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Abstract: To capture more effective visual information of the natural scenes, multi-sensor imaging systems have been chal-
lenging in multiple configurations or modalities due to the hardware design constraints. It is required to fuse multiple source
images into a single high-quality image in terms of rich and feasible perceptual information and few artifacts. To facilitate
various image processing and computer vision tasks, image fusion technique can be used to generate a single and clarified
image features. Traditional image fusion models are often constructed in accordance with label-manual features or unidenti-
fied feature-learned representations. The generalization ability of the models needs to be developed further. Deep learning
technique is focused on progressive multi-layer features extraction via end-to-end model training. Most of demonstration-rel-
evant can be learned for specific task automatically. Compared with the traditional methods, deep learning-based models

can improve the fusion performance intensively in terms of image fusion. Current image fusion-related deep learning models
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are often beneficial based on convolutional neural networks ( CNNs) and generative adversarial networks ( GANs). In
recent years, the newly network structures and training techniques have been incorporated for the growth of image fusion
like vision transformers and meta-learning techniques. Most of image fusion-relevant literatures are analyzed from specific
multi-fusion issues like exposure, focus, spectrum image, and modality issues. However, more deep learning-related model
designs and training techniques is required to be incorporated between multi-fusion tasks. To draw a clear picture of deep
learning-based image fusion techniques, we try to review the latest image fusion researches in terms of 1) dataset genera-
tion, 2) neural network construction, 3) loss function design, 4) model optimization, and 5) performance evaluation. For
dataset generation, we emphasize two categories; a) supervised learning and b) unsupervised (or self-supervised) learn-
ing. For neural network construction, we distinguish the early or late stages of this construction process, and the issue of
information fusion is implemented between multi-scale, coarse-to-fine and the adversarial networks-incorporated (i. e. , dis-
criminative networks) as well. For loss function design, the perceptual loss functions-specific method is essential for image
fusion-related perceptual applications like multi-exposure and multi-focus image fusion. For model optimization, the generic
first-order optimization techniques are covered (e. g. , stochastic gradient descent (SGD), SGD + momentum, Adam, and
AdamW) and the advanced alternation and bi-level optimization methods are both taken into consideration. For performance
evaluation, a commonly-used quantitative metrics are reviewed for the manifested measurement of fusion performance. The
relationship between the loss functions (also as a form of evaluation metrics) are used to drive the learning of CNN-based
image fusion methods and the evaluation metrics. In addition, to illustrate the transfer feasibility of image fusion-consensus
to a tailored image fusion application, a selection of image fusion methods is discussed (e. g. , a high-quality texture image-
fused depth map enhancement). Some popular computer vision tasks are involved in (such as image denoising, blind image
deblurring, and image super-resolution) , which can be resolved by image fusion innovatively. Finally, we review some
potential challenging issues, including: 1) reliable and efficient ground-truth training data-constructed (i. e. , the input im-
age sequence and the predictable image-fused) , 2) lightweight, interpretable, and generalizable CNN-based image fusion
methods, 3) human or machine-related vision-perceptual calibrated loss functions, 4) convergence-accelerated image
fusion models in related to adversarial training setting-specific and the bias-related of the test-time training, and 5) human-
related ethical issues in relevant to fairness and unbiased performance evaluation.

Key words: image fusion; deep neural networks; stochastic gradient descent (SGD) ; image quality assessment; deep learning
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Fig. 6 End-to-end GANs for image fusion( (a)single discriminator; (b) dual discriminators)
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SHOXH IO PR REARLE AN R A — A L, S8 L, JE 8
Fadt, Horp TR 2R A A S0 GRS B i 1) 1% 1 4R
BREE 2 09 AR, 461 40 VGG ( Visual Geometry
Group) M %% ( Simonyan # Zisserman,2015) . 4,
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3 b B A5 M O % i b R R TR AR AR 2 450 % pRI 4R
AR T Bl PR 2 R | 22 B B R iR TR i
a7 (Su %5 2022 ; Zhao %5,2019) .

e A AR D, ERA 2 G
AT AR BN BT 2% Herh ) S S8 1 T
Ry g, LA oA e i 1 i i 5 AT Ground -
truth, RIGE FE AF nl s 27 > 5058 GBS o3 A P .
NI BE M, AN X B I 28 rh il BT — >0
A BB Ly, W P O 28 SUH pR 8, 2=
(1) i7n (Ma 4%, 2020a; Liu 4%, 2021a; Guo %,
2019) ,

Loy = min max £, log D(x) +
Gy Dy

E,_, log(1-D(G(y))) (1)
K, G, M D, 735 A A G TS D 1] 5
ABEEES , pra TN Py S FLLEUGHE 73 A5 FI TR
Al G A B o AT

2) SR R, R T LA D AR A ) 4 i H 4
RERBBEAN, — 26 TAE B b % 8 T & g kg St
55, LA B I 2% 2 2] S R0 43 A %, il an
478 % (total variation, TV) Y& &40 2 PR (Qu 4%,
2021) Ak sk EE R s (Jung 55,2020 ) o X451
SRR R TR e A A, Bk e XS F Di
Zenzo( 1986) 3CHk .

FEN S EUR AR S, i G R £
Sk R Z A1 =E BERR B S50 L, AL T J IR b
FROC B CTEARUEE BE & L, 0 P 7 R0 2k e
I, HoE an=t (2) (3) iR ( Zheng 55,2021 5 Yao
45 2020 ; Hu 25,2021 ; Xu %5 ,2021) ,

Ly = X KL(ala,) (2)
L]
X, KL 3278 KL # E ( Kullback-Leibler diver-
gence) JE & ,a %*4\/J‘ﬁ§ﬁ,&i,jﬂﬂ$f§%ﬁﬁ¢ﬁ?o

L — 1 <]f(L,])’]g(L,])>

e i=0 j=0 H[i'(iyj) Hz HI{,(L’]) H2 i

h

(3)

A, b Hlw B 20 R m M TERE, I A,
SRR BUR IS ER

TEA BN I 28400 2% pR BB AR 2l T

HAARR B0, 5o/ T A PTIR Loy (Xie

45 2021 ;Ma %5 ,2020b,2019) , fie/N Tt XN

. .1 2
Lisan = mGlﬁn I‘g:}n? Ex~pma|(D(x> —le)” +

1

S B, (DCG()) = ly,)? (4)

T, 1 R Ly, 23 AR R L SRR AS AR R AR 1Y
e

IR Ly AR TSI A AR R A RE A Y TR
SySEPCRTMT , HRE S BERE YRR RE ST
P

3) BT RINAUHUR R B, X T 2Bt ZRE
S EBRN AL S5, A RS B o 4 DR e ¢y R
FIE . L, SR sl 2 N 2% 2% > i1 2k pRERR )R]
AT R MR ARE M | RITHR A R U 5 A
ftf—2, HAT, Z7 Moo Z 380 B, Ma 58 A
(2018,2020c ) K SSIM 4 J&& 3] 2 B P (5 il 7 431
I, IF LT T 2 B IR Rl A B R
K Hh, Rahman 48 A (2017) Bl (E B IR H &
(visual information fidelity, VIF) 8 #5 4" Ji& 21| 2 1
P4 Rl 5 R, 2 3 17 il PRGBS J5 00 14 i
[ IRPIRHE RS R AT N R A B B R
WA Ay A 2 A UG R 5 4 55 Wi D Ak AT BT
A, X T 2R RS RS ST AR R
1 BT AR E A R LR 2 AT 55 HE . Rt
IS 28 ) 45 2 2 R 450 2% o KRR T A2 AL A 2 A
PR INRI R W LR 2 T AE 55 iOOKS 2. H AT, SeAFu-
sion( Tang %% ,2022a) 1 TarDAL ( Liu 55,2022 ) J2& A
PEFE AT 5505 2 R H AR RS Rl G S5 i 1 1
TAE, SeAFusion HEHE 3l A5 8 L T2 AT 55 F1 T TiEAE:
F5ADUR BRI A AR K0, 1T TarDAL JU5E 2 51 A
PIGARALEI T T LA I B AR i 205 —] WG EIR
AR, I AT T i U AR B bR A i E > %
itk
1.4 &%

B Xt 38 AR AU 5 07 v A 5 7 v 3k e W9 7 T
JREIT 34

V)@ IR 07, A ) 2 Y1 2k ) 38 7
2 AR AL AR PR 2 o) PR A T AN, )T
K H WA 4L 4% 42 36 SGD ( stochastic gradient de-
scent) .SGD + momentum , Adam , RMSProp), = 3] R
L SICF (Jung 48,2020) 2% P BE0 ( Zheng
45 2021) FE%05E 8 ( Zhang 55 ,2020b ) FIAIZIE Kk
( Loshchilov Al Hutter,2017) ., {Ef%—#2A9J2, Adam
AL &5 8 AETE — A2 Bl AdamW, H: H #9247 32 7+
Adam X} HA weight decay 1F W 14451 2% o8BI R 52
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SEPE, AR X REE A BT RS R R 4y
PG SRELI, — 26 T AR FH 2 B BoR R 2= T I 5
3, RISETN 25 5 A B R T, SR 5 XA R )]
PLBEA I 25 T A T0i ( Zhang %5 ,2020b; Li %5 ,2021)
— L TAESR A A N4 2 A B 4 H B0
YTy 20 7 AR 4T ( Tang 55, 2022b; Xu
4 2021 ; Yang %5 ,2017) .

BT Fh A S R ) A ) A X B I 4%
FE AL PR R 1, AH 2 TAE — R 22 B0
AW, Hor, SO SR AR S I 2
TR, ELG A i R 0 2 A N SRR O — i ¥ 47
YIZRUR B AR 5 EL A4 [n) B3 17 5% (Ma 4%, 2019; Liu
45 2021a;Xie 28,2021 ; Guo 25,2019) .

—SE T AR T 24554 I HEZL 3230 TAE
FHBRENGAFIINGR, KA A 55
AV ZREAEAR B A — S, Bk 3% A Bl LG BRI A5 41
F BT VNGRFEAS Bl 25 4T 55 B B, BeFh o7 vk
Xz B GTIR AR IR TRk, PN
G — PRI G R AT S, %R E BAR ]
FRAR IR , (R B VI SR B4 T A0 2 it A
SERT 552 T S50, S 2001 95 A0 15 R0 1 3 )11 5
55 LRI R AT, i 7E F I 2R AF 55 b Pk e KR B2
TR,

) YN Jr sk b B, BT X H A 24T 452 S HEZR
FENINZRIME L, — S8 TARQIFPE A I oT5 >, %
WA NGR4T S5 A 1 S5 R A AT 55 3 I &
Xof AT 55 A A5 4 R VB, W4T 55 S A R AHGE 24
T (Li 28,2021 ; Xu % ,2022a) , MLAh, —26 T AE
P& B PERE A AT 55 A 50 B I 5, 7 X6 0L EL 2% 2T Y
FT A BRISECZ B 5 | A MBCT-Y, Hop S 80E
PRI S EAER AT S5 AR rp (g B R B, AR
B SHAMH < 3805, AR AN 5 () S 0] T T
K RTE B, DA BBt AT 5545 i (Xu 45 ,2022a)

YR T v8 o5 — AT T ok R AR S A R X 4
ML, —eRRME TAERRIT . S5&5EEA
RS RIS S R I 2R OB L AR ] 32 e RT3 1 i
i (Ma 55 ,2020a) , B4 550 45 O X 40 HY A il A
B DR 5 B, T R v S AR I Rk B, IR =2 IR
LA I I e A3 B DRS8N Bl O W L
— LB T ARG YN LR IR R 7 i — R AR A BT I
ZEANGRT- A1, BB IR 7 (] J 34 28 Rl e s S 19 A=
BRASF— R 1 28 51458 (Ma 45 ,2020b) .

1.5 EMERR

MEUR RS 2B R Bas b 25
AR NP Ve 2 A I T E TN < Sl AP =L /AW LS
Gi—fdi ] 1, A I, o 0l s G R 2 25 BR
w Fl o REEGIERIREZE . SHEIGW] BT
Ground-truth , 1. 7] DL &5 A &4,

1) &ZE N ehR, U2 % BIGATHN, f&
P15 AT e 2ot 5 00 17 £ 225 PR A T AR AL E L A S B
B, AHCHI P 8 AR 9 RMSE (PSNR (SSIM |
2R PEAH ¢ 2 30 ( correlation coefficient, CC) . H.15 B
( mutual information, MI) 1A AHPUE (edge-depend-
ent fusion quality index, QE) %%, #rA=E LT

hlf 1,

Ml = Yk, lo (5
Iﬂzlg I1, ghlfh]g )

K, by, WS G ARG R G B B, 264
i,y AN By 53R RN S R % B Y
Kl ZIEN SR bR —E R I 1 RMR R AR ST R 2
S L HEDRZE XS R AL BE VAR O 2 IR, 0 T % SR Ak
SR AR BT AL

> iw(i,ng(i,nou(i,j)
QE _ =0 =0 -
> Y (i)

K, 0 HEBRR DTG FCEE,Q, 1 Q, 71
RS2 RUG R & AR 1 5L B2 A5 1] A AHALLEE
AL, ZIEM A8 bR E SN 5 IR ILSE R GG
1) UG AR

HAWDEHr $8 b i A 45 B0 58 15 B R ELBE (VIF)
(Han %%, 2013) . 5 B 1% % & (universal quality
index, UQI) ( Alparone 4§ ,2008 ) FIJGi% A & AH L) B
SAM ) ( Alparone 4§,

(6)

( spectral angle mapper,
2007 ) %,

2) ESH VN FER, USH KR A TR, —
BETEZ 2 PEAN T DU R0 i PRI ) 2 AN TR) 7 T
5T R A, AH OC RY 48 bR A0 45 15 B8 (entropy,
EN) B & 38038 & (spatial frequency, SF) %5, H{&

EN = - ihklogzhk (7)

b K AAERIKBE AL, by, 20 A VT — A B D7
B EIER kA, PP B AR — 2 R R
TRE G (5 S HU TR A,
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ARBIR 5 52 R

SF = |3 S (VL)) + 3 S (Vi)

(8)
B2V IR VA LAY 1 S o 0 3 A R B E 7 A
IZVPO A AR o2 il G RS0 SR S RS B 0
i, RRIRES EE VR A8 bRid A R B B Y5 JEE (av-
erage gradient, AG) (Cui 5§,2015)

TJa , ARSOA A SEHE 1.3 /AN K R
AN IEMIARI KR . — B BRI s —
JE REVE A PR R oAt LA [FI Rl & F8 vk B P RE 5 SR T
— N EHAITFH R AR A BE AR 2% pR B £
0, AR Ji R i o i U0 Ak ( SO AR ) 41 55
FMEE LU BT PPN AR 55 MEE KIRZ . Rl IR R TR
SRR AL L 72 23 A il — R A R LA FE Y I A
J, ISR AT bR ES A B il O B s O LR
JE DN | B8 e A A U BT = Rl S R
PEHT G bR U] T AR AN [F] Rl 6 PRI AR X B o %
HATHET i BRBE T 28 BT R/ IVRE X B —
CIEZH

2 HttEGmMEESKEA

BT IAEFE AR A R, I LI T
T Jor e 0T PRl 5 1) TR R PRT 1 i AT 55 R B8 ik i
BORBERE , BLAL, 30 B3k T 873 56 T R LA i
AL 55
2.1 EFMHEGHMSGEHEEE

ST — Bk PG TR R i
AARIBEE ANFIBEE T AR 22 06 [R5 5 B 3R AE
PUH, SCBL G BOm A PR SRR, S L RS R
AT — S 0 72 A, 54, R R R AR S
M SRR R G EAT AN R A P B R L
HATH OBt 5 B Rl 5 6 98 BAT EFR 1, 75 1
flE T R G B B B S, 5 3 5 B S LA
Ffo Rt TEZ AR BT 55 LRG0,
— e PGB I AN B A, S SR IR A TR PR R
il Tl i R A 7 1) BIVRE 18] 206420 1 P 5%
Bro — LR AR I T 0 HE R SO R B9
ARG, B R B R B RIBUR AL,
ez AT UG WL RS sl B s fh it 20 R i S
PR, SR, A S5 JLART 5 B AR A Y % 2 1T A ke

ORI, — i 7, AR A — 7 s AR By S 1A
FINRBE A — 2 2 UK B 18 X2 1 2 AU, i an
YRGS A FENAR YIS =& X, T80
PR S UG R 58I 23 A T EL A W el X1 g O ]
SURRAS R PR R B R

Ryt G FE R (5 B LA, B N AN B A R
THBEARYAZ 4 e o SO ) T AR R, JF e R vk
ATREE B B B T TR B2 I o o 7 [) 4000 o 5
JEEA% | A i 0k PR S HE 5 DL RN R T 10 AR 25, Hui
EN(2016) 48 H T3k 28 [ 10— > it 1B 2 )
MEZE . HEARRTT b, TR T OB RRAE IR, B 20
PET3E 2o b 2328 A0 il 4, TR 2 IR D 3 ok 28 {0 fire ) 2
IR AN . 22 N B R IE AN SRR
I I A TR SRR B S B B
1 B SR s ol A W LT 1 B2 <= o | S el
AT —Seeih  fgsk 225 2] #H—4 5 (Zuo 55,
2020) . F#E = LGB ST o R — 28 TR
A TERIIPUER], B35 N AE 1) Al R B EURIE 31X
AN TAE K 22 55 28 6 v X s A5 80 1 25 0
2, OB RV AR AE — o P, JERR ) T MEfE
My

R ARSI B A 00 1), N SIS
Feor I T ARG IF L T IR B N 2% T 2
SRS B IK B A AR, 2R AT R Bl LA %
T R ERE, FTLL, — 2R L
IR ] R B AL 7 B4 350 A IE 35 A H AR (Riegler
85,2016 IZITES G T A% GuAsT AL Y i B AN R 22
W28 AERFIE SR O T A3 HAth 2 in fuds 2 R
B FRF2) (Wen %5 2019) ,

WU, 57 AL G BRI 25 B SO 1 RN 2 &
W B A Y 22 5, — e 2% eI A1 FE TR A28
B AR GRS R IR A BRSCEREE UL RUBOR 3 L Ai%
it HE B RS E RRE ST, AR TR
EREAE S A N DR B R AR G i dn , AR B 53
G A7 BE B T v A SO AR A 5 TR B SRR AR A AR DG
(He %5,2021)  IA5 | S 08 0 (447 553 A8 46 £ 138 5 Ak
SO SR A — 30 (Zuo 55,2021

bR T RS0, o — &R o 2 4E
GeARL PEIR DR R, B0, XGH P A L = U A
& HEO TGRSR =0 F AR Sy 2 U
A BAZHEWT FRAE SR IR, WP LB i A~ AR
(Li 55,2016 ) I3 A7 PR A0RS 40 AL B 2 = 30 ik ik

mnm
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RIS SRR R A A TR AR Rl T B, 3L
{UAE R 28 2 A #) B AL T =g . 280 T
YRR &, HA AR M T AR 2 W L IR 4
FRURZ 2B PR (Su 28,2019) ST HE e e A5 14 25 06
P 27 B AN AU (Kim 25 ,2021) 255 4L
2.2 ETEGRMENEMURESHE

BT 25 28 MR AT 55 R a5 T AR 5 T (BT 4 il
B HARTE AN AT 55 R

1) 56T UG Rl A i IR o i AR R ARk
AT 55 , BUR RilG 3 7] Al 1 A A SO 5 4T 55 1Y
R i 844 2205 ( Mildenhall 45 ,2018) | {4 2=
R ( Shang 4, 2021) | K& # 5> #F ( Bhat 5%,
2021) F1% 255 ( Schechner 45,2001 ) LA M i G 1
P4 55 (Lu M Zhang,2021) 55, 1% 28 B {54 5 ]
R TATIG A — A~ 2 Pk SR B 5 5 1 R A2
R ARINAU LU B2 25 7 T 5 B S BB A LU AP — e 7
FERIRE . AR B FG , — 223 1 bk KR
B ) R AR B — 2 R R A R, AR IR RS
B oA AH O T AR R A o 2 o T ORI
G735, L An (s RN B 1E | 2 (] €7 10 R 2 A
PAF PN T . 2B CEIR RGP S s Xy LR
AR BE I 57 (0 40) 1y 1 5 [R5, A 01T 400 o A i
EBA IS B I B R B (Zha 55,2020 5 Lu Al
Zhang ,2021)

2) T EGa A R R SE N . BT ik
TRGAT 55 i, G Rl G X B U S e A
55 [FREEA T8 RS, B, BARIRES, 5 B
PR 7 VR S X B S R AR 2 o7 8% %
Hbr, FHNHE , FEF AT WL H Ar BR R AR 7 7% ]
ARG LT B P REARMERS B AR e, A, T
ZLAMASR Y B AR R R R B = 7853 B SOHE A
WP RBIRAN B, i U LR oF i FoR & 4
FEF ] WIEALLA AR Rl A 2 AR 1) H R BRER AL
AREE T T A O F AR 22— BRI R s R G T WG AL
ARG Rl G TR) B, S 2 52 e Bk 1Y M B ( Zhang
4 2016;Lan 45 ,2019) .

3 FHkERSHARE

DRI ) THM G AR R RG22 55 E 3
TR AHESI AR o i, TR K B 8 )=

IR TR R ity X st A A 11 5 R 7 ) % A AR L A%
SR B E MR 45 . IRk, —SEHTY
W28 SR RN A 15 it — 20 E | TR T HE 1Y
PR, 2 UG Rl SR 22 A T ORTITE 1, BRI,
FETURBE 2% ) 1) G R & B30 F 52 A7) 1T I — 26 Bk
A%, AR SCUASNZE B B R BB PR RS TR, R 4k
2EFATIAE X LE )y ) B FE LA

1) MBS S5 A i A B2t &, AT 3 B B b o
SUARTRb S N B Ground-truth il & EIM% , & KM
B LU R S T3 . 7R IR b ey v
SOERR A2 B Ground-truth J& Y11 2537 1k 1 53 () 36 F I
JE AR 28 25 il B I AR IE . 1 — 20 b ey o
VR MG T H 2 i — A B TRl A S T R ) G A

2) WM I 2 A 1 1 B R R, — A T S 7
IR 1Y) AT g R 0 R AR e (AR AR 2
75 = 0 UG Rl TR, AN [ A2 T X Rz AN [+] )
WG | 3ok (52K fill 5 58 1 LA B LR BRI Ak
PEfE, W 4 FiR, BUA ERAES S R I Al G
Je IR A PIRR SRS T XS R R 3 B A Rl
FMEAEAFIRAR G, i, TEAR R B i 2 X 45 5
MEA AR R R D, & 38 T S8R
SR LR R Rl A AT 55 A0 B AR HE T AR AR B BRI
JEIE SRR SRR G —HE AR M IS R TE

3) NG sRE T A B A R, — A IRAF S Y
[ R 2 B B B A ) %) 6 AR [ 4 2 R BSOS R
PR3 B B 245 0% RO A (N0 BP0 )
BHIARG, uErSA R 2, i, Bz LLOZ AR pR K
1 UG A7 BN 4k ( Ding 45 ,2021) , W24 4k
S GO B B A A AN (s
AL ) AR 25 M ECHE SR AT IR, S L [E R T
JERHIAH DG B T R4 1 DA BB 2 2 AR Y
P pREIOR UG Rl A U 12 (R AR ) A 55
TR DR Ay SR e P il B R R R R EIGHEA T
AL B =W

4) DASSHRIIN 250 BE M0 e, i 2 A Je: RS
A U PRI, SR, 18 R L 2 R (1 (8] A
3 25 00 B A AEAS [R) Rl A 5 N AR R AR
%, P TRV BRI R e it
SIHAT A, B — T Rk — iR T A A PERE . 1%
T FRAEAL A 2 2T U RR Sy 03 3 [A] Y1 25 (test-time
training) , &) 1218 H T &R G AL 2 TR
f£55 1 (Sun 45,2020 ; Mohan %5 ,2021) .
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5) WPPOT R EE 1, T BUA R PEA 46 B
FASRE LA RO S Bk il 5 505 i O R B, iy
1R O | 25 D LA T SRR AR (Cao 45 ,2021) 5
LEHH R E AL,
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