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Infrared and visible image fusion based on structural re-parameterization

CHEN Zhao—yul, FAN Hong-onT, MA Mei—yanl, ZHAO Yi-bo*

(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology,
Kunming 650500, China; 2. Faculty of Modern Agricultural Engineering, Kunming University of Science and
Technology, Kunming 650500, China)

Abstract: The purpose of infrared and visible image fusion is to enhance the detailed scene information in the source
image by fusing the complementary information of different modalities. However, the existing deep learning methods
have the problem of unbalanced fusion performance and computing resource consumption, and ignore the problem of noise
in infrared images. Aiming at these two problems, this paper proposes an infrared and visible image fusion algorithm
based on structural reparameterization. Firstly, the algorithm performs feature extraction on the two source images through
a two-branch residual connection network with weight sharing, and the obtained features are cascaded to reconstruct the
images. Then, the structural similarity loss and the content loss with bilateral filtering denoising are used to jointly guide
the training of the network. Finally, after the training is completed, the structure reparameterization is performed to
optimize the training network into a direct connection network. Qualitative and quantitative experiments are compared
with seven leading deep learning fusion algorithms on multiple public data sets. The proposed fusion algorithm achieves
the improvement of multiple evaluation indicators with lower resource consumption. The fusion results have richer scene
information, stronger contrast and more in line with the visual effect of the human eye.
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Conv(z,wy) + Conv(z,ws) + Conv(z,ws) =

Conv(z, (w1 + w2 +ws)). (1)
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Shared Structural
Re-parameterization Block
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Lcontent = pi1 Lin + p12 Lgrad, (3
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SR P A O 2 R R B R B AR WSRO T
U MO B 25 B AR, RiA BRI 25 0 i ) T 41
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Lgrad =
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A 2By H17E GeForce RTX 2080Ti 11GB H/l Intel
Core i5-12600KF _F i 1T, 7 & % 2] HE 42 4 PyTorch.
PRSI IR B, B T80 4040 5 ) o6 B G mh &
el S BUN, B CRCHE (20405 0] W S A JE I
£E MSRSAE R ZREEEB 53, A 1083 /N BG4 78 2

26 1124 GO, VTR ) GO RSF RN 64 pixel
x 64 pixel, 3 A< (8 3 2 Il 25 B oK. W 4% A 4k 2% K
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WHIBH N, = 0.05. 0, = 8.0, W K/Ih=11x
11. AL 25 Adam BA 5 TN AF /D & & AL B M B 16
JERIRS R, 2 BRI &4k H AR LAk
Hyk. A L E 4 TNO. RoadScene. MSRS 1 K
DRAE Ry, &P 42, 20, 250 BUG AT S L
SEHG. SEE A 0T bR DL R AR SO R B AT
S ASCEEINGRm AR R A an 59 1 .

BE1 UIRRRE.

Input: ZLAMEHE I, AT WG IR 1,

Output: @& K& I;.
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SCIEF 6 P e bRxt R BT VR, 2 e bR i
(standard deviation, SD). .15 & (mutual information,
MI). 3% B JE (visual information fidelity, VIF). %
S AHFHI (sum of correlation differences, SCD). 15 &
J# (entropy, EN). 75 [A] 513 (spatial frequency, SF). SD
S B G 0T B B2 ML =235 P4 B R U S
S VIF U LM e &R gi s Ab Ui R S b A
)45 S 5&; SCD & & G AR & R I 22 57 EN
= EGAEIE SR, SEIULEN & EGrIEE. UL
Fabr 5172 IE Rl FR R, (BB R R R Rl 45 R T

SR W IR ARSCITEAE 3N HR4E ML VIF, EN
BB D B MIAE A 1 B fil A B B i
ZIREB G B VIFE S B WRAE A SO R & 1)
KR BE A5 & N8 5 4t ENE S A0 U e 156 W A ST
TEAENERERZ. R 1T SDE. SFHELEN L
T3k AT S B AR A7 B, Ul B A S e L
FE % v, HRE R R PR TS S I SCE 20, O &

FEHIRL I, BEAh, AR SCIEXT L T 2% VAL [F) 4%
PEF ISP 338 AT I ), 85 R a0k 2 Fos. AR SCHTie
SVREE T 450 TS B i FEAR, T8 SR B B X 2% i 37

X bR A R 1 R, Herb 20 AR e

1 88, RS PR B2 2% FEAR, AT A 2> i 5 T

F1 XTEEERRER

LD
HtE s ik SD MI VIF SCD EN SF

DenseFuse 8.5765 2.1987 0.6704 1.5916 6.3422 0.024 8

RFN-Nest 93153 2.1268 0.8103 1.7711 6.9285 0.0226

FusionGAN 8.605 8 23426 0.6457 1.3688 6.5199 0.0240

™0 IFCNN 9.0058 24154 0.7996 1.6850 6.7413 0.0471
PMGI 9.5824 23627 0.8612 1.6895 6.986 4 0.0337

SDNet 9.0398 22710 0.7523 1.5488 6.6670 0.044 8

U2Fusion 8.8553 1.8730 0.6787 1.5862 6.4230 0.0327

Ours 9.5492 3.1619 0.9669 1.6169 7.1455 0.043 1

DenseFuse 9.288 1 2.5912 0.6022 1.5109 6.7180 0.0330

RFN-Nest 9.776 1 2.4605 0.6347 1.6549 7.1447 0.0290

FusionGAN 9.6237 2.5381 0.5286 1.206 1 6.8825 0.0300

IFCNN 10.106 4 27068 0.6892 1.5700 7.0790 0.0593

RoadScene

PMGI 9.6297 3.0025 0.6879 1.4430 7.106 4 0.0377

SDNet 9.6120 3.0125 0.6747 1.3855 7.0858 0.0518

U2Fusion 9.4077 24246 0.5855 13753 6.7512 0.0440

Ours 10.296 5 3.5981 0.8505 1.4185 73261 0.0602

DenseFuse 7.0692 2.5409 0.6752 1.3296 5.8397 0.0235

RFN-Nest 6.9939 2.3430 0.536 4 1.2881 57514 0.0181

FusionGAN 5.4307 1.9160 0.423 4 0.794 8 52179 0.0146

MSRS IFCNN 7.5947 27399 0.8283 1.6658 63109 0.0456
PMGI 7.2221 2.1656 0.607 1 1.2242 6.0063 0.0274

SDNet 53143 1.7396 0.3745 0.8298 4.88512 0.0270

U2Fusion 5.6231 1.8953 0.3967 1.003 4 47525 0.0256

Ours 7.8719 3.8022 0.8609 1.7483 63351 0.0411

x2 FBEEFHEBITRE

Hik DenseFuse RFN-Nest FusionGAN IFCNN PMGI SDNet U2Fusion Ours
AT [H] /s 0.874 0.473 0.612 0.097 0.416 0.341 0.855 0.006

33 FESCEE
E bRkl S92 2 — P BT AL B v,
PEBE T AR 47 B s o il & G R E UE R AT
B UF R GO Ja B2 AT 55 R A, A
J5 TRINZRA H Rkl A= Y OLOvSs AT P14t i 4 1
B H bRk BE, B AR 25 S 6 k.
MG 4E TR lEr 2 SR R 1 T 45 R a5 LAt
A5 0] WG E b — 2 LR A6 B AR AR AR

ZE I, A D0 A JE AR M Al B B AL 95 145 B, Rk
R T R A A AR G W HE AT N T AE A BB
AL AR AT N FE— e R R R R
J& v E BT S SR THE .
34 JHELSLIS

ST BRAIE 9 4% H N R s B 4 ) S B A
e 5 7 B I 25 Mk 1) P A AR R0 0, AR e
TR B A S S 1 ONAS I E L R A S
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B AR BE R 2% . I XU e U N B 5 R 1
15 SR 2 A A E = 2 ) E S A R R I )1 5
25 ANIIRULLIEE N 2548 1 77 ¥ 5236 3 A A =
S AR T SN SR 26 U2 8 i N 7545
SR A ST, ARSI AR TNO B 4 L HEAT, T4 b s
36 45 T 7 pios.

PS5 25 BT DU, S50 3 R S 1 AR 5
R 2 LS8 2 B, U B U2 8 % N R 5 R e A T
5P 26 A B R AT ) 4 R T SR 3 B SRS 1
TEAH T SO0 13, MG B AR, R 3 2T Al
SIS IR PP FE PR 45 R, AR SC ) 7 VEAE & TR AR I
E R0 1 FNSES 2 A BT de I, 3R B 17 A SO VR AR
. TR I, X AR SR bR 2 TN TH B TR L s
4 B S A AL 5 X002 8 I A 25483 2k (A v

(b) FTHIEREZ

(a) AEER

(c) T4 1

(d) %2 (e) 983

7 HEASKIOEER

®3 HRSIRIEARGS
EGEAN

SD MI VIF SCD EN SF

FH 1 9.4191 28446 0.9358 1.5968 7.1028 0.0402
SEX2 93790 2.6630 0.8940 1.6212 7.0504 0.0370
SEES3 95492 31619 0.9669 1.6169 7.1455 0.0431

I Ab, 2% MSRS #ds 46 i F i) B v RST, 4
FH 640 x480x 1 [ H54f 1 9 W 28 1T e 4% 4 (1) S N, @
it TorchSummary g5 W 2845 7Y 1) 2 2508 ATAY
KN, WSS ESHAHTE RIS T E] . 8. L
H RN A SR G 25 RIFAZR R i R 22 3EAT S ga 0t
b, X b &5 R ank 4 B, Bk b g SR nT g, 7 45 7
AT I W 265 B Rl 45 SR T LT3 220, U BH 254
HZHA ] UAERAR IR Z G 0L T, A R b g 17
I [A] 280 AR /).

F4 HHESBURIBILER

REGEMESHNL BITHIE /s ZHE RED WE

653657 2.49MB /
587457 224MB 4.65xe” ¢

x 0.013
N 0.006

4 & ®

AR T — R T 451 BB L4 5 7]
TG R B, 1 4, W48 A 4 5 5 4
SR AE BEAT BRI, 15 I S P i 4
PRAFAE RN 25 MR A, X0 BT S BRI R AT MG
A RN SE UG, N 2 34T 45 M B S
VE, Bk 72 320 4 TR INX) 9% 558 2050 e it ol L 026 2R IO 8%, 7R
IR A I RSO SR b, 75 R o R 0 B
TR0 2 AR B A B, LA 72 0 S 06 5 SR 2
FFF AR B0 5 A S R L, JE R 4 45 SR ARk B
A B, I LA S A 2 VR D P A
FH, 76 5255 TR R o, 58 3 4 o) TR T S e
(V. BLAh, A% SO R 5 T 45 4 5 5 Ak I i 7
GE R TIEAT CSCHE £, S RTRR o RT3 £ 45 060 0 K Rl 76 404
R P A AE, I 75 45 ) B B 00 7 1 (KR N R R, Tk
K % 22 W R TR AR I A S M I 25 0 4%
¥ ESEWN T X, R RS H R
S0 B AR X 28 S5 ), Lk DX 2 A 70 B 4 3 = ] )
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