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Fig. 2 Development timeline of GAN-based image fusion models (With classical multimodal image fusion methods above the

timeline and classical and recent remote sensing image fusion methods below the timeline. It can be found that the multimodal image

fusion method is the wind vane for the development of remote sensing image fusion methods )
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B A UE 2 R RIS (5 B A — 2otk .

3.1.5 FHELREMIHME

ML HE LM 4 (CGAN) @ 5] A4
AR Candi B MR BibR 255 ) e 42 4 A= il BTR
M JE M, AR A R R AT S R oK o A5
ZYFORALIG I 7R RAGPE, 88 T A A
0 5T B FUORS B 1 o B R Y 2% R 2 o AR K e
W 2% #5 Y £0 § CGAN  (Mirza A1 Osindero, 2014)
(K5 (a)) A1AC-GAN (Odena %, 2017), Xt
BERYE G A5, AR G R TP A Ah 2 R
KT G, A5 L nY G248 B ey B Al 4
AN B COAN e A F 2R A 1l o o i 4
JEEEG, didE T R R RS AT 55 . X T
GRS AE S5, A0S Bl 2ok B AN A A4
arak AR Z IR EGEHE . CCAN B4 2% sRECAT L
TN

Leow(G.D) = (E“pm(x)logD(xlc)) +

E.,(log(1 - D(G(ke))))

Kb, RERKMHEE, WHBIEITL.

TECGAN A, 55 B e dan A B A Jli s Al
F g, AR AR R BRE BE S % AR R R
fIEZS 8] o 3K b 5 v 7 3 3% G il & v R 5 A 2L
JEHAE Rl G 20tk sl 2 A% A By, AR08 2E Al
BH—EER RS SR . CGAN R AR S A 328 JK
K% fl 477 1 & RED-cGAN (Shao %%, 2020). i%
BERLR T 5% 22 2 05— A i A= i A0 2% 1 ) 301 2
W2, LABH AR A B PG AE DR A5 25 [R5 2 A R
WK I

32 GAN#IEzf@SHihstiteaftiikhrrA

TEATAT Y, FAT 530 GAN 7E 1 12 gk 15114
FlE U AT T A st e A
&M 2O E&, meEotige ity ket
FfG . Z0eik GRS R . RBR T E R
L, AR T i R B 2 e B B, il

(3)
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AR E R IR E R, RECH BRI 2, TR R A S T A
AR AR ZE T . AP LRSIk k.

xR2 ETGANHEREGRMAE X

Table 2 GAN-based remote sensing image fusion methods

ik R ;s AEIIE S W KW
RED-cGAN 2019 R WorldView-2, WorldView=3 W LGRS
PSGAN 2020 ﬁéﬁéﬂs QuicBird, GaoFen—2, WorldView—2 AW TGRS
FusGAN 2020 Stk 4t gift Landsat 8, Sentinel-2 A TGRS
Pan-GAN 2020 L WorldView—2, GaoFen—2 P INFFUS
PanColorGAN 2020 g WorldView-2, WorldView-3 A W TGRS
HPGAN 2020 FOGIE A L CAVE, Chikusei, GaoFen—2 A TGRS
ESGAN 2021 ERukya Maryland Rl JSTARS
PS-GDANet 2021 G A Bk CAVE, Pavia Center A TNNLS
physics—based GAN 2021 G A L CAVE, Pavia University A JSTARS
DI-GAN 2022 E i QuickBird, IKONOS, WorldView—3 A ESWA
UCGAN 2022 S gik GaoFen-2, WorldView—3 ToE TGRS
MSGAN 2022 gt QuickBird, GaoFen—2 o MMM
STP-SOM 2023 EoR R QuickBird, GaoFen—2 A7 W8 jcv
SD-CycleGAN 2023 Eax QuickBird, GeoEye-1, GaoFen—2 P JSTARS
Mun-GAN 2023 g QuickBird, GaoFen—2, WorldView-3 Je W TGRS
CMAN 2023 [P = kR e Pavia University, Houston University P Remote Sensing
DCGAN 2024 ik QuickBird, GaoFen-2, WorldView-3 To e TGRS
UPGAN 2024 g QuickBird, WorldView—2 JeWE 1JGI
MFT-GAN 2024 [P = kR e CAVE, Chikusei, Bostwana JoB TGRS

3.2.1 GANZEZG&HL TN A

an gy 3¢ Ay

7o % (6] 73 B AR Y 0 PR s
JCE RS A, LA ) i %m

721, eEBAEOR M A bR
[6] 73 B R 1 2

ﬁ%ﬁ%ﬁm@W@%<@mo

— PR &
G AAEEEXL, lﬁ%%%%%i f&

S T 25 ] MG 1

o> BT IR, DT $
e T JE R AR ) A A RE AR T A M ﬁ?é@@

808 W ALEL S B — P B, 20 RS AL

1 71 Aﬁ&,ﬁ%é@ﬁ%%E%%ﬁf?mﬁ

TE 38 5 =S

i B .

(a) 2EAEH
(a) PAN image

(b) ZJtik A&
(b) LRMS image

Ko 2@t

Fig. 6 Pan—sharpening

8] 43 2R 1 ) o) e KRR R AR R Ol 3%

(c) BE KA
(¢) Fused image
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TR 481 CNN J7 ¥ SR TE 2 (B AT 55 v LA
T B, ABATEER T I DG R EOR AT R Y
(R, X A J2 v A 3 S 5 K . o 1 3k
—HRT e aBb I ERE, FIEE S A GAN K i
Pk — R . GAN ReAg B A S LA 5 2% 1 2 (1]
AOGIE R R, WAFER LR, REhE EIR %
R . GAN YU FAHE T 38 2ok ) 2 A= Bl R0 4 1)
v Z B X PS4 Rl A BURTE ST
oA 5 RS EMRE AR . R AR TC B GAN
ik, WA Pan-GAN (Ma 4§, 2020a) F1UCGAN
(Zhou %, 2022), BLAMARFFA,

X JLAE A 004k (1) GAN AR H 55 56 7 4% [
SRR GG P AR RS A R R B RO 1) 4 FR 4
¥, P51 AZ RBEFFIE SR BB FEA W] RUEE il
ER X EG T B, DL — 2R T A
B R 40715 R AL —3 k. 140, DI-GAN
(Benzenati 55, 2022) 5 A T AIX A BB I 4% %
HEAATEE, WL 8 T 25 [ 4549 . i
MSGAN (Wang %, 2022) il RN, 358
T XA o BRI A FE R 0, (A5 A il ]
PRAE 25 A R E L 45 80 1w 18 3 I 2 RO 35 Ok
HEE,

FET GAN 1 2 84k 7 B 7E SEBr v F e 7
T E R, AMUBEE A B o 1 B S e
RS EME, e ERS TRBELs . Biak
WL 53 28 RN AR Ak A DN 4 T i dak SR AT 55 v A R B
Ak, i g4 GAN N ZRid 72, R THA:
B 5 A A% 2 B e, DL R e] R 5O
B BB 4 LBl . RRoE N, 58k
SEARAI G T ]

322 GANESXiEEaSLIr A

Zig—E i R R A, WRR oL 4
aBifk, BESA ZhIG RGN &2 8 0 PR
G EMS B OGIEE B (B MS FTHS BI&) ,
AT A= 3 [ B L 28 g 2 )RG35 43 5 A il 1
% X—id AT aEbifl, H7EdB L
PEEE, BT R RS M PR | 2B
FI225, mOLis 4 O a0 I 25 N8 22 Pk,
5 BN AT 2 0 R A B HORT ' T R 5 SR . I
AN, TR TN E LA SRS B R, i A5
Jei A BT TE W B AR 1 T SR

CNN 23X — S0 b FH e )iz AL, H il

W E AT I ARUIF S E5H . FREiEEMZ R
EHBRER A, ik T CNNFE =Gl BHE g
MR, BRI T CNN Y 2 =tk e s ik
M F 77, (HAEIET GAN By mOGIE & a8l i st
ANFEEL, e —S K A R AF

YT i G A B AR B X 3 HER Y R
WF 58 5 A1 1 5008 o3 PR R OR FI GAN B A 2%
Aok, I SRGAN (LedigZs, 2017) (Super—
Resolution GAN) F1 ESRGAN (Romero %5, 2020;
Wang 2 2018)
GAN) FARTERIGIE SOt as 7 .
SRGAN f5c#) H] T 70 BF AT 55, (H R AR AL E
TGN, LU 2061 AR Y 2 8] 0 B
ESRGAN /E 2l SRGAN 1 ik A , 3 i %5 42 5k 22
M AR E I 1k, PR TR M
fiE. T ESRGAN, Luo%: (2021) T FusGAN,
B H 5 T Sentinel-2 fl Landsat 8 R 454k, ¥
SIFEREN 10 mABEH 2.5 m, XWEH T GANEZL
IR TR RIS P i s .

IILVAEM TAER R T GAN R THRDG IS Al &
RORIT Y 350 1, R 2 F GAN FLH A #h 28
W AREE A AR . HPGAN (Xie 58, 2021)
JE BT CAN 1Y @m0 4 B ik,
HAE GANBERUR RN T =48, JFit 17 %07
PR i TR0 265 DRl 5 v AUREAIE L 1 5 A o Dy
PAN PG, I8 L PAN UG AE S 1 50 45 1 B A
physics—based GAN (Xiao 25, 2021) % REEERR,
FI Ty BB AR AR 25 5 22 RUBE 5k 22 18 38 T 2 ) 1
Po, WTE T RGN OGRS R B . CMAN
(Su &5, 2023) @il M F A ik W48 M2 L
i, A3 oC A B R R A Rl A HSTAIMST, 427
T ARG ME R R 4E Y KB . MFT-GAN
(Shang &2 2024) E L 5] A Transformer X 2% 5 £
RESSHR A, ST 6025 [E ST
Rl o

AR, "2 OB GAN 7k HE
MR ARAAE , 8l STE TP g AZ REHOR A
SETITE % NS O =D - 5 €T R b a 2
] T0Ay, PRI AR 2235 TUAR 1Y /&5 61 4 8 Bt A A A
SRR B, LA 9 5C B I B i RRAE e 15 fE
J1. HAETHPFTEAMERY, GANTER GGG
AT 55 vh BT RGP s e, o i — P IR H
R T 2 0 B L B

(Enhanced Super—Resolution
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3.3 MKk

A R BT R 28 R PR REAE TR A
EERR . R T R AR A T W L () g
BERMOEREE B ILe, BOTa B Ak pR RO
B DR A S PELARAE A8 T T U P 1) S B A
T GAN 58 i) & I PR il 5 AT 55 v, 405 R B
A R S S RG22 R, ]E
J A 0 0 o B DL A R S AT 52 Wi e 2% il 5 T
BB . ARG, A AR IR BREL
SRR N — BRSO Bk BT R . (HX T2
PRI B E G AR S5 R U AR, O T RS KR
TEANE A S 08 B D7 T P BARUIR S, 7 25
AZ R AR R A5 2 pR L LT 0 2% 26 T 4t
KRB PR 4

331 XLk

Xt (Adversarial Loss) J& GAN F#Z 0
EAE i 7 S I o W 7 2 7 S S BU Ra o R
5] i 2 (B RN ok oA A A 2R . e
REME RS AR S5, XU O A A e 2E L
Rl A MR InE 5L, IR RS E AL i LS
EUR B I35 o X HUPHEAR 2 BB L, BV SCrP 3233
B fre/ N R AR R pR

332 BEAFRK

1% RN ZE K (Pixel Content Loss) F T #
el A BB B4 2 ] 3 B R R AT A R . o T
FAERKBRSSFRBZANERER, KES
A Y R TER R P00 B 5 H R B O3 — 2
fdE FHZ % pR A O vk — o B 2 k. T
R AR RS T, R AR R T
2Pk MSE  (Mean Squared Error) F1F 34 4 X 3%
24519 MAE (Mean Absolute Error), 0 L2 451 2%
LR, R ik BB 5 2 2% BR8] 1
iR

B5 R B A~ h
L = (= 3. (4)
%ﬁ%ﬁﬁ%ﬁ%%éﬁﬁ
LMAE:%|xi—yi\ (5)
PLEPIADART, x R ESLEERRR R, v 24

IR IERRE, nRARRIEEL

3.3.3 Stk

HeigEi 2k (Spectral Loss) 7 i 8% B4 @l A Hh
T, J R AN PG s GG R
AR S B R R MR TR GG 4R E R
fdE A5 AN ) B G5 BAER& 5 15 LIER OR B .
ARy L2 45 kA AT DR R

B BOGIE A 2R T G A B (SAM)
(Hu%, 2020), HARXN

Loy = arccos( <x,y> ) (6)
[0 7]

A, Fy 23 F7s 2 25 AR T AR B Dl
(G g N/ Wi R 2 I L Ll e P ST
M I AR I, (Rl R BT (5 RS nT RE
P BB, AT R E

334 RBAEHRsk

AR (Perceptual Loss) & T #i Il 25 19 TR
BB LM (VGG M%), HTIERIZEKIE
SCHEAE b A i A i EHR 5 2 2% ’& Y A Lk
(Johnson %, 2016). 5 E I HEREME AR, &
PHABE 2 G 3 PR ) PR i SR o o, el A5 2B B BB

EALSE B S B EME —20 (Bello %5, 2020) .
S SIE A N /N2
Ly ercepua = z” di(x) - d)i()’) s (7)

o, (- ) FRTETINZR N4 105 | 2 LUK EE
TER . A, A s BE S 3 S 0
REE R .
335 fEIRRK

PERIIR H CycleGAN (Zhu %5, 2017) #iH,
WIS — 2, T DAZETC B R I RS T g
Hi PRAIE R RS B, T AR 0 2 B F & Ty
WA, EFCh e an gk, BT

33.6 EZEHRKEE

GAN 7r 38 /I (5 il & B SE BRI o, 3 R
R MR R B AR, RIS R R AE
AR 4ERE ERYOEAE . Sk pR B BEITH AR ZEAL
A TR 458 2 3T A9 A 0 E 2, AR AR AT 5514
BRI ITIRLE

4 AR
RS A 7k 2 = SR R E R R,
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JFHEZRRETHZIE. KR8 GCAN 2 HHPRA
IS —28077%, HEMBRAFAE VR 2 B AR YL i
AL, FEIX—F o, AR T T A £ 8
A — e SRR PR

4.1 HIRIXRZNFNEEIGRZH

HAT, KEZHIET GAN I 728 T 553K 5
K, F GRS L B I R, RTLLE
VE—AN B ) A, 2 [n) 0 4 e R a8 e P (Liu
8, 2022) 0 B IK S AN G E VY Dy i A i
FHUBE A B SE AT R AR 2 ) o BRI R A K
TGN GBI, EE A RAERIA, 1
TR TN B2 I AN 75 5 17 DA P e 700 Ay 350 ) LA ot
i OGBE S 45, 2023), SR1MEEIK 3 7k i R R
PETE T X5 B 4 A i KRR T AR . M L
Z N, REAIKE) T vk Be g 4 L T 0 B Y Rl i
FEIT il B AL B AT A5, X AR A 15 2
KHEE, I, Anfa)Re s 21 oK o) 5 B8 5K o) AR 25
G, BOTi BEA TR ERE ) . BB TEA R
SN IE NP ARG TR, WS U AR K
SR EUL Al A 5T B BT )

42 MHEMAMT EBAE

w45 NI, RREMNCETIFE TiFLiEKE
GG g5 . T LN R R A b i SR A
HARZ, BRI ILT CSAIFET MRA BIfG& 7
OGN HF 2oLl Bk, (H X 5 ik
Sl AT B ) R, R SR R S 1y
IARTE DR, REHO7 RN K AR 5 10 12 18k
RSN RS TRIUE R & i (o AN T AT B S 4/
PO M0 D0 A5 S i S B g FH v, %o JR A A 3
B SR A AR o andal XA [F] 0 H e s &
AR, JER IS A Y 1 R R A R T
BELEG, RARMIR A EE T,

FHEE T HABBL R, GAN AL (8 %5 B pE 45 26 th
Sep I R T Rk, BRI AR S5 BIR
PR 0T S R T T R R . BIE, GANTE
Qb3 22 5 S R B T VR T R TR SR, X
S HAEE 2N T YRR AL T R A B s )
43 REIZGHEANES T

IR R AR 0 2 T GAN A A6 L ik S S T R A
BEARTE R AT N S, X AESEPRI T, 45l
JEAE R T PERSH GRS BT, 1ETE

MEUASE I, Jo W B2 2 RN W B A 2] Ry ax — [ i
PR T I il ey 58, AR ANATE — 20 4 i S A
RYR A RE PR AR W) 37 50 R i FH 1, R %2
WFFEHE AR .

WAL, T4 IR S TR EREARZE |
B R B SRR AT 5, X ECTIRK
AUIZRTF RS, A7 S AN B AR A GAN BEHY 13153
SN, A HAEA BRI T Wk & oz 1T,
ang | A% >) (Few—shot Learning) #: 2 ZFIK
2%2] (Zero—shot Learning) , &1+ H7E # J8% E{% fl
A U S I, AT DA B —A 7 1w

5 45 iE

128 R P A il 5 13 A D i v 22 T i SRR Bl 1
) FIOETE 7> BER R A5G B OCEE MM, &
TS AR AN AN Ar 2R A R S R LR . H
A 8 R P AR il 5 U, BT GAN YT IE s 1
P TR R S B FDGIE R B R . 5
BT AL, GAN AAUAE A L AZ 2R s 1 ] ik
W TR, RREBTER A MRS H K
A DL 52 B v i 1 R Rl o AR STIRT T
i T R E R A G 1 GAN FE SR8 i, IF A [
1 BEXT I JLAEBE T GAN Y8 K R i O s 64T
TN G REXTEARCEA TRZNH,
FUATQ RS 1 3 R, (H 3 2 Tl — L8 PR
AR S AR — 2o P AL R IT T e . ARREY
WFFE AR EEA AL GAN RO 24 Rl ) S, se i H

RUAEAE PR, AT el A B )32 3 g i o
KA N A EA .
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Research progress of generative adversarial networks in remote
sensing image fusion
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Abstract: Remote sensing image fusion, as an important branch of data fusion, has attracted considerable attention in recent years. Images
with high spatial and spectral resolutions can be generated by fusing remote sensing data from different sources, improving the ability to
capture detailed information about ground objects. In the field of remote sensing image processing, the application of Generative Adversarial
Networks (GANSs) has developed rapidly, demonstrating significant advantages. This paper starts by introducing traditional remote sensing
image fusion methods, followed by an analysis of GAN-based fusion techniques, with a detailed explanation of GAN’s applications in tasks
such as pan-sharpening and hyperspectral pan-sharpening.

Although traditional remote sensing image fusion methods can improve either spatial or spectral resolution to some extent, they often
introduce spectral distortions, limiting their effectiveness. In recent years, various deep learning-based image fusion models have emerged.
Among them, GANSs, with their unique adversarial training mechanism, have demonstrated a remarkable ability to generate fused images
that effectively balance spatial and spectral information while significantly reducing distortion. Numerous GAN-based remote sensing image
fusion models, which leverage multiscale feature extraction, separate processing of spectral and spatial information, and optimized
adversarial losses to substantially enhance the quality of the fused images, have been proposed. GANs are especially suitable for unsupervised and
semisupervised learning, enabling the generation of high-quality fused images without reference images and thus addressing the common
issue of the lack of reference data in remote sensing.

This study analyzes common architectures of GANs used in multisource image fusion, including single-generator—double-discriminator,
multigenerator—single-discriminator, multigenerator—multidiscriminator, and conditional GAN architectures. These architectures, using
different training strategies, effectively handle a range of task scenarios. This study also explores the application of GANs in remote sensing
image fusion. In the pan-sharpening task, GAN-based models not only improve spatial resolution but also enhance the fidelity of image
details while preserving spectral information. Similarly, GANs show great potential in hyperspectral pan-sharpening, especially when
combined with super-resolution techniques and adversarial learning, allowing for the effective fusion of multisource images and generating
high-resolution multispectral and hyperspectral images. This paper discusses the importance of loss functions such as adversarial loss,
spectral loss, and perceptual loss in GAN training, all of which ensure balanced optimization across different dimensions of the fused images.

Finally, this paper summarizes the current state of GAN-based remote sensing image fusion methods and explores future research
directions, including the integration of data- and model-driven approaches. It also expands on the challenges of generalization and
computational complexity of GAN models in various remote sensing applications, proposing potential avenues for further optimization.

Key words: remote sensing image, multi-source data fusion, deep learning, generative adversarial network, pan-sharpening, multispectral
image, hyperspectral image

Supported by National Natural Science Foundation of China (No. 62101481, 62261060); Yunnan Provincial Basic Research Program
Projects (No. 202301AW070007, 202201AU070033, 202201AT070112, 202301AU070210)



