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Research on Visible-Infrared Image Fusion Method Based on Deep Learning

JIANG Qingze ,HU Xiaoyang

( Shenyang Ligong University , Shenyang 110159 ,China)

Abstract: To improve the performance of infrared and visible image fusion, this study conducts an
enhancement of the SwinFusion model as the backbone network. Firstly ,a module based on low-rank
and sparse representation from the novel representation learning guided fusion network (LRRNet ) is
introduced between the shallow and deep feature extraction stages,aiming to enhance the expression
capability of multi-scale features. Secondly ,the L1-norm-based fusion strategy from SwinFuse is in-
corporated into the feature fusion part of the backbone network to optimize the integration of multi-

modal information. Simulation results demonstrate that the improved model can accurately capture the

feature distributions of each modality,validating the effectiveness of the proposed method.
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Fig.1 A deep learning-based backbone network for visible-infrared image fusion
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Fig.2 A module based on low-rank and sparse

representation

2.2 ETFLIEHMRE R
R BRI 5] AT SwinFuse H 48 H 1



38 % M

¥ I XK ¥ F Ik

%45 %

— ol I [0 7 900 4 B ) 22 4 B 7 A AL
PO AR T L1 Y8504 i B SRR AR 1) B 25
PEZ2E S AT HIRL] 25 (8] Sh A 43 B AL

VPR L1 yuBOm R L2 Ju80E ZA WAL R
— 8 L1 JuB0E o e R4 EZ ik
A 1) T A2 AR R, T4 405 ] L R il
BITH X —FEERBIE 2 2 B H bR sk SOl 2055
BB, 40 Al S 2 DX, AT S AT X 1
I SACE /L ; — e L2 JU%0E X hIe R,
AL S E hy 2 Jm V25 o F S A ) S 2
F EEAL, IS PRR U Z (R EAME S, AL
Z N, L1 {uBCE R AR RS ] 1) 22 S M A B M
PEE A 5 R B 40775 18 S5 R AR

K3 J@oR 1T L1 Syl G 3k ms ALl
HMS AT LG 4 R FRIEHE B @), e R™YC, @l
RY™XC FHor M OFUN G350 R REAE B A v BE RN B R
C MM, Ao N TILHE,

1) A7I v B SRR AR 5 A i
T L {540, i Softmax AR AR S W] a4 AU,
exp( || @& )

Con 1) = o (T i) ) +oxp( | B (D) 1)
(10)
e (i) =1 -¢b, (i) (11)

K@ (i) F @ (i) 2R 5 i AT 404 Fnar I,
FERFAE AL

2) 0 ) i AR VAL . X R AR RE RS j 2 1)
AT AR AR

exp( || @6 () Il)

Cer)) :(CXP( | @E-G) 1) +exp( | D) 1))
(12)
e () =1-¢5% () (13)

2 @l () F @l () 2 IR j ST SMRTT WO
FEAE AL TE
3) ATALER A « FA T4 BE A 3R S B
DL (1)) =P (i,7) @i (1) + P (i,) @y, (1)
(14)
A @ (i) FATRA SR,
4) GUALTE Rl A« B 2k A SR A1 15
D (i,)) =P (i,)) @i () + P (i) @i ()
(15)
K @ (i) WBINRLALER
5 ) A 44k 35 A 0 19 0 3 o T 2N R AR i
Y pE 5
D (i) =D (i,j) + P (i,j)  (16)
A @, (i) WERARAEAE AT 5 A4
1A
F£ SwinFuse H, 1 fill & 5 WA A I 3 By B AR
BRI 5 0 B RS s, 76 SCH RO R o
WA SR 5 R R A B A I 2k, T A%
TR TR — Bk, 5 SwinFuse A b, 7K 3CHY
PSS S 1o A 2 I B B A 7 1
SwinFuse XZEJE L1 WAL H B E w384k T H R
L AR

/7

L1 L1753

%3

Oooono
®

il

Ooono

ll

L1353 — L1jig
B E

® ®

2 B
2 O
B O

‘n
L

frmEgEpE

)bl 3: 8

& mxkzE
® Rz

3 ETF LI EHHMERE

Fig.3 Fusion strategy based on L1-norm
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Table 3 Comparative experimental results
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