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Infrared and Visible Image Fusion Combining Multi-scale and

Convolutional Attention

QI Yanjie, HOU Qinhe
(School of Electronic Information Engineering, Taiyuan University of Science and Technology, Taiyuan 030024, China)

Abstract: A multiscale and convolutional attention-based infrared and visible image fusion algorithm is
proposed to address the issues of insufficient single-scale feature extraction and loss of details, such as infrared
targets and visible textures, when fusing infrared and visible images. First, an encoder network, combining a
multiscale feature extraction module and deformable convolutional attention module, is designed to extract
important feature information of infrared and visible images from multiple receptive fields. Subsequently, a
fusion strategy based on spatial and channel dual-attention mechanisms is adopted to further fuse the typical
features of infrared and visible images. Finally, a decoder network composed of three convolutional layers is
used to reconstruct the fused image. Additionally, hybrid loss function constraint network training based on
mean squared error, multiscale structure similarity, and color is designed to further improve the similarity
between the fused and source images. The results of the experiment are compared with seven image-fusion
algorithms using a public dataset. In terms of subjective and objective evaluations, the proposed algorithm
exhibits better edge preservation, source image information retention, and higher fusion image quality than
other algorithms.

Keywords : infrared and visible images, hybrid loss function, multi-scale feature extraction, attention
mechanism, image fusion
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Fig.2 Multi-scale convolutional attention block
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Table I MSCB module parameter settings

Kernel size Outputs Activation
channel function

Branchl 1x1 16 R-Relu
Branch2 3*3Maxpooling 16 R-Relu

1x1 16

1x1 32 R-Relu
Branch3 3x3 64 R-Relu

3x3 16 R-Relu

1x1 64 R-Relu
Branch4 1x7 128 R-Relu

7x1 16 R-Relu
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Bl 4, By A0 F 9B g fith a2 ) AT OGBS
ANLLAMEHR IR B 2 RBEIRFERFAE,  Fs A1 Fe 735
DNy a7 ) A AR R T R ) 3R A 1 R
fiE, FrNZefle 2 a1 2000 2 REEREERAE, f 5
VRN P28 RN o Forbr, i Fs A1 Fe 531 Frif)
RIEAN:

GAP: Global average pooling

€ Multply 4 Addition

Fr=0.6X Fs+0.4X Fe 1)
131 A [AER
A B A R AE BB R A AT S R T
2 (A TR A SR, DRIZ0 AN G P IR IR 25 H bR B AL
K, AYGsRREE BRI R BARX EERE, ¥ soft-max
Hyatr oo, SINEHE FAF BG4 RS
JZFNEHE 5 Y soft-max T (Isoft-max) 115 FRAFHL
HE o o, HITHERIELN:

0,7, (x,y) > 220

e

a,(x,y) , 25<1 (x,y) <220

| e, Jrtel
L1, (x,y)<25
@)
1,7, (x,y) > 220
JEGL
S RG],

0,7, (x,y) <25

a(x,y)= , 25<1I (x,y)<220

R || FoRm L1 J08G (x, y)FoRMg 5% i E Ak
s

IRIG, HNEFIE(R, B F) 5 CEE (a0 Flan)fil
TR 458 16 45 3489 9 /5 (0 T 0o BRI B AN 404 )
GAFIE F o BJ5, A5 HE B (R AE AR I A5 3 2% 1RV 2
YRR IR IS RAE Fy, TR FRIERN:

F=F+F (3)

B R R
WIEEE I R RGMA S PR HET
G5 BRI A RS, MINRHIE Fy o0 F 4 R
R ESRAYIE A &, X8, &R T
R T, B —MEENEFEA, @iE
P & MG B R EEOR; A a1 soft-
max HF I HSB M A ER B, THEREAN:
G(ﬂ(m)
G(E (m)) + G(FV (m))
K ne{v,il, m FIRANRHIE A IEE P R E T
G RN E R E .
WRIG, KEENFHE F A E S5IBLUR &L, F1 4 i
FR S 45 1 15 21 385 550 5 1 AT 0 EUR AR AE F, A4 4 B
GEHE F, o BJa, B350 5 (R EA IS 2l E T &
FIRE AR 5 FUEE Fo, THRFRIEAXN:
Fc=F, +F (5)

1.3.2

“4)

B, (m)=

1.4 fRRG2R

fr 25 X 28 25 10 th = R B KN A 3X3 BT
AR BRI 1, fthiEiE )08 32, 164 1,
Al 2 0 AR N R ZR S AN, EiE— 6
FRE M K E R G . GRS &t s IH—
{¢JZ (Batch Normalization), UAJk/b il BG5S,
PR M ST RO . BOE R3S N R-Relu.
1.5 kR

Wt T — M GRB Bk s L, HITR%E

1063



F 46 F 9
2024 49 H

EANE AN SN
Infrared Technology

Vol.46 No.9
Sep. 2024

Lyise~ % R BE SRR BE B iR 22 Livis-ssim A1 ELRE IR AT
R Lo BRI H, FRIEM T A B IEAR, 3
FikAX R
L=Lymsg+ pLc+ ALns-ssim (6)
At AP R4
BorwE RS BB S5EERGR mEERE
¥ T E PR A 2 7, tHERIE AN

__ R
LMSE - Wx H z“(F:co Itl) (7)
A Fo R BEMEG: L FonmANEE: wRorE
BT HZREIRI S

R BN R 22 o v AR R A B LT R
ZESR SRR BRI S B LU EE, T PRAIE R A MR
REA% 5 tH ] WL BB R SO DL K 21 9 AR ) # e St
FE, HitEREAN:

L =% Il Histogram(O) - Histogram([) )]
A H: Histogram(- )RR AE BH 7 s ||| R .

Z RESS AN SR E I R E R T Lix,y)
MR T Clep)MEHE T Seep) iR A BIR S
AR AR, Hat S RE A

LMs-ssim= 1 _MS_SSIM(O,]) (9)
2’:ux:l’ly +Cl
L(xy)=——5—
lux +1uy +cl
200, +c
_ X~y 2
C(x,y) =——F
o, t+0,+¢
o+
S(x,y)=—>—— (10)
0,0, +¢

MS_SSIM(x, ) =[ L, (x, y):|aM .

M

TTic; ey s, (x. )1

J=1

A : MS_SSIM(x,y) 3K PN G TR 1) 22 R 25 R4 A

ARE; (o) RN RANR: o Fl s, 73 0FRTR x Fl y 1]
YIE; oMo o ilERos x fly BIARHEZE, o 7R xs
yWWAEZ, ==y j={1, =, M}, c1,c2,c3 &%
., HTRER SRR et

2 SLEREER

21 ZHRE

WGRM Bl 5 3R & 2, R ZRgm bt 2% i 25 F i
T As 2, (SR 7R B BERS Af o B R N M, ek b e
BEMR R, IIZRM 2 a5 Fis.

YR H 9 SE 3% 1 MS-COCO #5412, %k %
80000 7K P15 e #e 9 I FE MR, JF R BN 256
pixel X256 pixel E J%i A EI5, M2 1 4k 2% ik A
Adam, epoch=2, batch size=4, 2~>]% N 1X 104, H
77 NSO, AR p KR RE X1
FrR

p =ron( kernel) (11)
A ron()NEUEE R $L, kernel ANBRFUZ KN, ik
B S HA=700, £=0.01, FE{FECEAE N NVIDIA
GeForce RTX 3090 24GB. 12th Gen Intel(R) Core(TM)
17-12700,

NIRRT E R R0, 1R 7 P LR
M A EEHATHR, B — TR W%
(U2Fusion) 261, FE45 70 fif 4% (SDNet) P71, AL 4%
/4% (DenseFuse) 11, A it iM% (FusionGAN)D 161
Z5rRZR (GANMcC) 71l A B UG
W2 (IFCNND PO B #E R4 (NestFuse) 28, Jf:
I R MIEN AR AT VPN 4T
2.2 REEEGEIFN

7E TNO T RoadScene #4301 43 55 e B
ZH (Scene 1~2) Fl14 4 (Scene3~6) EGIHATLLG
N, SEERZE R 6 R, R SEAHERRIL TS SAl
L ¥ 5 ANTREAI | T A =

Encoder

I

Conv

Decoder
i

Canvy
Conv
Conwv

[ e |

[_LLOSS |

K5 IRk Eitl
Fig.5 The structure of the training network

1064



Fao ks FHEoW
2024 £ 9 H

AR 2 REMGRERIM

Vol.46 No.9

i LA S A O E SR A Sep. 2024

GANMcC FusionGAN IFCNN NestFuse DenseFuse SDNet U2Fusion VIS IR

Ours

(a) Scene 1 (b) Scene 2 (c) Scene 3

(d) Scene 4 (e) Scene 5

(d) Scene 6

Bl6 B4 AR B

Fig.6  Visual comparison of partial results

AfLLFE Y, SDNet 52K FH 4 73 fif I 28 S 21
SRR BB RENE, — R BIRE TN EEE
br, BAEEDSE, B, RASEE SO R IR
75 NestFuse 55K F & % 1 W 245 Sl KU R &
KRR S E BRIV, Ha 255
B EXTLE %, DenseFuse 5.5 K% 52 1EF: N 245 14
B LA NG S 0] WG MR RHE, RilG BB AR IR B 5=
GUH T TR IV, (HARRER H LA H b AW 45
FOFRE AR 5 FusionGAN SER A T 48 oxt
P28 S AL 5 0] I B Rl G, PREE T LA
HAR, (R 55T 5eari (5 B E 5k GANMeC &

TEAER AL AR SHE o7 TR, Bl & BEgAEED
HRS, 407 SO LR IFCNN B4 il
GEG ARG X a4 R E Hin 51 g, Xt
FERAK; &l 6 H Scenel Frzw, U2Fusion HikARE
RHAINEE HIR, SRR 2 B BE AR i fb
HEG RN BAANEE B, RN RS SEEA
W, A N R G .
2.3 EEEGEWTMN
FUPNAAEN AR R, BA— @ BEYLTE
AR 7 E et iR B i, EE 4
TR A BUE i & R WP F8 4532 77 1% % (mean
1065



F46E 59
2024 %£9 H

EANEANE SN
Infrared Technology

Vol.46 No.9
Sep. 2024

squared error, MSE). 15 2/ (entropy, EN)D. FrifE %
( standard deviation , STD ). =¥ [a] #li % ( spatial
frequency, SF) 13 i T-g& EHER 5 EM& 12 0
P e b5 HAS B (mutual information, MDD Uk REF
& (QWF), gAML (structural similarity, SSIM)
Xof il G B AT X B SIS A AT

M TNO 1 VOT Hfls4LC I IL L 40 X505
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FH15 IR AR 20 4% o B 5 LA 26 1 1 % =k

TR, B 7 NASRI SR BN Fa AT 26

ATCAE Y, FriREIETESRIGH, 7 U A S
Tatr N AE . SSIM 5477534> 5 DenseFuse 54>
IEB/NERR; oA GANMcC 5%, O fabrit
i 141 100%, SF fabrids 149 77.69%, BT
BIG Rl & B Rl G 1 R S0 5 1 245 B T i
M= . [, MSE. SF. O%F. STD4 IiEhrii H:
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Table 2 Mean values of objective evaluation indicators in comparative experiments between TNO dataset and VOT dataset

Algorithms MSE MI SF SSIM ol STD EN

U2Fusion 2704 10.45 11.54 0.68 0.45 36.33 6.95
SDNet 2936 10.49 11.82 0.70 0.45 33.14 6.69
DenseFuse 2696 10.61 8.77 0.72 0.45 34.83 6.78
NestFuse 2999 11.33 10.02 0.71 0.53 41.67 6.98
IFCNN 2701 10.68 12.42 0.71 0.53 3543 6.74
FusionGAN 3645 10.48 6.08 0.66 0.22 29.61 6.52
GANMcC 3290 10.55 6.14 0.69 0.28 33.33 6.72
Ours 2657 11.67 10.91 0.71 0.56 42.71 7.01

Note: Bold font is the optimal value for each column

@ Qurs
5500 - @ WFusion
od- SONet
¥ DenseFuse
FusionGAN
GANNCC
& IFONN
E - NestFuse

4000 1

Values of the metric

1000

4

5 6 7 8

Image pair group
(a)MSE

Values of the metric

A ¥ e ous S
10. 0 i - WFusion
<o SDNet
¥-  DenseFuse
~++ FusionGAN
9.5 <@ GANNCC
IFCNN
-+ NestFuse
9.0

Image pair group

(bMI

1066

i 2 3 4 5 6 7 8

Values of the metric

25
<@ OQurs

®

-4+ UFusion

<o SDNet

¥ DenseFuse

-4 FusionGAN -

@ GANMCC :
IFCNN

- NestFuse

Image pair group
(c)SF



46 B 9 M
2024 F 9 H

©
o

o
~

0.3

Values of the metric
o §
(6]

0.1

Vol.46 No.9
WHASE: 2 REMGRE R IS A s 50T s GaE Sep. 2024
®- (Qurs 0 85 @ Ours
-9 WFusion @ WFusion
--#-  SDNet --#-  SDNet
e .o 0-807 e Festorad
0 GANNGE g 4 GANNGC
IFCNN E IFCNN
+ NestFuse © 0.751 v.. . «%-  NestFuse
= e ¥
)
2 0. 701
=
]
~ 0. 65
T2 3 4 5 & 7 8 0 TgTm 3 a5 & 7 8
Image pair group Image pair group
(d)QABF (e)SSIM
8.0

35

Values of the metric

15

'-.‘

* OQurs L
- U2Fusion

= SDNet

* DenseFuse
FusionGAN

= GANMcC

IFCNN

- NestFuse

i 2 3 4 5 & 7 8
Image pair group
(HSTD

@ Ours
@ UFusion
¥ SDNet
¥ DenseFuse
+- FusionGAN
¢ GANNCC
IFCNN
@ B -3¢ NestFuse
L

7.5

"
o

Values of the metric
~
o

1 2 3 4 5 6 7 8
Image pair group

(2)EN

K7 AREEZEIEAR T LT K

Fig.7 Comparison of objective indicators of different algorithms line chart
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Table 3 Mean of objective evaluation indicators for comparative experiments on the RoadScene dataset

Wiabnt 7 MIME AT LLE IR BE0ELE 7 Bifahs
(1) 5 WHEbR N ERAE . HR MSE. SF. 07, STD
TRFR AR T 21% 16.6% 28.6% 16.6%:
NI HE— 20 R B Frit SR AR T e 7 Fhox bRk A
A L B RS UR

Algorithms MSE MI SF SSIM Q1BIF STD EN

U2Fusion 2273 11.77 15.01 0.68 0.51 42.87 7.26
SDNet 2866 12.10 15.03 0.70 0.51 44.97 7.31
DenseFuse 2919 11.82 12.32 0.69 0.48 42.57 7.22
NestFuse 2319 12.45 13.28 0.67 0.50 49.97 7.38
IFCNN 2328 11.77 15.07 0.70 0.51 39.18 7.12
FusionGAN 4460 11.65 8.32 0.59 0.26 38.98 7.06
GANMcC 3807 11.80 8.99 0.65 0.35 43.76 7.23
Ours 2231 12.57 13.90 0.69 0.54 50.03 7.40

Note: Bold font is the optimal value for each column
DA S8 25 i WY T $R SR AE LA 5T
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Fig.8 Visual comparison of ablation experiment results
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Table 4 Objective indicators of ablation experiments
Experiment MSE MI SF SSIM OB STD EN
Conv 2002 10.58 8.59 0.70 0.45 35.88 6.77
Conv + D-CBAM 1832 10.61 8.86 0.69 0.47 36.21 6.80
MSCB 2122 11.51 10.08 0.71 0.51 39.51 6.95
Note: Bold font is the optimal value for each column
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