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Abstract During the non-contact flaw detection of a rust-covered bronze mirror, X-ray imaging typically fails to reveal
the extent of damage due to the thickness difference between the mirror edge and core. In this study, the X-ray signal from
a bronze mirror was used as an input to construct a generative confrontation fusion network. An optimization strategy that
enhances the bronze mirror X-ray information fusion was designed to address the reconstruction blur caused by the L, loss
and gradient operator, and the expression of multiscale feature details, such as textures and cracks. By utilizing the feature
learning process of the L, , loss regularization generator, the smoothing of the data that was generated using the L, loss
was improved; moreover, the Laplacian L., pattern loss was defined to strengthen the effect of training network on the
extraction of decorations and diseases. Furthermore, a multiscale feature fusion module was added to the training network
to improve the quality of the generated information. Thus, considering the experimental comparison involving seven fusion
methods, the cross entropy value of the proposed algorithm in two of the five groups is poor. However, the values are
optimal in the control data, including entropy, average gradient, spatial frequency, joint entropy, and non-reference
feature mutual information. This can effectively reveal the detection information of the bronze mirror during X-ray flaw
detection.

Key words X-ray image; generative adversarial network; multiscale fusion; L, ,-norm sparsity; Laplacian operator
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Fig. 1 X-ray imaging effect diagrams of copper mirror at

different shooting energy. (a) High-energy shooting;
(b) low-energy shooting
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Fig. 2 Copper mirror generative confrontation fusion network framework
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Fig. 3 Generator network structure based on multi-scale feature fusion
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Algorithm 1: GAN for X-ray bronze mirror fusion

1 for number of training iterations do

2 for & steps do

Select Q fusion X-ray images patches igon, -+, Ision? from G;
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7 end
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9  Update generator by Adam optimizer : VG L G

10 _end
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Fig. 5 Network training process
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Table 1  Objective evaluation results of different algorithms on different images

Image Metric Lp GFF LE-LP BEWLS O-BFWLS
EN 4. 9667 4.857 4.8333 44198 44291
SF 10. 6807 10. 8896 9.9375 9.1235 9.1596
‘ AG 2.0742 2.2773 1.9118 1.5558 1.6132
Group 1 CEN 2. 566/2. 971 0.590/6. 059 1.227/5.112 0.244/6. 315 0.204/6. 341
JE 7.915/7 7.584/7.092 7.590/7 6.597/6. 447 6.576/6. 455
NFMI 1. 9646 2.1598 2.0651 2.5458 2.5696
EN 4. 2420 4.1233 1.205 4. 4404 42231
SF 6. 8456 7. 4411 7.2289 6. 2832 6. 2832
‘ AG 2. 0520 1.9256 1.9665 1.5032 1.5032
Group 2 CEN 0. 193/0. 303 0.525/0. 457 0.467/0. 469 0.538/0. 562 0.531/0. 541
JE 7. 175/5. 809 6.882/5. 936 6.879/5.918 6.100/5.763 5.773/5.759
NFMI 1.9256 2.0003 2. 1584 2,856 3.138
EN 5. 1207 5 4.9781 5. 1144 5. 1144
SF 6. 8398 5. 8605 5.8595 6. 5366 6. 5366
‘ AG 1.8539 1.8432 1.7057 1.4828 1.4828
Group 3 CEN 0. 047/0. 550 0. 455/0. 590 1.230/0. 448 0.052/0. 564 1.695/0. 571
JE 7.3246/7 8. 3765/7 7.8212/7 7.2544/7 5.0175/7
NFMI 3.0145 2.1592 2. 7046 3. 2308 4.9991
EN 6. 0487 5. 6106 5.5615 5. 4072 5. 4152
SF 6. 4464 8. 6505 8. 2303 8. 3238 8.1558
Grou 4 AG 1.5824 1.7474 1. 6409 1.3300 1. 4989
CEN 1.411/1. 095 3.461/0. 806 1.364/1. 266 0.097/1. 631 0. 065/1. 483
JE 11. 36/9. 669 10.86/9. 155 10.70/8. 996 10.70/8. 995 10.73/9. 021
NEMI 1. 1782 0.9797 0.8909 1.002 0.9821
EN 3.9007 3. 6696 3.7686 3.735 3.7331
SF 5. 5334 6.0313 5. 5984 6.0035 6. 0789
o AG 1.3779 1.2521 1.2257 1. 1408 1. 2949
Group 5 CEN 0.437/0.338 0. 202/0. 193 0. 700/0. 340 0. 149/0. 544 0.058/0. 541
JE 6. 177/5. 645 5.901/5. 443 5.658/5. 343 5.126/5. 198 4.623/5.197
NEMI 1.8198 1.8778 2.1215 2. 4949 2. 9579
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NFEMIBUE R 2 , 3 5 7% 24 8 e i 0tk 20 B e A o
15 BA5 B bRk 22 .

Bl X 2% R SO AN 2 B0 O AR 3 341, LP
HIEM 6 W shr A AT AR bRk Bl R L, HJE S
HEMI & o, i B LP 333k X T 2R 80 A4 98U fs B
AE S AR AF MR AT 3R 3K . i il RIS AR g b 7 B ol 0
B 5 AR A X6 aE S EHGR R i acii i (s B A

SCAE KA T A A AR S R B 5 | AR R R TR S Y
PG 0 — 43, % (R BE R S0 4 T (E S AT il R
MG R

ot [ AR 2K BR AL (custom loss function) &
WO 2 RBE KR AE Rl A A B (multi-scale feature
fusion) 7E 4 45 fil & 880R 1922 55, 4 Fusion-GAN #£47
s A5, 5 R B Ak E AT TH Rl S 56, M [R] epoch TR
A8 52 06 0 5 1 AT 4 T B8 . Fusion-GAN-CLEF (%%
B & LA REL) (Fusion-GAN-MSFF (48 & ]
FRAE Rl A B T 52 80 A Rl 5 1 SR AR Gn 151 8 P
%% 2 A Fusion-GAN-CLF ,Fusion-GAN-MSFF LI X fir
PRI VE N Rl 38 5 ORI 6 Fh 2 W PE 18 4 o

X 2% 2 B EAT 0 A 0T N« BT G AR TR Y 4% T
TS 5 5 B BA A L A 8] T o — DR T A
K E AR R B 22 ROBE R AE & B S R 2
S S AR 2 45 ) 4 O 58 i 7 LA SO B0/ IN A 1 1) 3R 56
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group 1 group 2 group 3 group 4 group 5

P8 1 il S 56 b 4 5 it % L . (a) Fusion-GAN-CLF; (b) Fusion-GAN-MSFF ; (¢) 4251 1%
Fig. 8 Comparison of copper mirror fusion in ablation experiment. (a) Fusion-GAN-CLF; (b) Fusion-GAN-MSFF;
(c) proposed algorithm
T2 A S KRR T

Table 2 Comparison of experimental data of different algorithms

Image Metric Fusion-GAN-CLF Fusion-GAN-MSFF Proposed algorithm
EN 4.5475 4.5868 4. 5875
SF 10. 399 10. 0421 10. 7134
AG 2.1427 1. 9867 2.222
Group 1 .
CEN 9. 493/1. 006 9.455/1.278 9.657/1.021
JE 7.832/6.872 7.770/6.839 7. 858/6. 905
NFMI 2.9488 3.0166 2. 9875
EN 4.2864 4.2724 4.3101
SF 8.6157 8.4269 8.7189
AG 2.1602 2.0118 2.1705
Group 2 -
CEN 12.37/15. 60 12.43/15.71 12. 33/15. 55
JE 6.865/5. 250 6.839/5. 252 6.914/5. 259
NFMI 2. 3429 2.3629 2. 3559
EN 5.942 5.933 5.9653
SF 10. 2126 9.4506 10. 3992
) AG 3.4667 3. 0807 3.5488
Group 3 o _
CEN 9.674/13. 42 9.447/13. 35 9.438/13. 23
JE 8.055/6.836 7.898/6.800 8. 055/6. 846
NFMI 2.537 2.5786 2. 6648
EN 6.3531 6.3967 6. 4849
SF 7.5210 7.7080 7.7082
AG 1.7487 1. 6680 1.7529
Group 4 .
CEN 5.848/12.71 6.021/12.72 6.246/12.75
JE 10. 60/8. 908 10. 65/8. 958 10.75/9.052
NFMI 0. 9464 0.9635 0. 9989
EN 3.7859 3.7733 3.7878
SF 8.6920 8. 5561 9.3739
AG 1. 6906 1. 6821 1. 6934
Group 5 o
CEN 12.75/15.63 12.71/15. 65 12.74/15. 63
JE 5.768/4.910 5.748/4.893 6.262/5. 685
NFMI 2.2131 2.2188 2.2303
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F 605 F2H/2023F 1 A/HASBTFZHRE
o RRAE IR B I R A T, AT DORE B BRI
L0 3] 4 A R o0 R LT O H A AR — sk Rl B
e A GO L BE SRR R 22 (B I 5 e Ji5 2k 1
S 3 A A T SR .

E9 R ARCRAAT T (a) g XOER EME ; (b) IKAE & XJEURE1% 5 (¢) Fusion-GAN-CLF; (d) Fusion-GAN-MSF;

() FriR A%

Fig. 9 Comparison of fusion effect details. (a) High-energy X-source image; (b) low-energy X-source image; (¢) Fusion-GAN-CLF;
(d) Fusion-GAN-MSF; (e) proposed algorithm

5.3 XWHEREUILL S

T R LA R 22 T XU IS R (B B 4
T SCH , PR ) gl A5 184 5 R R iR AT T A BB
] 5 TR VA R A 1Y) o8 AT B4 T S5 TN L AR A
i & 4% 5 & bR v ITU-R BT500-12, 2 fig % 46 455 43
Gk xF H AT VRN, 9 LR 5 4 i 7 2 B 0L A5 4y
(MOS) 1E b B A AR T & 37 4 19 3 038 45 . X
Fusion-GAN-CLF .Fusion-GAN-MSFF & Jif #i£ 8 5= 1y
Rl A 5 o R R R AT ELPEAN L PR AR

1 O
SM(>S—5;R,, (13)
K OFRRSHIEM B SE L RKANEGR R O 30
LRI T .

L FAE R P B R B A A A
SRR R TR X R S EARGEE, FENE
R IR Y 58 H 5 SC W 8 5 v ) A BE R T A A% 1
BvE o A SO T B4 7 A B BT Rl A 8 R UR Y SE ULDTE
W F N 3 Fr R

®3 YR LR IENIT L

Table 3 Subjective score of experts in cultural relic restoration

Level Hinder the scale Score
Excellent Observe all diseases and identify types 5
Good Observe all diseases and identify some types 4
Moderate Observe part of the disease and identify the type 3
Pass Observe part of the disease but cannot distinguish the type 2
Poor Unable to observe the disease 1

TEAR 2 BE W5 Az Ul 2 v 4% BE DL Al 1 5 44 3% 38 2 Ui
F 5 A 5 44 BT SO PG A PR 22 0 Y 2 DR 5 A
10 4 3CW PR 18 2N BAE O A S 36 2 L o &
%t 541 Fusion-GAN-CLF \Fusion-GAN-MSFF 5 fir £ %
VA5 B B e 5 Rl 8O TR R AT A 23 PE I, DFI 45 2R 4n
RAPIR

T4 FWIEHI T2
Table 4 Subjective evaluation results

Group Fusion-GAN- Fusion-GAN- Prop(.)sed
CLF MSFF algorithm
Group 1 4 3.8 4.7
Group 2 4.2 4.4 4.8
Group 3 3.8 3.9 4.4
Group 4 3.6 3.4 4.2
Group 5 4.2 3.9 4.6

X3 4 B0 E AT 43 B vl AT < I 4 R R 5 A1 AR R 1Y
il A 18 50 R VR A5 20 ¥ & T Fusion-GAN-CLF 5
Fusion-GAN-MSFF X W ff xf bb 3 o S0 00 45 L 3%
R, B 4R 5k 0 R 6] BE f X% 4 B 1R 4% mT LA BOAS: B A
T il A AR

6 4 i

Bt Xt X Ol s S B it o3 A AN 2 4 P S BOR B B A
N0 P8 R 5 85 SR 8 A X A JORTTT R 19 2% R A P o)
Fr RS , XA [ BE B XOUAE B Rl G W B kAT 17—
ROV o R L, o 6 1E A 5 475 7 307 30 PR 3
THUHT T AR AR R BRI, US I 22 RUBE R R A R A
b GANZ5 4 o 38 o R FH 5 2407 il 4 X5 B RMR 5 7
R 5 BT A o PR L S 6 A X L A i R BB ek
SR T BT L B B S0 - B0 S 4F R S
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