. BRESIEAR, (H2
X EFRXIG ELN, SOREER g T2 2 o PR 7 A0 3 RN 5, SRR ConSinGan W 2%
B A AR AR S = Z e, B2 22 B S0P AR & L bR IR 5 A A EUE  H AR 2
B

DOI: 10.12677/sea.2023.123054 555 B TR R


https://doi.org/10.12677/sea.2023.123054

iR %

B0 UL ESHE AR I, AR T — A T A ST R 44 () MConSinGan #E, 1%
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FESRREA BB IR T T 20 Bol 2, AEmi i B SRR PR R 1A F KA.

ARSI R RS

1) K ConSinGan 82 Fl T PR3 B3890 FFEARAE A $2 ) — PG RIREA L BT %, 2 I5ERE A
REA FRHAL e B RN, Ba k.

2) 9 1B e WA 2 R P e S XIS R SR e PRALET T AR AT A AN R A P I O, BT T
L2 IR, A A B RS

3) CREIRA A IAARCE R B N Eh SR A AR, DL Bes B, AR TP EE R EY
Bt ENGRERUEL, DAL ZRRERS, 3904 s R 0 2 Rk

2. &F ConSinGan BRI EIAREHEAERIER
2.1. RBEZRMEXRFE

ConSinGan Y EAE A G _EREAT Z B BOFAT NNZR0 AL iy, L RES i S R A 4
PrE B M AA 2R R
P < AT, 2 RBEIRAA G BEAT BAREARRAE 22 2T, B2 AR R K B TF 80 I 5,
B BUE K UG 5 HE I A I A A A B . AR B 2 1R DA R B 7 sUEAT SRk, I LA ATLIG: 75 1)
87, M E— REA IR X, & LR S 3T B AR B B AN o e & Z, 3R T 2R AR A
SE PEFIREA ) 2 FEVE .
X, =z +x, 1 (1)
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Figure 1. The network architecture of ConSinGan
B 1. ConSinGan HIZE{RMILE 524
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2.2. EREBEMELEN

R G SRH] T AN ConSinGan AU W44 2544 o XA —MRFAL ] F, AR VUGETE B ConvBlock
BEATREACE B fE R — DR, WESRR N IEEECy 3, WERZERIFRIEE B E,
K LeakyRelu B B 5B HON tanh BREOFEFHE—LZBN J2). HAERBRIBERZ. BN E. BiE
PRECZ A XA A AR W0 28 S5 A 7T DA B SE B AR B AR N R . BBV R — R BRI K
NA3x3, BREJE AN ERRE EEE B EOY tanh BUE K HE, ROV Leakyrelu B L.

N THRE G RHAES: 268 ). ASCHE ConSinGan ¥4 il i P 46 S5 44 v Vvt FF s I 17 ARpAIE 27 ST A5 e,
MR T MRS ARSI P BRI 5 OGRS ISR R X FARRS AL (0 RIERE ST, B L 2R B AS R
FRAEZ R B S SR LR . ol 5 AR I RS S AN 2 s 8 T RTRERTR, G AR ER
FERHFE R A F BOA P AR
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Figure 2. The network structure of generator G

& 2. £ER G HIMLREEMN

FLM ##3

FERR AL AT S5, 0 0 X U408 2K BR H R 3 26 P i B L e 7 2 2 10 0 S PR PR R AIE
Ao H T TARKT BV AE GBS RE 855, DIV ORUEAE AR B2 20 3 & B & 1 B bR Bk gk . i BT
T GO AN H ARG R s e I o iR B A T BRI 5, oA AR s 1) 2 =) 6 i G FO0 0 3 H bR
KYFRES, FEERSFEA B A IR F B ARE A e B B 5 2 R R .

NI AR G WE 2R, SRR RGP 3 X R RURFAE, ORI BE % 7 B M AR RO 35 A ARFAE
Ghik o ARSCBETE T RHIE S 2 B (Feature Learning Module, FLM).
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Figure 3. The network structure of the FLM module
3. FLM &R B 48 L5 4

FLM HZNMERZE WALZE . B0US REUREIE T S B . R 2 B0 S 77 208 218 U IE
158 HMKEEWE 3 Fin. ST TMARFER F, 1556 d SubMoudle 1 1 SubMoudle 2 f&8t, X} F
43 R B R AL AT 28 3t A P P AN [ £ BE 1 7 SR AT RRAE S ) o % SubMoudle 1 A1 SubMoudle 2
AR PIFFEE, 70 S5 ANRHEE F iz 8, DAEs F A R0 KR 5. K 4550 F 4k 4
52253 SubMoudle 2 A BN FRFIE B F, BHATRHERL S, A F AT % R E A R R k. fl
A7 ACRIUR R AE SR A A . B A R E T ik v =(Q2).

oo (6 g),F (i) < F(i, )
e _{wf‘),ﬂ(i,f)ﬂ,(w)

G a1 45 R4k s SubMoudle 3 B IEFZ DARRFHE EIAIEEE H, 40t Sigmoid pELE
LHEBIER R, BRI SMANRE F 3T AREEA R RANSRE, , RIS
ARG~ (6)-

@)

Fr:Sl(F)@)F 3)
E=S2(F)®F 4)
F,=(F,®F) 0
F, =S,(F,)®F (6)

Hr S, (i=1,2,3) Fon 7B SubMoudle i, FRRBHRIHIA, F, &< SubMoudle 1 ffith 5 F 3
JEREIEE R, F, 27 SubMoudle 2 Hfiiih 5 F RsRIE RIS, F, 208 F 5 F R RG0SR,
F,, B BRI, © R nOREAE, fEARTTH © RonB KRG &1, % 1 FLM #it
(2 0 3% o
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Table 1. Structure of FLM
52 1. FLM #E M L5

Module Convolutional layer  size Nurr;l});;gilisnput Numf;;n(;fe(l)sutput Activation layer

Cl 3 32 64 LeakyRelu

SubMoudle 1 C2 3 64 64 LeakyRelu
C3 1 64 32 Sigmoid
C1 3 32 64 LeakyRelu
C2 3 64 64 LeakyRelu

SubMoudle 2 C3 3 64 32 LeakyRelu
C4 3 32 16 LeakyRelu
C5 1 16 32 Sigmoid

SubMoudle 3 C1 1 32 1 Sigmoid

S8 R R LA ) A T B 2 S EHERRURIA SN2 IR, B AR — R AR
UEO9 T PRAEEEAS SRR e A il RAT — s Z PRI R BREAS, 8 B 5, FLM BB BT 1531
A XFEAS GPR BB S, FORFHBARSTHK se U Eom 1R &, FLM BEERAE A il 25 K
2% rp S AR AN R AL B AT BLLE FLM BB AN RUE AR I w8 I A5 A {5 IS, A A B MR fR e 3 X

22 ST R 1A BT
2.3. HFIRRMLELEN

FAEE D EEM T X G MARAREG S ALEE, s8R0 EGREER, H3E
AP A BB . D RN G MR . ASCHGER R AR T A1 ConSinGan A 7] 4544 (1
Hlds. B s HEHBRARL, 7T 4 HERARIEREGAML, WIEHI N 32. fKfa —HERRPER
JZ s ETE SO 1, KRB RS, BT HMEGRK . D MEZKZHE 4 Pros.

Figure 4. Discriminator D network structure diagram
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2.4. MK EE

P 255 o R4 K BRRCR I S E40 R B BIDRHT R AT B 453 2K 2 FI[19] [20] [21]0 A 4 I 33k
IT5 n DNREER I, B0 2K bR ECA LU R E e
Loss = rréin max L, (G,.D,)+aL, (G,) @)

Kb G, D, FR NGB BOY n WL G A G, o FoREEBRINE, ZNMSHERANNRE, ¥
UREN 10, L, ML, 23 RS DU R AN B 1 2K
BRI CR A WGAN-GP SR AR IR, i8R WGAN [ZEAh B3N 743100, 2N 7
OB AR, BRIIZRIARSE M. BME L, (G,,D, ) W LME AR R BEE 7E I ZRad A5 v O R 45 .
HAEURK H RN TR AN AR 27, A BN BEW IR G A A R B i 1
BAEVIZRATRENLIEI . BRBEDY n IR R RAE RSy X, BT ELE A

2

G,(0.x,, T)-x;"| n<N
L, = ) ®)
G,(z")- x| n=0

Hbn=N-1,
2.5. BIETUHBERIRE

SinGan 7 7E Bt (1 MU RE U ZRB BUAE SR HEE M HTAZ K, IXR 2 Bor RN g7 A E % 2
BT HACRACT . ConSinGan fE SinGan ({5ERE L, [l52 570 £ Bl R/ b BUn A s, e 178
AR NIRRT AE R TR BR A ho F E AR IR SRR EL AR S B OV . HoSke
K, INZRBAE)E, ERAEARGRER S, (AHRZ 2R Nk, 7 ORAEA s G 8 E b
PRI AT RIS i oh, SNt D SO BRI RIS [], A ST 1 AR 24 T i Ak O B
B s urRis A ik

a= [m/min (h, w)]l/(Nil) )
niter, = niter xa' +1000,i < N —1 (10)
niter,i=N —1

Horr, A0V TR EAUREL E b i AR HTIN B niter, R i BL i I HIEARRAL,
N NGB B E, by w 2308 IR ER KNGS, m R BRI 2R 12 b fe NREZ U RS miter
NIRRT [ S SEARIR B . NGk Z f i — N By, IRARRE PR R TR B o [ 5 ISR AN 22,
HAET AR B, IS UER S 4 AT BT A AR AR AL

3. SLRERR AT

AT SIS SRR BB AR M T A BRI AE R b, FE S BRI ConSinGan HEAIFE LS R FiEAT L
5%, DABSIFRIY (1A 250t o SREG AT FH 00 34 £l AR A bR 2 (A )Mk [ R Se 0 s 4t . AR o) H AR B
GGG 5 T EGR  2055 35 BME . SEIR IS B4 : TR & Python3.9, Pytorch1.10.1, CUDA 11.3;
fifi {34855 £ NVIDIA GeForce RTX 3060 Laptop GPU Il 2R 2% o A< Ik S8 3 4y B EL S 40k B 4032 2 FR .
3.1. ERHEAREENIFMIER

N T E BT A BRI B S 2R, AR SCR MS-SSIM [22] [23], 851 B HARLLEE(LPIPS)

DOI: 10.12677/sea.2023.123054 560 B TR R


https://doi.org/10.12677/sea.2023.123054

ek &

Table 2. Some parameter settings required for the experiment

2. LRFENBSSHRE

ZH i H (il
niter BB R IS AR AL 2000
train_stages BN R P =5 E R B 6
train_depth FHAT VIR Bt 3
Ir_scale BRI B2 =) FE 4RI 0.1
nfc HBRR BRI 64
ker_size BT 3
padd_size B IE R R~ 0
Ir_g A AR IR 5 3] 2R 0.0005
Ir d FI R AR 2 2] 3 0.0005
min_size BUEAER R T IR/ RT 25
max_size BEAERRBE T IR R R 250

[24], SIFID [251/E NPENFE R, ot SSIM [26] [27]& — B RURE 45 My i B B iR 4R b, e il g
MG R, FEMNEE. X LRGSRk = R 2 (R AR, (R B B i, X2 RERH
JG B EVEASRERS AR LT 45 HEVPAN, DRI AR SR FH 28 RO 45 040 1) UG = VP 7572 MS-SSIM, MS-SSIM 1)
(BRI A MG S Bt UG 2 (B AR oL, G S, R AR . A SOR 2 5k UG 4 il sk
HU MS-SSIM i, sRAUGET- 75 B & M55 5. LPIPS J&—Fh i 75 & AN I BUG PPNFE bR, (EERK
Fon Tk EUGBRAREL, B W3R 5 SR A B 2 AN ], AR5 i85 LPIPS Hik FH VGG M %% . SIFID &
—ME AR FID [28], HFZMEA SEME S B BUERHE /A0 IR R 72 . B AE BB R AR B 22 5K
BIG T FID JasR-F15 3, BARMMEX R 5 i EUR T i

3.2. RFHRMBRBEFERLER

£ GPR I FH BG4 A S5 T, 25 R (2 i BE LSRR PR v g 7 A o AR ARR ] A B AR 2%
SEOL, AT LU I BEREATL S A B KRN, AT SRAS RO AN R (K A R R o A SR et i RO AR
P9 B BB e 2 LB AT 2B B W 5 B, R et J ) MConSinGan 1R BEAS - 0 3 4514
. BBRERGFEE, SRR EBR S GEWIL NS B H EE, hitar DO, AR
IEUIZRA 22 31 B 7 SO0 5 B I Ak e JF HNBI R AT BUA B, 78 SR A i B G i s B R 11
AIER T, P VA REGEZ L. K 5 Rt =1m e EA KRG, =T mERG, R
A AU HE R SO TR B, A8 E e BB R A MR, TETAE BB AN R RS A e A AR

FEA ) G 03 B AR B S5 A AT JRIARFAE BON IR, A R AR 35 S T i B R B X%
ZEHN ConSinGan SR — € A HRFALIRINEE /7, (HEMBR I F Rt E L mER G S, 2
w1 A SRS E AR b BRI A DX R B, AR A 2 S S R P R A R b R R
T, I ECARE BRI TS AR LA A5 25 RS AR B U R B BE W DR et I 25 X I ) 2
RIAIZES], AR HBARAE R . Soh, BRI LURBL, A i as e s 78 S ok BME b AR il 2 AN TR S AN T8 (1
FHAR, ZRFVOIRM T AL BRI, SodhE R AN R RUSE T B0 35 B R A A
S RBUBAE, (B AEGRA T T AN 220 35 2R B B & b RS SR I BR BAR e G T B i o, (B
OB HA D RER G T s, JORB0A HAb BB 4T
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Figure 5. Example of unconditionally generating disease images

5. REHERREEGRA

SEESHE R 3.1 TR AR AR G A AT VAL . KR 5 Hr i 2 E G R BUE R 1
ConSinGan 5 F1 et J5 RS R HEAT 995 FEREA AL A, BFRP0 2 UG 26 B 100 SRFEARBE T RAL 00T .
EAEERINE 3 frs.

Table 3. Quantitative indicators of images generated by different models

% 3. FEMERS REIR B ILIEH

. SIFID MS-SSIM LPIPS

Jii 2 BiAs Jii = BiAs i BRAA

ConSinGan 183.251 200.548 0.265 0.141 0.464 0.335
A SRR 139.514 142.084 0.486 0.237 0.308 0.298

M 3 ATLLEH, At AR AAR LT ConSinGan #7%Y, E4kiEARr SIFID 1 LPIPS &K T,
MS-SSIM T+ T« AHEL T ConSinGan BHL [ SIFID, 5 F1 2 28BS E I FEAK T 26.5%, LPIPS 18- %
IKT 22.3%, MS-SSIM {HF¥ITHE T 75.7%. MS-SSIM [T+ HE AR T A SR (1 4 it 22 RE A
ConSinGan f=, KA MS-SSIM fE ZME BUR R LR AL ™ 8, Kb # 3 1) MS-SSIM fHA FAMIE, 7T
DA 75— 77 T U B A SO 28 A ol BB AE MG o B R0 22 14 T THT A8 T ConSinGan #5284, 534k, #4 SIFID
{5 LPIPS {44 K&, ConSinGan £ B4 111 LPIPS (B i i J5 R A R BUREFE ™ i, S8
A MG RV RFAE 2 A1 5 ELSE MG 0 AR 2R 30K, L SIFID [ . FrbAgE & s, AR SCHud i
RYREMELE ORUE T B (VT [FII,  DRAUE AR BORE AR 1) 2 FF 1
3.3. iHRL LIS

ASCHTHEH ) FLM BEHO6 GPR MG A 0 35 X3 K T B . A5 A R A% B8 e AR R8s o o 5 [X
BHEHG, R S BR HERRE . 72 BDE SAREI I T, N 1 408 FLM RBEHALE BEA ) 28 1503 o iy
EEIPER, [ 6 JE/R T 6 FLM B 5 FLM B i) R A [m T 25 (0 B 203 55 AL g . RS 1 R0
JEE 2 M EG AT LUE ), 48 ConSinGan BEAY A B MG FR Y 808 o A AR, (EIEMG)Z IR EL,
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ERHEERSR, WEE 1 ENEGITR. ERE 2 LEXIER AR TT LR W E, (HR %N HENA
A, 51 SO LU AR, HEUHA . DAL Al AT L SR R A il o ST BE I AL, AE I ZRAT IR e
SERLIE XK, FLR WA BT (RIS AR, DT A RIE RN, R BEXH F AR LN DA o T ASC
Ci Rt AR e A0 T A M 2 il R B SR, B rP BT B B (B R B EHE X ITR) o

ConSinGan ConSinGan+FLM ConSinGan ConSinGan+FLM

—
-
]

)ﬁl

Figure 6. Comparison of images generated by two models

6. PIFRRENAE B EIR T EE

[ B T SR B2 AR TR A= Bl 5 B S M A2 B, dd ik P FRABE 2 43 1 A A 50 5K AN 100 GRFEAS, THE
XFRLAE AR R EERERE . W 4 F B8R AT DR H ot fa R 7 T A B B R R s T
ConSinGan &%,

Table 4. FLM corresponding disease generation

%% 4. FLM M RREERIFR

o SHE 50 G Az BB A e A R 100 5kA= BRI G Hos B = tE &
— (%) (%)
70.0% 63.0%
ConSinGan
54.0% 42.0%
84.0% 87.0%
ConSinGan + FLM
98.0% 94.0%
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3.4. MJLESKR
P 7 R [ RE SEARCELT) MConSinGan FER 7 i 25 5 45 25 e FE AN R B (K B4R

Figure 7. Generated images at different stages under fixed iterations

E 7. BEERORE T AR ERAVE R E 5

MBI BUA HAERT B 1 IR A D022 ST BUBEA I AL, T sty B — L83, XS HB
Be2 1 4 5kAE MG, ATCUR BB B | IR Z 22 S R T B 20 4RSI R0 BL 3 1, ik
e LB BAR B R, (HREE N EFEOBEEONE—, WEZ RS HZERS/DN, Rl 2 REEE
(8] (SO AL LU AR Bk T30k, 900 35 A AP 10 22 PR AR BRAE 0 35 DR B A R AR I I 00 T, R
FEAMALE NSRS G5 e UL B A 35 A i e M St AN /) 45

i 8 s, FERAE A T SRS AR B AR 1 A BT RERE S R AR I
SxBrBoy 3, BB 1 T AR R TR ZE R A AR A A . AN T AR AR T T AT AR, 7
SESCEARET 7 TS BT AR XRE IR AR B BRI REAR ,  T ISR IR Ik
ARRE SBURIIAE 7> H A B R AR R ek S SR I SOy, (HRAEARR B, REAS AT 4L
Z NS, HURE R RENS R UF ORALE BB B AR S5 H 1) Se BE A

Figure 8. Generated images at different stages under dynamically chang-
ing iterations

8. FFSTURIERE T AREM R EKE &
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ek &

BEAR, B AR AR TR RN T FLM BB, BUSERER (1 4R AT SR N, i AR T A K
AR BEAETT TR RENSE R IR DR N ZROCECR A FLM BEHO R P RE IR M. % 5
N =PRI R B U AR INERIA — AR A A 55 I (AR LS. FHIE W] B, R FLM
B B S RER BT 577 A&, BEAE IR B NERIE R OLT, BT R A4
AR AR EALTR I o

Table 5. Model performance comparison

5. RENRELLE

LAY YIRS [H] (min) TR BONGREIEESE (it/s)
ConSinGan 20 17.53
ConSinGan + FLM 43 5.17
ConSinGan + FLM + %4008k 32 8.93

4. Z5RIE

AR — P LT ConSinGan A58 R M H 1A 95 T5 A4 5 75 % MConSinGan, i1t %11 FLM itk
S AT, SRR AR R RE, R T ConSinGan FEAYE #R M TR ik G AL B A U S BAFIEE R
(et . EVIZRITBL, Wt T A iR ARREL, EARZI AL BT 2 AT T, % FLM B il
GITRRE T EZMER, W H—efRE LIRS T AEREGM SR B, Kool E AL B Rk
BRI EREARLE R, IR LG ATIR R 1 AR T A AR b M REAN AR LR, R A
RV AT T HRE AR SN SR I ) R A T B i R

RLWIRI) TAERE R TP . s T oA EURAE R REA, 2 et dew 2R,
WO — 30 (1) 1 AR R 45 G AT 55 77 1R 4k S i SO AL AE PR 1 TR T8 5 VR AR 1rh 22 AN S 1) i
BT 2w PR B A S AR B A, S — A TAE R ASCERE R T i F 44, SuFHAE
N AR R SRR AT A .
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