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Abstract: Under low-light conditions, the fusion of infrared and visible images often results in images with
poor contrast, lacking in detail, and requiring a lengthy processing time. To address these issues, this pa-
per introduces an enhanced multi-scale structural fusion approach. Initially, it improves the low-light visi-
ble image using a dynamic range compression enhancement algorithm. Subsequently, through a multi-scale
structural image decomposition method, it separates the enhanced visible and infrared images into their
low-frequency and high-frequency components. For image fusion, the low-frequency components of both
image types are merged using a technique based on the root mean square error coefficient. The high-fre-
quency components are initially fused in a straightforward manner, followed by an optimized fusion using a
self-adaptive weight adjustment based on image information entropy. Afterward, by reversing the multi-
scale structural decomposition, the fused low and high-frequency components are combined to form a com-

plete image. To further enhance the image contrast, a regional pixel enhancement algorithm based on gray
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level classification is introduced. The effectiveness of this method is compared with nine conventional infra-

red and visible image fusion techniques, both qualitatively and quantitatively, using TNO and CVC-14 da-

tasets. The proposed method demonstrates superior performance in terms of average gradient, cross entro-

py, edge intensity, standard deviation, and spatial frequency, along with an improved overall visual quali-

ty. This confirms that the images produced by the proposed method exhibit enhanced detail, clarity, con-

trast, and are processed more quickly.

Key words: image processing; multi-scale structural fusion; dynamic range compression; root mean

square error; information entropy; contrast
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Fig.1 Framework of infrared and visible image fusion method based on improved multi-scale structral fusion
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Tab.1 Comparison of average objective indexes of fusion
results on TNO dataset
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CNN 3.367 1.377 34.175 41.209 9.245
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JoT s PR o

R3 FAREMEFENFHETHE

Tab.3 Average running time of different fusion methods

F2 CVC-14HHRE FRA TN THEITMNIEIRAT L
Tab.2 Comparison of average objective indexes of fusion

results on CVC-14 dataset

Method Time/s Method Time/s
Bayes 0.581 MDLatLRR 25.373
CNN 42.403 MSID 0.125
GFCE 0.732 NSST 80. 695

HMSD GF 0.683 RTVD 1.142
IVFusion 33.273 Proposed 0.237

Method ~ AG  CE EI SD SF
Bayes  2.342 1.456 23.168 28.902 6.460
CNN  3.919 0.795 36.799 45.487 11.181
GFCE  6.002 1.527 53.315 37.423 16.673
HMSD _GF 4.500 1.178 42.124 37.929 12.743
[VFusion 7.503 0.979 70.347 44.097 20.510
MDLatLRR 7.218 1.137 69.939 44.373 20.326
MSID  3.648 0.963 35.609 43.116 10.733
NSST  3.788 1.245 35.759 37.299 10.917
RTVD  3.118 1.128 30.039 38.373 9.213
Proposed  8.523 0.666 73.588 45.552 24.836

5.3 Z{THTERTLE
R 3NAFEA I EAE TNO H CVC-14 %
EiE el R b B il N 11 WA s R 2 ) B G {0l [T B 5

5.4 HBLICIE

%5 GE MSID f@ill 5 /9 e 2 4E H L DL 16 XF
TNO Fods 4 b i 4 SE AT Al e 06 . SC0 4
T34y (1) MSID+DRC, 78 £ K JE 45 #4 1k
Al A o A 3h 3 L 4R BB (2) MSIDA-
DRCHRIE, 78 (1) (3 Rb_E o JF @& S, e ik
RIE & 2 F RMSE &R 50H TE [ & b b il A 59
45 5 5 (3) MSID+DRC+RIE+EC, 78 (2) i 3
filh AT HEEE S R AR B EC

TH RS2 56 1 72 00 D7 A 4 A 45 SR 4N 3R 4 i
B A R m L . A DRCHT S, Bk T 48
b CE #h, HoAth 4 /4> 48 b5 #2208 T 3% A i Fl DRC
BB RS 45 M A RIERT S % T 48455 SD A
JF T BE AN AR A FR AR ER A R R B 42 T A
ECHIJG 09 5 A48 bR B 47 T4 I, 3 B T 2otk Jr i
A RPE

R4 HEXBEMFHEINENERER

Tab.4 Average objective evaluation index results of ablation experiment

Method AG CE EI SD SF
MSID 3. 182 1.700 32.776 38.734 8. 880
MSID+DRC 4.443 2.651 44.629 40. 882 11. 833
MSID+DRCHRIE 6.986 1. 683 68. 607 38.997 19.003
MSID+DRC+RIE+EC 7.746 1.122 75.975 42.803 21.110
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