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Abstract: Current infrared and visible image fusion methods tend to introduce excessive redundant infrared
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information, impairing the ability to balance complex scene details and resulting in suboptimal fusion out-
comes. To address these limitations, a novel fusion approach based on multi-scale spatial attention com-
plementarity 1s proposed. This method employs a dual-branch convolutional network to separately extract
features from infrared and visible images, followed by difference-based complementary processing. Multi-
scale spatial attention mechanisms are then applied to the feature maps, culminating in regression-based su-
perposition to achieve balanced fusion of complementary features. Experimental evaluations demonstrate
that, compared to mainstream methods such as Densefuse and PIAFusion, the proposed approach
achieves improvements of 4. 1% and 4. 3% in mutual information (MI), and 5. 0% and 2. 3% in visual in-
formation fidelity (VIF), respectively. These results indicate enhanced retention of target features and ef-
fective suppression of redundant information within complex scenes. The method exhibits strong feature
balancing capabilities and holds significant potential for applications in target detection and recognition un-
der challenging environmental conditions.

Key words: image fusion; infrared and visible image; double branch convolutional network; complemen-

tary difference; multi-scale spatial attention; regression overlay
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Fig.4 Comparison experimental results of sample 559

(h) PIAFusion (i) IVF-MSAC

based on MSRS dataset for daytime scence (The
red-framed area is a zoomed-in display of trees,
and the green-framed area is a zoomed-in display
of houses and windows in the fused image, color

figures is showed in PDF file)

(d) FusionnGAN (e) IFCNN

(g) SDNet

K5 3T MSRS ¥ £ 808 B 7 1) I 3% 5t %t 1L 52 36 45
H CLLAE DX 3y il B R A AR 7 R B R b
R, G HE DX I I 56 A R R, OR T WL 30 ) A
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Fig.5 Comparison experimental results of sample 808

(h) PIAFusion

(i) IVF-MSAC

based on MSRS dataset for nighttime scene (The
red framed area is a zoomed-in view of pedestrians
and notice boards, and the green framed area is a
zoomed-in view of manhole covers in the fused

image, color figures is showed in PDF file)
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Tab.2 Comparison of mean and standard deviation of MI
and VIF indicators between existing methods and

proposed method on MSRS dataset

Method MI VIF

Densefuse 2.392840.4862 0.8879+0.176 0
FusionGAN  1.979040.2801 0.4984+0.1424
IFCNN 1.736 8+0.5064  0.7315+0.0617
LRRNet 2.264240.8077 0.4895+0.054 9
SDNet 1.9159+0.3316 0.5772£0.059 7
PIAFusion  3.3707£1.0091 0.999 3+0.067 3

IVF-MSAC 3.5152+1.0136 1.0514+40.0822
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AN [R5 1 6 7 B ML AT VIF O K, 3678 76 40
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H 5 AT DK TR TR 0 A AU B 2 R R B
B EMG il 2 R 0 ST S, 6 1 M
M VIF f8brth B 45, Beoh A SCHE O ik e 36 F

Cumulative Distribution Function(CDF)

50 — DenseFuse
) — FusionGAN
450 — IFCNN
. — LRRNet
— SDNet
401 — pIAFusion
o — IVF-MSAC
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<
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Cumulative distribution

Bl6  FET MSRS HUHE 5 19 A R BUR AL G 5 15 48 A TF] R
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Fig.6 Comparison of MI index for different image confu-
sion methods under different cumulative propaga-

tion on MSRS dataset

Cumulative Distribution Function(CDF)
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Fig.7 Comparison of VIF index for different image con-
fusion methods under different cumulative propa-

gation on MSRS dataset
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(g) SDNet
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Fig. 8 Comparison experimental results of sample 08835

on RoadScene dataset ( The red-framed and green-
framed areas are zoomed-in display of roads and bi-

cycles, and pedestrians respectively in the fused

image, color figures is showed in PDF file)

22 e

(g) SDNet (h) i’IAFusion (6] IVF-MSAC
9 3T RoadScene £ 45 4 08749 £ A X Hb 5 16 45
CELHE DA il T4 v T B R SR | 5 AE IX
BOMRE R TR s %2 18 DL T 7 hit)
Fig.9 Comparison experimental results of sample 08749
on RoadScene dataset ( The red-framed and green-
framed areas are zoomed-in views of road and rear
door of car respectively in the fused image, color

figures is showed in PDF file)

(g) SDNet

510 5T RoadScene 4 5 05027 #F A Xof LL 52 46 45
(ELAE DX B0CA il A5 v o B9 S 7, R A IX
DI 1) N A WY R iR 7))

Fig. 10 Comparison experimental results of sample

05027 based on RoadScene dataset (The red-

framed and green-framed areas are zoomed-in

views of road and manholecover respectively in
the fused image, color figures is showed in PDF
file)

(a) IR (b) VIS

T

=2 .-n.:i"- 1=
(i) IVF-MSAC

4 i bl T
(h) PIAFusion

(g SDNet

BI11 2T RoadScene £ 4 06832 #£ A X b 52 4 45
CELAE DX A fil G PR P AT AR BOR R A IX

B VR AR AR RO R R P AT TR
Fig. 11 Comparison experimental results of sample
06832 based on RoadScene dataset (The red-
framed and green-framed areas are zoomed-in
views of pedestrians and car as a whole in the

fused image, color figures is showed in PDF file)
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Tab.3 Comparison of average and standard deviation of
MI and VIF indicators between existing methods

and proposed method on RoadScene dataset

Method MI VIF

Densefuse 2.522940.4197 0.47974+0.0408
FusionGAN  2.4926+0.3063 0.320240.023 2
IFCNN 2.3471%0.3916 0.4733+0.0386
LRRNet 2.6081+0.4117 0.437240.064 4
SDNet 2.9535£0.4323 0.493040.0335
PIAFusion  3.5197%+0.3319 0.5689+0.0777

IVF-MSAC 3.6781+0.3785 0.5823+0.0855
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Cumulative Distribution Function(CDF)
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Fig. 12 Comparison of MI index for different confusion
methods under different cumulative propagation

based on RoadScene dataset
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Fig.13 Comparison of VIF index for different confusion

methods under different cumulative propagation

on RoadScene dataset
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Fig. 14  Ablation results of fusion images in three typical scenes
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