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A review of deep learning fusion methods for

infrared and visible images
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Abstract: Infrared and visible image fusion technology makes full use of the advantages of different sensors,
retains the complementary information and redundant information of the original image in the fused image, and
improves the image quality. In recent years, with the development of deep learning methods, many researchers
have begun to introduce this method into the field of image fusion, and have achieved fruitful results. According
to different fusion frameworks, the infrared and visible image fusion methods based on deep learning are
classified, analyzed and summarized, the commonly used evaluation indicators and data sets are reviewed. In
addition, some representative algorithm models of different categories are selected to fuse different scene images,
the advantages and disadvantages of each algorithm are compared and analyzed by evaluation indicators. Finally,
the research direction of infrared and visible image fusion technology based on deep learning is prospected,
infrared and visible fusion technology is summarized, which is the basis for future research work.
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Fig.1 Infrared and visible image fusion framework based on convolutional neural network!*!
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Tab.1 Limitations of typical CNN-based fusion methods

References Limitation
[40] Being suitable for mutil-focus image fusion, only the last convolutional layer features are used to calculate the fusion result
[46] The information in the middle layer is lost, and the fusion strategy has no theoretical support
[50] The structure is simple and prone to overfitting
[54] The model mainly saves detailed texture information and cannot highlight infrared targets
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Fig.2 Infrared and visible image fusion framework based on autoencoder network>"
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Tab.2 Limitations of typical autoencoder-based fusion methods

References Limitation
[57] The model is not targeted enough to highlight the infrared target, and the fusion strategy is simple
[64] Insufficient attention to texture information, large amount of network parameters are not conducive to application
[68] Network channels share weights, pre-training models focus on common information, and unique information may be lost
[67] Abundant texture details cannot be obtained
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Fig.3 Infrared and visible image fusion framework based on generative countermeasure network
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Tab.3 Limitations of typical GAN-based fusion methods

References Limitation
[10] Insufficient consideration of infrared brightness information.
[79] The two adversarial losses are difficult to balance, and fusion image target is distorted
[86] Under the two-discriminator condition, the Wasserstein distance adversarial loss does not enhance the target brightness
[89] The lack of well-segmented datasets, the quality of the pre-training model depends on the accuracy of semantic segmentation
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Tab.4 Summary of infrared and visible image fusion methods based on deep learning

Type Typical methods

Characteristic

[10], [45], [52], [54-55], [79], [82],
[83]

[46], [47], [S0-51], [53], [56—72]

Single channel

Multi-channel

Input
method Multi-cilrlr;eralgiee 1multi- [67], [88-89]
Preprocess image [70-71], [86], [89—90]
Attention network [45], [51], [53], [63], [65], [85], [87]
Common Nest network [63—65]
block
Skip connection [591, [68], [77], [87]
Perceptual loss [55], [66], [82], [87]
LossFunc- TV loss (471, [79]

tion

Edge detail loss [69], [82], [83—84]

Sematic loss [72]

Cascading source images, mining the fusion ability of the network

Distinguishing the source images, but need to design a fusion strategy

Inputting the source images in proportion, keeping the same category information

of the source images
Providing more useful information for fused images

Enhancing feature maps from channels and spaces, it can be
embedded in any network

The network structure is complex, and focusing on the shallow and

middle layers of the network

Based on residual and dense networks, it prevents loss of
useful shallow information

Balancing feature error between reconstructed image and input

constraining the fused image to exhibit similar gradient variation
with the visible image

Enhancing fusion image edge detail

More targeted to different information of the scene
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Ay AR B HCBE, X AR 2050 H AR Ay 5, #0722
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3 EWERKSH

3.1 HiEE
3.1.1 TNO %3 %

TNO #4614 S A ARl I B M AL R 58, oA
TSGR 2GS EIR, Han: Mg sk KA ik
CLAMEMR . AT DLEIEME . KLU AR S L 2B AR
fIAHBL 2 4543 52 Athena, DHV ., FEL il TRICLOBS,
Athena RGEEAL T — S A4 Y H AR R S AR,
Fban. ML, 1124 DHV, FEL RE4E T — 2ty
FIE, tehn: H ik, w4 TRICLOBS 424t T —2EH
WA EMR, Hen: AR5 RS, U REAR TR A
TNO AR HEA R RS LEEE, ik 4 s
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(a2) ‘ (b2)

(c2) (d2)

P 4 Athena, DHV, FEL LI TRICLOBS REUREFIMLLIMIAT WOEEIE ., (al)~(d1) ZLAMNEIE; (a2)~(d2) AT LR
Fig.4 Infrared and visible images collected by Athena, DHV, FEL and TRICLOBS systems respectively. (al)-(d1) Infrared images; (a2)-(d2) Visible

images

3.1.2 RoadScene 4% %

RoadScene 4 45 405 221 XL AN AT WL G
&, e H T FLIR MBS, 408 T F & 1Y
s, N Bk, A5 TR AT NS BT R

LT AN R TS S M S R4 T T JRLAL 3, -1 X 5
ZLANFIR] WL EIAGOGE, e 2385 LR B 1 TC o X S DA
Rz 555 . U E/R T RoadScene 5 £5 A [F]
Yt MRy, sl s Bk .

(a2)

(c2)

5 Dk, 25 TH, 7T ABGA S FEIR. (al)~(cl) ZLAMENE; (a2)~(c2) A WL

Fig.5 The Images in roads, vehicles, and pedestrians scenes respectively. (al)-(c1) Infrared images; (a2)-(c2) Visible images

3.1.3 INO ##% %

INO Bdla k02 th & IO C A5 BT & A i, B
BT IR A 6] R AR BT 59 Al UL 6 2L bl
4 . He . BackyardRunner, CoatDeposit, GroupFight,

MulitpleDeposit % . £ X F I A5 20 Il il A v, —
Fge LA AT e 51 e ALk 26 — L6 otk 56 T A2 280 11
AR SO AR T 80 B A R LB 51 v s —
SR R, A 6 iR
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ECS” =77 &

==

(a2) (b2)

(d1)

(c2) A (;12)

[€l 6 BackyardRunner, CoatDeposit, GroupFight, MulitpleDeposit 3= T BIES . (al)~(d1) ZLANEIE; (a2)~(d2) 7] WL %

Fig.6 The images in BackyardRunner, CoatDeposit, GroupFight, and MulitpleDeposit scenes respectively. (al)-(d1) Infrared images; (a2)-(d2) Visible

images
3.1.4 OTCBVS #4& %

OTCBVS #i4la A1) 1 0 3 R ¥k — L 357 51 il
ST RIS, B T 2 TR, 1
e $HARAT AR 4 L 20405 AT 0O A Bl 4
H a2 3R | NS WG T AR SE . o
ZLAN 5 0] WA T N B A 40 48 T N ST R AR
el AT A B B A X, A T 17089 XL 5 AT L
SePEG, SR/ Jg 320%240, SCHER T X414k
A T R U, A 7 RS

(a2) (b2)
7 AP A — it U (al). (b1) ZEAMEIE; (a2).
(b2) A WYGEIR

Fig.7 The first frames in two video sequences respectively. (al), (b1)
Infrared images; (a2), (b2) Visible image

315 HAesiE &

W DL L Bt B 41, I A7 A — B8 0T B 4, 1
i MS-COCO HdadEPY, i FLLAM G Al WOt & R
Bl =, W52 FH MS-COCO £ 4 1 K B UG I
SRR O T ARAFLLAMEIR F b, A B B 3 T
T8 L3 AR B LL AT DO PRGBS R 1, 75 I
ERARIXF LT A FARFIAT WG BT 5t ARk
3.2 EIEXTEE

SO B AT T AT JL AR — S SR Y TR 2 ) il
A7, B FE . DenseFuse®™, FusionDNPY!| U2
Fusion™, FusionGAN"", DDcGAN", GANMcC™,
RFN-Nest®, STDFusionNet”, SDDGANP! Jz SeA
Fusion™ J7 3% o 53 5h 53 5l A TNO %45 4 . OTCBVS
AR . INO Bdln e 4 BERL e £ W ok & A7 1 7 LU H
PR A R AE R AR, X L 25 SR B AL B i . S0
HB43- i FH 19 1% %5 4 4.0 GHz AMD Ryzen Threadripper
PRO 3945 WX, GPU RTX3080 10 G,
321 EMHriR

SCHRIR 6 M E T 10 AMREE 2= 2 Bk il A
g5, I 8 TR, M ZE & A 43l & Kaptein 1654,
Sandpath, campus 1. campus 2. MulitpleDeposit DA
VisitorParking 35 . MR4ERELS 258, 7] DL & A —Fp
TIEAR AT LLAR B £LAMEMR AN A] OGR4 B 45 A
il PR R AT SOMURRE SO 250 B bR o KT, %2807
A Z AAFAEE 45 A BRI AL
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(1) %} H TNO % #% 4 Kaptein 1654, Sandpath I DL K& RFN-Nest J5 3% A %€ i HFRf& % {5 &, Fusion-
5, DenseFuse, FusionDN, U2 Fusion, FusionGAN GAN, DDcGAN, GANMcC, SDDGAN J5 i fill & K%

(a)

(b)

(©)

(d)

(e)

®

(8

(b)

@

0

(k)

M

B8 el &4 . (a). (b) LA, AT WG E {8 (o)~(1) DenseFuse. FusionDN, U2 Fusion, FusionGAN, DDcGAN, GANMcC, RFN-Nest,
STDFusionNet, SDDGAN LA K& SeAFusion J7 ikl & 458

Fig.8 Qualitative fusion results. (a), (b) Infrared and visible images; (c)-(I) Fusion methods of DenseFuse, FusionDN, U2 Fusion, FusionGAN,
DDcGAN, GANMcC, RFN-Nest, STDFusionNet, SDDGAN and SeAFusion
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SUHLE BN T, B2 DDeGAN J5 5 H bR F1 75 5%
Xof L B WY 5, (H AN AR 5 R L, Rl G S E bRl
GAFTENTY o

(2) Xt OTCBVS #4f £ ¥ campus_1, campus_2
35, DenseFuese, FusionDN, U2 Fusion, RFN-Nest 5
EANREZE W H AR, JE PR T X 2607k 1 3 1 22 Y5 K]
BRI AE 55, VI ZREEIT A S FH £ AR A AT DG &
18,5 B 5 AELL AN FRT WO UG Rl G o 2 b X 1
A . FusionGAN, GANMcC, DDcGAN Jy ¥ A4 i i)
fil G EHMRBH, BARFETE DN 52, 3 28 (0] R IR T AN
SE W XF L% & . STDFusionNet, SeAFusion J7 B {4
BT LA B, AR T AT IO G M
FE, AiEM L E R TR

(3) XF e INO %54k 4 % MulitpleDeposit 3% 5,
T BRI, B SeAFusion J7 3% 1] LLE 23 Wi iY B b5
BEFGAE LA, HADE AR BARER A
ZEK {5 B o AHXTIM 5, DenseFuse, FusionDN  fig %8
1 B Fr45 #4915 B, U2 Fusion. STDFusionNet ¥ figZ 1}
HirR =15 B . 78 INO £idi 4 1) VisitorParking 7 5
F, FusionDN. STDFusionNet, SeAFusion H #5HH%= H
SUIRIE I

25 b IR, 4 B Az BT I 28 il O R T LA 58
i H 4%, {5 FusionGAN, DDcGAN, GANMcC J5 7 fil
A 85 RN Wi, SDDGAN J5 i il & UK B H b X 8
Ak, % i & 1% 52 FE {K . DenseFuse, FusionDN, U2
Fusion, STDFusionNet A & SeAFusion 77 % 1] LL{# 84
T I B SCBRR B, FEALSE |, STDFusionNet, SeAFusion

D7 B RS . H AR5, SeAFusion J7 41 A Bt
LADNER7SUE &
322 ZEHER

R T HE— 2R LR R A T 2 A sk o, SOk
£ 10 DIFAFE FRo0r G R ST PR A, HALEE: ENL
MI, SSIM, SD. AG, SF, PSNR, VIFF, CC A} Q*¥/F,

HRRIER T Kaptein_ 1654, Sandpath, campus_
1. campus_ 2., MulitpleDeposit, VisitorParking6 1~ 5
T RlE BB W PENEOE, ik 5~ 10 Fis . 1E
6 35t 71, FusionDN, SeAFusion J7 %7 Jif E% 5 &
) DR AT RE ARG HAh S, T ELRT DL B, B R
(B L BRI, Fil G AR TR A5 05 b 1 3% St AR X 35
If-; DenseFuse J7 178 SSIM f6¥5 I A9 B 4f-, Ui
OTIETESEEE L X LB DL S5 3 AT T 275
AFRT B 4T, (B Rl 45 3 S Wiz S o0t H bR JBE O3 i
A% ; FusionDN., SeAFusion J5 1E7E SD #5845 B A
oAt B A vy, AT L3 A A B A R RO L
BETT, AR AL b B E DR B AR R A% B 47 ; Fusion-
DN 775 7E AG. SF. VIFF $& 45 b 4 fE AR X F Al 5
W48 5, SeAFusion, U2 Fusion. STDFusionNet J5 % ¥X
Z, U BRI EESCHE M, A S AR R G
P32, AT L& B AG Fl SF 36 b5 78 il A 25 51 v 1
TR ARAL, B 280 0 T =38 AT LUAH B2 4
FusionGAN J7 ¥4 1E CC 4 b L R BUAI X B4y, (Hi%45
PrAE A SRRl A 45 R E R IE AR E, A
FusionGAN J5 i il & 45 R AE HoAFE b bR —,
GAZVF ) A 1 09 18 Ve iR 75 i — P WF 585 STD-

X 5 AEFETE Kaptein_1654 37532 TR EIWIEM 517

Tab.5 Objective evaluation indicators of different methods in the Kaptein_1 654 scene

Methods EN MI SSIM SD AG SF PSNR VIFF CC o
DenseFuse 6.42 12.83 0.72 29.74 3.62 6.93 16.39 0.34 0.53 0.36
FusionDN 7.19 14.37 0.64 46.48 6.67 12.97 14.56 0.55 0.52 0.42
U2 Fusion 6.58 13.16 0.70 28.68 4.61 8.62 16.17 0.35 0.53 0.40

FusionGAN 5.74 11.47 0.67 17.10 3.29 6.28 17.05 0.08 0.64 0.17
DDcGAN 6.96 13.93 0.59 37.17 6.29 11.63 15.15 0.32 0.52 0.38
GANMcC 6.06 12.11 0.69 25.36 2.13 4.44 15.38 0.21 0.56 0.14
RFN-Nest 6.54 13.09 0.68 31.47 2.39 4.99 15.69 0.32 0.52 0.28

STDFusionNet 6.70 13.41 0.65 52.90 5.29 11.22 15.17 0.40 0.51 0.54

SSDGAN 5.85 11.70 0.64 23.06 1.49 3.66 13.15 0.19 0.56 0.08

SeAFusion 6.71 13.43 0.67 41.07 5.86 11.25 13.92 0.41 0.56 0.49
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Tab.6 Objective evaluation indicators of different methods in the Sandpath scenario
Methods EN MI SSIM SD AG SF PSNR VIFF CC o*r
DenseFuse 6.68 13.35 0.69 29.06 6.61 10.89 19.86 0.54 0.68 0.36
FusionDN 7.42 14.84 0.55 45.13 10.95 18.35 15.75 0.82 0.68 0.29
U2 Fusion 6.34 12.67 0.69 20.46 6.42 10.49 19.19 0.36 0.69 0.33
FusionGAN 6.43 12.85 0.60 21.12 6.22 10.30 17.05 0.13 0.66 0.29
DDcGAN 7.25 14.50 0.49 37.85 10.23 16.91 15.03 0.44 0.69 0.37
GANMcC 6.33 12.65 0.69 21.12 3.40 5.66 19.44 0.22 0.71 0.19
RFN-Nest 6.89 13.79 0.64 32.01 4.88 8.13 19.24 0.50 0.68 0.42
STDFusionNet 6.82 13.64 0.59 35.09 6.83 11.64 18.59 0.22 0.60 0.56
SSDGAN 5.95 11.91 0.62 16.26 2.08 3.56 16.32 0.18 0.71 0.09
SeAFusion 6.82 13.64 0.65 33.02 7.43 12.26 17.81 0.35 0.66 0.42
R 7T NEFEFE campus_1 355 THE TN SR
Tab.7 Objective evaluation indicators of different methods in the campus_1 scenario
Methods EN MI SSIM SD AG SF PSNR VIFF CC o*r
DenseFuse 7.13 14.26 0.64 37.50 7.32 17.07 14.99 0.29 0.87 0.44
FusionDN 7.56 15.12 0.60 50.79 11.32 25.36 14.55 0.33 0.86 0.42
U2 Fusion 7.16 14.32 0.62 37.79 9.04 19.94 14.95 0.30 0.88 0.40
FusionGAN 6.15 12.29 0.55 18.65 5.56 13.03 12.98 0.08 1.08 0.14
DDcGAN 7.38 14.76 0.53 44.16 11.48 24.23 14.19 0.23 0.83 0.38
GANMcC 7.16 14.33 0.59 36.89 6.21 11.02 15.49 0.21 0.88 0.21
RFN-Nest 7.19 14.39 0.58 39.47 5.04 11.19 14.83 0.27 0.87 0.22
STDFusionNet 7.39 14.79 0.68 49.13 11.30 28.52 15.67 0.17 0.85 0.50
SSDGAN 6.70 13.40 0.52 30.07 3.46 8.11 13.56 0.18 0.95 0.12
SeAFusion 7.56 15.11 0.59 53.36 11.82 27.87 14.21 0.29 0.86 0.47
R 8 AEFFET campus_2 5= THIZVIEMIEHR
Tab.8 Objective evaluation indicators of different methods in the campus_2 scenario
Methods EN MI SSIM SD AG SF PSNR VIFF cC o
DenseFuse 7.41 14.81 0.62 50.76 8.76 20.71 15.13 0.50 0.93 0.44
FusionDN 7.44 14.88 0.60 51.99 10.33 23.62 14.85 0.47 0.91 0.46
U2 Fusion 7.32 14.64 0.60 52.49 10.57 23.99 15.05 0.52 0.92 0.50
FusionGAN 6.70 13.40 0.49 27.51 6.02 14.02 12.23 0.23 0.97 0.16
DDcGAN 7.36 14.72 0.52 46.74 10.12 23.09 14.16 0.28 0.90 0.37
GANMcC 7.42 14.84 0.55 48.77 6.21 13.88 15.53 0.45 0.93 0.26
RFN-Nest 7.42 14.84 0.55 49.85 6.07 13.71 14.80 0.45 0.94 0.26
STDFusionNet 7.34 14.68 0.58 54.27 11.33 28.35 13.99 0.32 0.88 0.49
SSDGAN 7.02 14.03 0.46 42.71 4.89 11.78 13.70 0.35 0.93 0.17
SeAFusion 7.71 15.42 0.60 66.00 13.79 32.00 13.50 0.48 0.56 0.92
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Tab.9 Objective evaluation indicators of different methods in the MulitpleDeposit scenario

Methods EN MI SSIM SD AG SF PSNR VIFF cC o
DenseFuse 7.66 1531 0.78 71.02 6.65 15.86 16.64 0.72 0.96 0.55
FusionDN 7.46 14.91 0.75 53.44 7.22 16.87 16.61 0.59 0.95 0.52
U2 Fusion 7.23 14.64 0.77 52.49 10.57 23.99 15.05 0.52 0.97 0.50

FusionGAN 7.13 14.27 0.70 43.06 5.98 14.21 15.88 0.28 0.97 0.38
DDcGAN 7.29 14.58 0.67 47.60 6.85 15.47 15.74 0.36 0.95 0.43
GANMcC 7.71 15.42 0.75 73.35 4.44 10.38 15.27 0.57 0.96 0.36
RFN-Nest 7.70 15.39 0.75 72.45 4.96 11.86 16.14 0.67 0.99 0.47

STDFusionNet 7.50 15.01 0.72 7225 8.86 23.66 19.84 0.69 0.92 0.62

SSDGAN 7.67 15.35 0.71 67.96 3.77 8.58 15.90 0.51 0.96 0.25

SeAFusion 7.79 15.59 0.74 76.36 8.80 21.46 17.97 0.80 0.95 0.62

% 10 AR ETE VisitorParking 355 FHIZE MWLM IR

Tab.10 Objective evaluation indicators of different methods in the VisitorParking scenario

Methods EN MI SSIM SD AG SF PSNR VIFF cC o
DenseFuse 6.77 13.54 0.74 34.64 4.41 10.97 18.18 0.51 0.67 0.42
FusionDN 7.50 15.00 0.63 52.26 7.92 19.62 14.32 0.70 0.63 0.40
U2 Fusion 6.53 13.05 0.74 31.37 4.55 11.30 19.06 0.41 0.66 0.40

FusionGAN 6.19 12.39 0.65 32.06 3.90 10.00 14.59 0.21 0.63 0.27
DDcGAN 7.26 14.52 0.61 42.80 7.02 16.99 14.84 0.55 0.66 0.39
GANMcC 6.76 13.53 0.72 39.09 2.76 6.60 18.88 0.37 0.65 0.22
RFN-Nest 7.18 14.36 0.68 44.54 3.57 9.41 15.22 0.61 0.66 0.40

STDFusionNet 6.28 12.55 0.68 26.09 4.83 14.43 20.30 0.19 0.61 0.49

SSDGAN 6.49 12.97 0.72 29.54 2.09 5.01 19.27 0.34 0.67 0.13

SeAFusion 6.79 13.58 0.70 35.86 5.96 14.84 16.46 0.47 0.66 0.47

FusionNet J7 ¥ 7E PSNR $8 45 [ AHXT F H AL B B 40 4,
TEQMIPEE bR I R B I, IR L R PRG35 . S BRI

& 11 ARFAERIESITRE
Tab.11 Running time of different methods

GEE . X 10 N IEO R R, AT LUAE WL

Methods Run time/s
& 14 fl & i) 5, Ho 4. SeAFusion, STDFusionNet 77 DenseFuse 37234
U RE % 204 H R 1R R {5 K., FusionDN J5 i T fig FusionDN 25158
ZMBARER . B, X 3 FOrE AR I 48 Ar L U2 Fusion 1.0212
ﬁ[::":,ﬁ\:’ﬁﬁ;%;&fo FusionGAN 0.5221
DDcGAN 24545
380, R 1O AR SE M, SR IR TR GANMCC L0142
¥ GPU ¥15¢ T Rilt45 Sandpath 37 5 Y ZL A FT AT LG 5] RFN-Nest 11682
G247 (A, 3% 11 ffzs, H A STDFusionNet J7 % STDFusionNet 0.0480
AT A, Ul BB A B e A SDDGAN 0.1970
25 1, WA S LT O 0% LT 45 S T L SeATusion 0.160
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