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Infrared and visible image fusion based on edge-preserving and
attention generative adversarial network
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Abstract: Infrared and visible image features are quite different, and there are no ideal fused images supervise neural
networks to learn the mapping relationship between the source images and the fused images. Thus, the application of
deep learning is limited to the field of image fusion. To solve this problem, a generative adversarial network framework
based on attention mechanism and edge loss is proposed, which is applied to the infrared and visible image fusion. De-
rived from the thoughts of attention mechanism and adversarial training, the fusion problem is regarded as an adversarial
game between the source images and the fused images, and combining channel attention and spatial attention mecha-
nism can learn nonlinear relationship between channel domain features and spatial domain features, which enhances the
expression of salient target features. At the same time, an edge-based loss function is proposed, which converts the
mapping relationship between the source image pixels and the fused image pixels into the mapping relationship between
the edges. Experimental results on multiple datasets demonstrate that the proposed method can effectively fuse infrared
target and visible texture information, sharpen image edges, and significantly improve image clarity and contrast.

Key words: image fusion, generative adversarial network, edge-based loss function, attention mechanism

Y5 B #3:2020- 10- 29, 1€ B H #A:2020- 12- 05 Received date:2020- 10- 29, Revised date : 2020- 12- 05
1E&E It (Biography) : REF (1994 — ), L, Wil bt A -5 A, BB AU TF RN SR E 2] . E-mail : fyzhuwenqing@163.
com

1B IEZ (Corresponding author) : E-mail: gq227@mail. sitp. ac. cn



s REETT G LTI G RF FIE R 7 M B R 92051 5 7T G PR 697
515 FIXF DL T, AR SCHR Y T — P Tl it ok

AR, 2L AR5 AT WOGENR A H AR — B E
Gl A SR A 58 I RS o 21 AP BUR KT HA 58 1 S5
PARGT BUR , BRI R ORI AE 4%
P & B R B LU EMGR B A th B 415 5
D RUAEF A N ARG 87 1 it o5 5 1T U 56 G X
R NS RS RV I ER SRS N
AOGIBTHE . B, iR R BRI AT ARl A A [F)
P B RR B AF B, VAN — P BB AN 2
PG AR BT o, % E ARSI 1R | R R A A3 1 A5 A
FHEREBME L.

HAGIF R & O 288 ZFa G ik, /i As
#7' JE T RAE Contourlet ZE 4 (NSCT)"™ | ik i 28
W24 (PCNN) L 5| 8 e Tl B R 1k 4
W JUAR TR BE 27 ] TE T AL 5 S5 8l Rl S5 %,
B0 FH 2 G R s, B AR Al A e R A AN
[] 1] 53 s o3 2 AN o 3 o 2. S R & T vk 2
W UL A [V A 22 () J 8 40 L 55 A48
A 355 T 45 FHR0 465 1) il B Se B LR RGO 1)
AIE , 8K J5 1) P 28 ) 288 FREAE 24 T 532575 25 BAL
TR AT R A R . Li S8 N HE i Rk el
T 5| S U W A il A 53 (GFF) U IR B 4y
B S 00 S e i 0 e 4 0 A Y N R 3
TR, 2715 35 43 FH A 285 ) 285 32 HROR J2 R A1 A WA &
i Jm AT Al A R B Y X S R A i TR
Triz M 2 H TRl G SR B R, MR R R
B UG HEATRIE o3 , VR B 2 R o v 2
i 2 Rl 7 1 R R AR 1A X B A\ D) 8% 1 4 i 2] i
Y25 J5 A % . Li 48 A 42 A9 5892 (Dense-
Fuse ) 1 2 fiff it 745 FI 5% 25 AR 45 & SC L0 A0 5 0T L
JEEMGRA . Ma 85 A1 UH 5L A o e )
2 1y 2140 5 0] DO B Rl A 57 (FusionGAN) Y
A Mo B T 2P0 3 T AR BB I 45 1 R
A . Xa B HE H A9 38 T A 00T ) 4% 1
4 575 (LBP-BEGAN) I 1 3 T Jmy i — (15 =X
(LBP) Y512 pRAL ™0 Li %8 A2 R 2 O T
I £ 55 AE X ] 2 AR 45 B i Rl 57 (RCGAN) L, )
FH T T00A: B A UG A o bn 25 A T2 2
G RlA & — A Jo B )R, VA AR R Al [R5 R
1A BAH (ground truth ) SEELIEE 22 27 | DA i 267
AR B G AAR 32 A T B — IR R R B 3 T
Az B il G AN REAT AR I 2 TR R A 8 T 5K
PRE, BRI T B R B R

AR B ) 2 o B P 28 HE SR (EAGAN) , FH T
ARSI WS AESEE 7 2 i = B R GRS =R
AA B BT R 28 AR 25 5, SE B T I 28 A8 S BURF AR Y
[Fi] N R~ > 300 0 SR 2 (B S B R SCfF B B T
fillG BB IE R IA BE ) s AR 1 T — M G4t 2k
PRI, B Rl A5 T R A Ay R PRABOGT 5 5 PRAGR %
Z I BB OC 2R L IR T IR R AU AR 2k
SRy 08 DRAR 2R A0 2R T 1 A O RS R R S
K F B ] R AL T — oy R, [ I g ke 1 i 3] o
TRl B3 1 A PRI T R 2 ™ i g T A, 2
TR ER A B
1 ETFBGRFMEERNERITMNER
MEEE
L1 AR REE

A 1 Xt P N 4% (Generative Adversarial Nets,
GAN) J& —FiHE 58 25 pUABEAY , & 3 X He il 2 i 7
PR Az B AR AR A IR L SR o0 A o R 5
GAN AL by — A~ A AR AL G A — AN I 45 H8 D 21
B, AT A A G RS 2 2] LS « 1 43 AT p,
Je i S — R AR AR p, (2) 18 I A2 BB G RS 2]
Bl 2210 G (2. 0, ); FIAIER D (2, 0,) 52— Ml 4%
F &, HT HERI A AR G 7 A i 2 15k
ELSBE P,o TERRIYI St R b, AR ORI RS T) B
A LS AR A T PR S S S R S S AR A S
AT REHE A R AEAS , P A B R FE X, HE 2,
A2 IS BT IO 245 2 — AN KA A ) R, S A M2
— AR AR OB RLTE 12 8 R B e/ MEL, H )
BRI TR B e KAB o A% Ge A= O 265 1) H s R
v (D, 6) (1) B -

.......

E.,.[log(1-D(6(2)]. (1)
Hor p e s FSLI BB B 5341 . p. (2) RoREA
(MR AR, D (o) 227 H BB HR B REAOR [ B 5K
B M, logD(x) £ & [1 O A
[D(x) 1-D(x) |"BIZEXHH , log(1 - D(G(2)))Fmm
[0 1TH[D(G(z) 1-D(G(z)) I"HIZE L

SRIMAEAE 58 GAN BRI 2Ry 3 | A A A 2 )
PERBAR 22 , Az BB 7 A 5 B S 1 BRa s 43 A 25 5
BER, A5 4 0 A5 0 B ) o A b AR ) A AR
L R EGR (D) WY H AR R B )AL 16 45 15 LA AL 1)



698 g hh 5 2 oKk I e 40 &

B AR/, 77 AR B BE S R B TR . AR SCHT AR B/
TR A NPT 4% (Least Squares Generative Adver-
sarial Nets, LSGAN)"* 7L 48 GAN KA f) KL Al - 42
T e/ IR AR G pR R, IR TR D 7 A T R R
2 AR B TR SR A B A SRR AS DT AR I
B AR O A UL G AR RS OB, s I T AR
GAN AR A6 12 91 2% 14 )T, LSGAN H A R 41 i 5
()7

min Vg (D)=E_ y

. p,mm[(D(x) - b)z] +
£ (p(6G) - )]

chin VLS(,‘AN(G) = Ez~p,(2) [(D(G(Z)) B C) 2:| ’ (2)

Hol a b 73 3R A AR A TN B SEREAR URR S , e
AN FI A D FEN Ry Az AR AR 30 FE
1.2 BEIRHELR

BE TR 2 A LA 5 AT WG Rl G Bk Y O
SEAE T RS AT R IR I 500 I RRAIE , O3 i 5 3
A 5 SR 2 I 5 PRI A0 R SR T IR SRS E
3o AR SCHRE Y R T3 G R R I ) AR R IT
W0 25 1Y £L A0 5 7] WG RA 53 2 (EAGAN ) ¥ il 5 i)
RO Al Ay 5 PRGN Al T O Bt 0 3 A, B
REEMINE 1 PR o AR R Gl — N EE TR
BILT 4 4 B 22 I 2%, ol AP AE 4 SBORIVRRAIE o 2 7 >
PRI L RPAE SIS 23 26 Hh VAN T 2
B RIS T B RUZ  Leaky ReLU BT )2 |
ﬁﬁ&iﬁﬁﬁﬁ S )RR R, REAE A &Ly
TRIZRAE A o B W28 TR IR , e ik AR A

S A0 R AR B O . T By R T Ok
IV AR A 1) AL, 7 RRAF 2 o B S R 4 3 42
5 2 R I R R 2 AR 1 7 3 T 4 P K ) el
T BB ) PR )2 IR 2 R 2 ] i A 4R
PEXCZR T FH A2 A Tanh B0 2R A0 R e 5 3]
G IKBEAEZS (B o R 1 S 4 b AR B8 AR A Y, A2 il
HEE Y op B (I — 0 2 S 8 k4R .
AR B T VGGNet—16" 2l ik 9 — {8 1k 23 25 70
2% 2 SCB T LY BRUG AN A 1 ARE AR G AE g 0 531)
R A A A5 5 E 09 EUR A B 2 0y nT LG4
W, AR A R IERZ

FERCILYINZR B B, S ml WG 1, F2i oh
8 1 10 TE Ak B HEA T4 0T 5 i A A BB G b
A R 1, AT B B (U 1. 375 ) Rk
PR (UL 1. 4T ) VEHTT , AR A 7Y G 2 O RS X
ikl BB E R . SRR RA EE L AT I
S S 1 iy AP AR D 1) 50 AR5 IR A v
) HE Rl RIS o A A R A R AR I 5, I
17 0T A A TR A ol ) PR A 21 A0 R Y B 2
PE B bR A A] UL ER A e BN T o AE I A FE
B, AR B0 v WG MG 1, AL S e 1 75 3 18 2
JEA I i A R G AR B R A USRI
1.3 FEHEHR

A B Y S A T an A 4R 4 A0 5 AT Ok
RUZ T B AME B, H AT C 28 i S5E TR 24 )
AL AN 55 0] LG G A5 B30 1 F0 3 T B, 2 i)
(RAE B R X, PRI B AR RE TR E

Generator (G)

Concatenate

e
Attention Block AttentlonBIock

V|S|ble |mage (1 )

:;y diﬂ‘

Fused image (If)

Output

S e
=85 "//’“Iﬂ e

Fused image (I5)
Attention Block
n=14

@dversanaD

Output
Real
or
Fake

Discriminator (D

El1 EAGAN P25 45H7R 5 8, CA Block i 18 13 2 S He , SA Block 23 [a) 1 25 Sy | BN it )IH—4k , FC W2 TEHE 2 &

NEBRNGE  n W EBWRCE s AP K

Fig. 1 Architecture of the proposed EAGAN. CA Block: channel attention block, SA Block: spatial attention block, BN: batch

normalization, FC: fully connected layer, Conv: corresponding kernel size (k), number of feature maps (n) and stride () indicat-

ed for each convolutional layer
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Fig. 3 Qualitative comparison of different algorithms on 4 typical infrared and visible image pairs. From top to bottom: visible
image, infrared image, fusion results of ASR, GFF, GTF, DenseFuse, FusionGAN, RCGAN and our algorithm.
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Table 1 Quantitative

rithms on RoadScene dataset

comparison of different algo-

ASR  GFF GTF DenseFuse FusionGAN RCGAN Ours

EN 6.92 7.26 7.26 7.24 6. 84 7.14  17.30
SCD  1.27 1.23 0.98 1.71 0. 86 1.19 1.54
SF 13.11 13.60 9.12  11.97 9.35 9.50 15.62
EI 0.22 0.22 0.16 0.20 0.16 0.18  0.27
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Fig. 4 Qualitative comparison of different algorithms on 5 typical infrared and visible image pairs from TNO dataset. From left to

right: Duine sequence, Nato_camp_sequence, Kaptein 1123, men in front of house and soldier_behind smoke 3. From top to

bottom: visible image, infrared image, fusion results of ASR, GFF, GTF, DenseFuse, FusionGAN, RCGAN and our algorithm.
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Fig. 5 Qualitative comparison of different algorithms on 4 typical infrared and visible image pairs from INO dataset. From left to
right: ParkingSnow, GroupFight, MultipleDeposit, ClosePerson. From top to bottom: visible image, infrared image, fusion re-
sults of ASR, GFF, GTF, DenseFuse, FusionGAN, RCGAN and our algorithm.
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Table 2 Quantitative comparison of different algo-
rithms on TNO dataset

ASR  GFF GTF DenseFuse FusionGAN RCGAN Ours

EN 6.44 6.84 6.93 6. 87 6.35 6.77 7.08
SCD 1.61 1.36 0.97 1.79 1.30 1. 41 1.67
SF 8.93 9.55 8.31 8.54 6.59 7.41  11.59
EI  0.13 0.14 0.13 0. 14 0.11 0.13 0.19
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Table 3 Quantitative comparison of different algo-
rithms on INO dataset

ASR  GFF GTF DenseFuse FusionGAN RCGAN Ours

EN 6.94 7.14 7.02 7.09 6. 62 6.97 7.23
SCD 1.40 1.29 1.03 1.69 1.02 1.18 1.53
SF 16.80 17.33 14.72 14.34 12.71 13.12 19.40
EI 0.25 0.26 0.21 0.22 0.19 0.21  0.30
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Fig. 6 Attention weight maps: (a) the infrared image; (b) the visible image; (c) the fused result of our proposed EAGAN; (d)

Output result of the third attention block; (e) Channel Attention weight map; (f) Spatial Attention weight map
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Fig. 7 The effect of attention mechanism on fusion results: (a) fusion result of the network without attention mechanism; (b) fu-

sion result of our algorithm.
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Table 4 Comparison of effects of attention mecha-

nism on fusion results
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