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Abstract: Image fusion integrates the consistent and complementary features of multi-modal images to ef-
fectively compensate for insufficient details in single-modal images. Aiming at the problems that existing
methods separated feature extraction and fusion, underutilized illumination information, and achieved un-
satisfactory fusion results in complex illumination scenes, this paper proposed a dual-stream hierarchical in-
teractive infrared and visible image fusion network guided by illumination weight allocation. The network
adopted a layer-wise interactive strategy to alternately perform feature extraction and cross-modal fusion.
A global illumination prior classification network was used to embed illumination information into the dual-

stream network, so as to alleviate the impact of uneven illumination. The step-wise dilation strategy and
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lightweight global context block were integrated into feature extraction to achieve multi-scale and long-
range semantic correlation. Differential features and parallel dual-attention mechanisms were adopted to
enhance the screening and enhancement of modal complementary information, and fusion weights were dy-
namically adjusted according to illumination to avoid single-modal dominance. Experimental results show
that the proposed method outperforms state-of-the-art methods on multiple datasets. On the MSRS datas-
ets, MI and Q""" are improved by 3.76% and 7.86% , respectively, compared with the suboptimal algo-
rithm. It achieves better performance in preserving target contours and details in complex scenes such as
low light and dense fog. The proposed method effectively balances low-level spatial information and high-
level semantic information, significantly improving the accuracy and visual effect of image fusion in com-
plex illumination scenarios.
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Tab.1 Performance comparison of different methods across multiple datasets
Datasets Algorithm Evaluation metric

MI EN AG SF QY FMI _p
SeAFusion"” 4.037 6 6.6513 3.696 6 11.106 1 0.674 5 0.917 9
PIAFusion" 4.582 2 6.5709 3.759 8 11.4907 0.642 3 0.9205
DATFuse ™ 3.896 5 6.4795 3.5739 10.926 9 0.640 3 0.912 3
SwinFusion'™” 4.546 9 6.6214 3.5659 11.087 9 0.654 2 0.9207
MSES DIVFusion"” 2.394 1 7.116 6 4.6905 12.598 2 0.3405 0.8795
CrossFuse'” 3.1122 6.496 5 3.008 7 9.6115 0.560 3 0.924 8
C2RF™V 1.8259 6.339 2 3.2360 10.712 4 0.2216 0.8838
TITA™ 4.1612 6.565 1 3.459 4 10.905 9 0.6669 0.9302
FreeFusion'™ 2.5931 6.8727 4.5209 12.7889 0.5554 0.9134
Ours 4.754 5 7.1302 5.054 6 12.256 7 0.7275 0.9319
SeAFusion'” 2.8382 7.1328 4.980 3 12.2526 0.4879 0.898 4
PIAFusion 3.246 3 6.8939 4.426 8 11.397 9 0.517 3 0.908 3
DATFuse™ 3.1323 6.453 1 3.560 1 9. 6057 0.499 7 0.8771
SwinFusion'™ 3.3421 6.890 9 4.2112 10.722 3 0.5214 0.902 1
TNO DIVFusion;”' 2.2224 7.1933 5.260 1 13.4625 0.3117 0.853 4
CrossFuse'® 2.9637 6.892 4 3.737 3 9.887 2 0.4209 0.8980
C2RF™ 2.478 4 6.8718 3.698 2 9.3289 0.3810 0.883 2
TITA™ 3.4116 6.8635 3.859 7 10. 2750 0.544 5 0.9107
FreeFusion™ 2.0190 6.9151 5.3859 14.102 3 0.4382 0.879 4
Ours 3.5510 7.2409 5.409 9 13.7612 0.564 1 0.9226
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Tab.1 Performance comparison of different methods across multiple datasets
Evaluation metric
Datasets Algorithm - ;
MI EN AG SF QM FMI _p
SeAFusion” 4.478 6 7.2588 1.570 6 4.4777 0.5511 0.9125
PIAFusion' "’ 4.499 6 7.1650 1.816 3 5.1342 0.5325 0.9183
DATFuse'™ 3.8657 6.602 7 1.136 6 3.6800 0.4102 0.9107
SwinFusion" 4.582 1 7.156 4 1.602 2 4.7970 0.5730 0.9177
DIVFusion 2.8832 7.2559 2.1371 6.396 4 0.402 9 0.8914
Self-made :
CrossFuse” 3.1508 6.729 6 1.2545 3.589 2 0.4480 0.936 5
C2RFM 3.3177 7.246 0 1.570 4 4.746 1 0.368 7 0.9228
TITA™ 4.806 1 7.2933 1.4540 4.3817 0.5745 0.9371
FreeFusion'™ 3.097 2 7.3056 2.1225 5.8581 0.574 2 0.9311
Ours 5.0457 7.3413 2.1591 6. 809 6 0.5930 0.9388

FMI _p 27+ 0. 18 %6 , £ 3 W 3OO kil 5 1 g
P 2 . GRS Py AL EE 43 B, 25 (8] 433
SF 3= 2 J it 5 v 400 S0 BR IR 35 0 B 5 0 % 2= L
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MGG, Jeg 00 DXL B 't IR R I L 1 [ Jmy S 5O 45 3
ST R AT LA T LG 4 B, 3 43 il G 4 A 1A 4~
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ik o DIVFusion J5 ¥ 4= iU BHR H AW ik 5 B
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DATFuse J7 1 i il G 45 H oK £/ B 2% A HE 7 1 ik
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MR X, C2RF, TITA ;& FreeFusion %5 7 511
A IR R K 28 4 25 X 307 78 ok 25 19 4R i T 2K
BB AR 2T A SO VR A RO BRI Y 55 X
Wt S AR AR S T E R T E A
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Je3 BRI A 25 R XS I . DATFuse Fl Cross-
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PIAFusion, DIVFusion /% CrossFuse J5 3% 1) @l &
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(a) VI (b) IR (c) SeAFusion (d) PIAFusion

(¢) DATFuse (f) SwinFusion (g) DIVFusion (h) CrossFuse

(i) C2RF (j) TITA (k): FreeFusion (1) Ours
B4 oA R R X B R 3 5 R SE X T

Fig.4 Visual contrast of daytime scene images with local dark areas

Areas

(i) C2RF (j) TITA (k) FreeFusion (1) Ours
F5 RS T OGRS 137 500 SR 8 X L

Fig. 5 Visual contrast of images in illumination-uniformity scenes under heavy daytime fog
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(a) VI (b) IR

(i) C2RF

(j) TITA

(k) FreeFusion (1) Ours
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Fig. 6 Visual contrast of images in low-light night scenes with local bright areas
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3.4 HELZXI

3.4.1 TPC-Net % CoordAtt Block # A% & 47
Rt A sh & ARk 22 5 AR SCHE

IPC-Net 1143 2 A A b5 i = 3L . ik —

A 88 IE Coord Att Block B4 &% M & Hite AL B

XF Rl A I 45 R BE B R A, AR TS AE MISRS B0 4

b HEAT I R, SR A R AR 2 o, Ho
B2 ERBIRARNAER R ERZJE A
F3THIZIRARRTIELE WZ &R Z G A
B Atk BRI A RSN E R EMRZ A HiK
Ao TR RRW AR SO I JE i A 7 XU
AR
3.4.2 oA B — B L PR AR K T

A AE MSRS Hdli 4 b ARG B — Bk
JE IR R Lt oo T8 TH B 52 B, 52 30 295 2R DL 36
3o SEUGUEE PILL X IR 5 1AL 0K R RO ) Bl

%2 CoordAtt Block R N\ i B X M By /<IN i5HR &

Tab.2 Mean values of six indicators for each CoordAtt Block embedding position

i A7 = MI EN SF Qv FMI_p
Fy 4.4382 6.4125 3.5217 11.496 7 0.667 1 0.9285
%2 4.4926 6.5837 3.7625 11.634 5 0.679 3 0.929 2
W 4.4375 6.389 2 3.486 3 11.523 2 0.6427 0.9138

Je 4.4438 6.534 3 3.805 6 11.5700 0.687 2 0.9303
IR 4.7545 7.130 2 5.054 6 12.256 7 0.7275 0.9319
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Tab.3 Mean values of six metrics corresponding to different loss functions
Loss MI EN AG SF QT FMI _p
1 4.4371 6.5218 3.7154 11.637 2 0.648 2 0.916 4
2 4.469 5 6.6835 3.8927 11.7223 0.6667 0.9226
3 4.754 5 7.1302 5.054 6 12.256 7 0.7275 0.9319

BOCHRAUTE M R 0. 5555 2 406 181 2k R AP Y
ol B 2 5 4 O D R PRI 3R B 2, LR IR AR
FERAE 55 LN L o 25 R 1200500
1T ER S S 0B B AR S Bh A A A RO
T ACE BN BT R R AR
F A, 78 MI,EN,FMI _p & 5 | £ B Ak 5
[ B JHL Aot 8 — 30 249 BT S Ak s A A IR RS L £
B H ARG S o8 B S5 8 ,7E AGL,SF, Q" 55 -
IR AR S5 e 285

3.4.3 BAK R HH

A FE MISRS B4 42 15030 fl S 5%, 43 500 XF
IPC-Net, MC*MA #l CIIAPF 0 4 %k P ¥ 17 23
Br, LB 25 S 3k 4 FroR , o CCIAPF*3R/R K 51
A B 1 il A A B, ~/ 2 R (0 FH R R A B
X RTRAKAM I . LR 45 R LW, 7 iF 4 ) IPC-
Net, MC*MA F1 C2IAPF I , #5 57 BUi5 & 5, % 4k
PERE e -

WA s R 7R, B E RS A

R4 SEREERENATHEIRSE

Tab.4 Mean values of six metrics corresponding to different modules

Group IPC-Net CYIAPF* MC®MA CYAPF MI EN AG SF QY™  FMI_p
1 N X X X 4.4115  6.5727 3.8146 11.5759 0.6899 0.9304
2 X N X X 4.4457  6.4572 3.6917 11.3011 0.6719 0.9302
3 X X N, X 4.6352 6.6187 3.8326 11.7034 0.6765 0.9305
4 N N X X 4.5026  6.5889 3.8214 11.5572 0.6885 0.9295
5 N X X N, 4.5782  6.7549 3.8725 11.6537 0.6912 0.9300
6 N N N X 4.6887  6.9346 3.9846 11.6979 0.6945 0.9301
7 N/ X N, N, 4.7545 7.1302 5.0546 12.2567 0.7275 0.9319

(e) MC2MA

() IPC-Net+C2[APF*

(2) IPC-Net+C2IAPF  (h) IPC-Net-MC*MA+C2IAPF*

(i) Ours

P 7 2% A A5 BRI Tl AT 5 ) B0 A L A

Fig.7 Comparison of visual quality of ablation studies in individual modules
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A IPC-Net I % (1 6 % 2R f 55 0 1F 6, (0%
KR oA CR K WP R ).
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3.5 REBYERSH

ARG — -6 X5 /] 76 AH [A] 4 2 A
B 1 i AR Rl A 5 15 T SR AR XT I, S i
2 ¥ & (Parameters, Params) | % /& 18 5 &
(Floating Point Operations, FLOPs) K& "5k €%
S #4 4 B [B] (Average Inference Time, AIT),
S 2 AN 5 PR, R R A SRR I
e, N RIZL RN R o A SCO7 41 3 32 Ak T AR
HOKF I R B RS B, BARTE FLOPs 5 45
W A I8 de O L (RSB T RS ORS B S AR R A
iy, 2 A BT B S BRI B T D .

x5 AEHEEBEANHIESE LA Params, AIT & FLOPs
Tab.5 Params,AIT and FLOPs of different methods on two datasets

Parameter MSRS(640x480) TNO(768X576)
Methods
Params/M AIT/s FLOPs/G AIT/s FLOPs/G
SwinFusion' 0.9737 2.4957 298.7376 2.3529 430.182 1
CrossFuse'” 23.3100 0.496 5 133.708 5 0.508 5 194.279 1
C2RFM 15.6620 0.747 9 773.984 6 0.6191 1114.5378
FreeFusion'® 5.669 8 0.244 8 451.654 7 0.2539 650. 354 3
TITA"™ 1.3869 2.9909 377.843 2 2.9631 544.093 6
Ours 1.213 6 0.1225 353.658 0 0.2518 494.427 5
4 %= » SR M e, 7 MSRS MU 4 MI, AG 4y

AR SCHR H O IRORCER 8 I5C ML ) 5 1 B8 U 2
232 B LA S AT LG RS Rl 0 4% . 3 I 4%
i B R AR R U B A R S LR PR AR
GBS H S B By #b X 5K 5 4 5 bR SO R
2 RUZ K B 1 SOORTR 4 A AR AR T 8 T /) OL IR
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