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hotspots in the field of computer-aided diagnosis. However, the problems of GAN-based image fusion meth-
ods such as unstable training, insufficient ability to extract local and global contextual semantic information of
the images, and insufficient interactive fusion. To solve these problems, this paper proposed a dual-coupled
interactive fusion GAN (DCIF-GAN). Firstly, a dual generator and dual discriminator GAN was de-
signed, the coupling between generators and the coupling between discriminators was realized through the
weight sharing mechanism, and the interactive fusion was realized through the global self-attention mecha-
nism; secondly, coupled CNN-Transformer feature extraction module and feature reconstruction module
were designed, which improved the ability to extract local and global feature information inside the same
modal image; thirdly, a cross modal interactive fusion module (CMIFM) was designed, which interactively
fuse image feature information of different modalities. In order to verify the effectiveness of the proposed
model, the experiment was carried out on the lung tumor PET/CT medical image dataset. Compared with
the best method of the other four methods, the proposed method in the average gradient, spatial frequency,
structural similarity, standard deviation, peak signal-to-noise ratio, and information entropy are improved by
1.38%, 0.39%, 29.05%, 30.23%, 0.18%, 4.63% respectively. The model can highlight the informa-
tion of the lesion areas, and the fused image has clear structure and rich texture details.
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(18)
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WS, I R 391 1000, ILAL B /Ny 4.

PEH R B - B HE 8 PEA 45 A ok X il LR
HEAT S BV, LG T BB (Average Gradi-
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SSIM) . B 4 45 1 2% (Standard Deviation, SD) .
H {5 B (Mutual Information, MI) | g {E 15 M2 tb
(Peak Signal-to-Noise Ratio, PSNR) .| 15 B
(Information Entropy, 1E)#13& F 4 B 89 @l &
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Fig.7 Contrast experiment 1 qualitative comparison
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Tab.1 Comparison experiment 1 fusion image index evaluation results
Kl f 41 7 i AG SF SSIM SD MI PSNR IE QY
Fusion GAN 2.003 6.97 0.497  26.8  1.482  10.032  4.8752  0.1093
DDcGAN 7.477 21.32 0. 587 33.11 1.432 10. 251 6.6635  0.3476
1 MGMDcGAN 5.184 14.88 0.601 29.88 2.145 10. 338 6.2585  0.2853
LatLRR+NSCT 8.071 23.27 0.600  45.48 1.512 10. 331 7.3287  0.5482
OURS 8.706 23.37 0. 608 59. 04 1. 897 10. 422 7.3950  0.4973
Fusion GAN 1.78 6.2 0.535 28.24 1.354 10.133 5.1200  0.1059
DDcGAN 6.866 20. 08 0.622 35.08 1.441 10. 622 6.6253  0.3380
2 MGMDcGAN 4.748 14. 34 0. 630 31.53 1.95 10. 657 6.1632  0.2764
LatLRR+NSCT  7.3200 22.0200  0.531 46.03 1. 386 10. 644 7.3062  0.5318
OURS 8.113 22.3 0. 698 62. 81 1. 861 11. 363 7.4824 0.486 8
Fusion GAN 2.893 9.86 0.429 37.08 1.73 8.839 5.6811  0.1274
DDcGAN 7.087 21.74 0.499 35.56 2.514 8.906 6.1553  0.3363
3 MGMDcGAN 4.985 15.77 0.492 32.03 2.925 9.006 5.8308  0.2850
LatLRR+NSCT 8.305 23.4 0.492 46. 68 2.104 8.940 7.1130  0.5596
OURS 8.388 23.99 0.574  66.75 2.029 9.740 7.5028  0.5264
Fusion GAN 1.893 6.29 0.517 25.13 1.428 10. 286 5.1208  0.096 6
DDcGAN 7.84 22.12 0. 590 36.61 1.711 10. 322 6.8865  0.3383
4 MGMDcGAN 5. 565 15.63 0.601 32. 84 2.071 10. 419 6.529 6 0.2911
LatLRR+NSCT 8.668 23.43 0. 604 50. 14 1.548 10. 425 7.4745  0.5632
OURS 9.071 23.94 0. 666 62.78 1. 828 10. 515 7.638 3 0.496 7
Fusion GAN 2.034 6.69 0. 500 29.19 1.324 9.577 5.2624  0.0840
DDcGAN 8.019 21.69 0. 558 36.91 1.994 9.778 6.9969  0.3435
5 MGMDcGAN 5.534 15.19 0.571 33.21 2.318 9.882 6.6076  0.2749
LatLRR+NSCT 8.76 24.33 0.573 50. 23 1.747 9.861 7.5472  0.5834
OURS 9.329 24.61 0. 580 63. 85 1.923 9.949 7.5679 0.506 4
3.2.2 %B=.PET/CT#MW%E e X L BE AR AR B (B ik L — E R RIS T

TEE S . R S HEHE TR b S G 5 AR S Y
1 CT YR % 1 PET & {4 21 52 56 v a@mymzr
B VAR SO R R B CT 4140,

NREAE B, A REA At 3 B Ak X8l s 770k 2. 07
15 3T ik 4 X LSV I A4 3R B R A S0 ik

T W, AR TT Ik A R B E Z AR B HR S E
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Fig.8 Contrast experiment 2 qualitative comparison
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H
%

i 5

AR R 805 h S T el as R . HARR UL,
T S, AR STy 5 A T kb s O 0 A
o, AG 2 948 & 7 0.27%,1.05%, 3. 14%,
1.52% F10.85% , AR A STy e %t I KIMG 6 BE 15
BB A £ 5 B 19 SSIM R 1 AR S0 i 7E
A4 25 K 05 B 77 T L 3L B8 1 PSNR AR R A
SCOT AR G o B AR B R BN TR AR S
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Tab.2 Comparison experiment 2 fusion image index evaluation results

KR4 Jiik AG SF SSIM SD MI PSNR IE Q™"
Fusion GAN 4.877 14.56  0.303 32.42 1.736 8.234 5.9828  0.1207
DDcGAN 10. 897 25.58  0.381 27.48 1.611 8.376 6.4713  0.2895

1 MGMDcGAN 7.440 17. 34 0.384 23.63 0.7571 8. 489 6.2321 0.2531
LatLRR+NSCT  13.582 30.49  0.384 38.87 1.524 8.469 7.4913  0.5519
OURS 13.619 30. 85 0.391 52.81 2.05 8.522 7.7526 0.5180

Fusion GAN 4.665 14.96  0.333 35.46 2.441 8.12 6.0128 0.2009
DDcGAN 7.522 22.76  0.403 30.27 2.322 8.155 6.1853 0.3142

2 MGMDcGAN 5.082 15.64  0.388 27.27 0.5495 8.255 5.9762  0.2690
LatLRR+NSCT 8.235 24.45 0.407 40. 27 2.124 8.173 7.049 1 0.5503
OURS 8.322 24.55 0.407 52.68 2.914 8. 266 7.3875 0.488 8

Fusion GAN 4.215 13.08  0.279 31.19 1.811 7.714 5.4693 0.1202
DDcGAN 9.933 26.19  0.367 27.53 1.842 7.755 5.6817 0.2906

3 MGMDcGAN 6.909 18.32 0.36 22.9 0.703 4 7.859 5.4579  0.2455
LatLRR+NSCT  11.858 31.09  0.382 35.8900 1.247 7.772 6.9011 0.5103
OURS 12. 231 31.14 0.383 44.55 2.216 7.873 7.276 7 0.4618
Fusion GAN 4.291 13.72  0.286 30.4 1.676 7.752 5.3759  0.1214

DDcGAN 9.783 25.47  0.374 26.24 1.656 7.852 5.626 8 0.276

4 MGMDcGAN 6.913 18.11 0.367 21.9 0.728 9 7.954 5.4200 0.2436
LatLRR+NSCT  12.234  31.78  0.39%4 34.82 1.154 7.8640 6.9254  0.5121
OURS 12.42 31.25  0.396 46.6 2.006 7.961 7.2915  0.4688

Fusion GAN 5.015 16.28  0.317 36.79 2.217 7.495 5.4736  0.1647
DDcGAN 8.253 24.19  0.375 33.53 2.417 7.637 5.52 0.2981

5 MGMDcGAN 5.372 16.15  0.366 29.67 0.610 87 7.737 5.3222  0.2397
LatLRR+NSCT 9.324 27.06 0.38  43.6100 1.858 7.671 6.7368  0.5336
OURS 9. 404 27.14 0.382 55.23 2.599 7.747 7.0221 0.478 8

Bold font is the best result for each column

i, SSIM Fl Q" AW ¥ 5 T ik 4.
3.3 HEmXER

A4S AE B T AR O T 45 1 RS LA O TR
(B AL b, R B TR SCHR S R R B A L A
T I 45 1 R T 1 R AR LA PR
#ir GAN(Network 1) #17 EUR Rl &, 4= i gs LA CT
I PET P45 EUGAE i A, A B8 93k
A BUHAE Sy 3 T, %500 28 0 il R RN CT &
G AT O A% 115 0T W15, DA O 56 o I 4% 4K
YR A SCHE H A R AR A7 0 5 A S A

RN ES B HE A 2L 548 (Network2) (Fi & CNN-
Transformer § fiE $& W A% B (CC-TFEM) (Net-
work3) | 5 15 25 F¢ AE il & Bk (CMIFM) (Net
work4) , iE B A< SCRE AL 19 A Rtk . Hoh, Net
work2 H WA A B A R A S5 00 2% 4, B AR
Ji 45 8 A Network D Hv 9 2= G 45 45 14 4[], JF ¥
WA 8 U IEAT RS 5, %00 % 5 A SORC Y 1 %
) g A5 A AR R, R A = A s PR ORI R S —
/™ Linear JZ ¥ 47 ¥ & ; Network3 7E Network?2 1Y
FEAy 1A i A U i Oy CC-TFEM, Ja P
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B F o C-TFRM, 3 CC-TFEM #i e
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AEME SRS AL 9 BTN, DR B ) e A U
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2 1) 25 AR EL B, X PET BIHE b kE 1
FEPLRE 7158 22 ; Network?2 %F 19 i 5 18] 1% Fn gl & 18]
1R IEAT % 5, WO kR Y R BEE A BT iR T (A
TR SR LB s Network3 it A CC-TFEM #

e 1 %)

Network2

Network3

Network4

-

PO I S 0 7 1 LU AR

Jei  INFEARAE AT LA il R0 52 B X L
G PR TE X B T CC-TFEM 1] L 78 43 $2 Bt
BG4 )5 R BE R AR {5 B, LBk BR 3% 42 (115 1%
JZ R AE 4R BB B e i) S0 LR AIE A5 20 78 40 R,
TZASEHL AT DL G bl B VR R B R R
fE{% B s CDIFM 8 ffi 15 il & BHG B T 2 1Y
B EEAR B4R T T RS R R BT, 5 Network3
B il 45 SR A LG, CDIFM {15 fill 4 45 52 5 35 il
M AE 5 1 s A Y TR B s e IR AR SO S AR
8., Networkd Wi 14 (9 5485 SCRFAE 5 B 58 |

Fig. 9 Qualitative comparison of ablation experiments
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MI A4S 8 T — %2 782 1 2 T+, Networkd 5
Network3 #H kb , SD 4 3 42 F+ T 4.66%,
11.45%,5.02%,3.87% F1 1. 01% , SF 43 5l #& T+

Ut B R B 2 KT Bt 0 46 245 4 BB A5 A 2 HLE 2
B KRR IEfF B s im A CC-TFEM #1 C-
TFRM Jii , 4 SSIM F1 SD 4h () 48 b (#8452 1T
PET U B R B T DL 3 RO R ) )R
A4 JR bR SCHFAE ;s A CMIFM 5, BT A3 48 AR 0
23 T HTE, B CMIFM a] LA 2% M 52 B 15 45
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Tab.3 Evaluation index of ablation experimental results.

ESEEEN VRS AG SF SSIM SD MI PSNR IE QM
Networkl 8.159 23. 34 0. 352 39. 14 2.525 7.613 4.9434  0.2947
Network2 5.951 20. 04 0. 354 38. 94 2.537 7.602 4.7219  0.2484

! Network3 7.899 24.99 0. 346 54.4 2. 609 7.6740  5.5184  0.4324
Network4 9.366 27.18 0.355 57.04 2.61 7.799 6.5056  0.4732
Network1 7.845 24. 42 0.312 33.17 2.135 7.284 4.6199  0.3024
Network2 5. 644 19.73 0.315 32.56 2.219 7.278 4.5280  0.2386

’ Network3 7.369 25.96 0.328 47.13 2.617 7.494 5.2603  0.3673
Network4 8.615 26. 00 0.333 52.53 2.971 7.523 6.4547  0.4603
Network1 8. 974 26. 4 0.309 33.11 2. 647 7.278 4.8028  0.3203
Network2 5. 742 20. 27 0. 306 31.26 2.766 7.273 4.5364  0.2151

’ Network3 8.233 27.25 0.315 45.13 2. 904 7.444 5.3572  0.4528
Networkd 10. 247 30. 11 0.323 47.40 2. 996 7.504 6.3320  0.4840
Network1 7.266 20. 4 0. 567 38.99 1.447 10.074  6.6564  0.3631
Network2 6.052 19. 26 0. 564 40. 67 1.617 10.059  6.4439  0.3399

) Network3 7.581 22.10 0.579 56. 84 1.801 10.253  6.8671  0.4631
Network4 8.024 22.16 0.568 59. 04 1.897 10.302  6.8673  0.4850
Network1 6.623 19.42 0. 587 43. 87 1.826 10.397  6.3824  0.3386
Network2 5.9 20. 38 0. 584 49. 22 1.966 10.318  6.1477  0.3340

’ Network3 6.606 21.21 0.603 64.77 2.08 10.435  6.2325  0.3937
Network4 7.209 21. 69 0. 608 65. 43 2.136 10.766  6.7112  0.457 2

4 £ B A A3 0 T AR RGBT i e Y R B R

Ry il DR B85 A S B A R R AN R 4 e A
XA B G A R) 0, A SCHR T OBURE A 3¢ B X
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EUGALG o AS SCBE AL LU & A 525 4 B 5 0] 2%
14 235 F4) e 1 AT — A~ T AT A ) T 2 it K, R A A

B ) A 00 Rl A R T 2 U R SRR AR AR
B TEA MRS, |k, 48 I A CNN-Trans-
former B ¢ fiE 42 U B (CC-TFEM) , 7£ 4% 41 I
B G ) JR &8 A5 L Y [A] B B 2% ) R IR 22 R 1Y
2R AR B R )5, T i T Swin Transform-
er 14 5 5 25 52 B SR 5 B B (CMIEM) |, 23931 %
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