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ZRME, R 1R T R ERIEMG STF G, AT
SRR 25 8] 43 B 28 F0 i I 18] 40 9 2R PR 1) o DA%
JERANSI K HA 5

*®1 STFERIEHERSH

Table 1 Common satellite data and parameters for STF

BAE 3R ZEMSPHEREm ISR
Landsat 5 ™ 30 16
Landsat 7 ETM+ 30 16
OLI

Landsat 8 30 16
TIRS
PMS

GF-1 8—16 4
WFV

GF-2 PMS 4 5
PMS

GF-6 8—16 4
WFV

Sentinel-2 MSI 10 5

Sentinel-3 OLCI 300 2

Terra/Aqua MODIS 250—1000 1

STF B TELS 6% AN AL AR Kl ot il
BARAS ] i) o B UG S e s )L IR )
SrHERER, B —1E BRI A AN
HIRSERNE (Zhang %5, 2021a), A= s 25 () Fl g5
B[] 43 BRI H R R, DU — TR AL

B HT, BEHMT, %
R PN A o

HN3IRRAR

SRS I 23 g3 P e DL ACAT Y 7] B (Wang 55
2023; Zhang%%, 2021a). =i PR EUE AT
JREERMRRE . M BRERAEAT S (BRI
W, 2024), R EAERAE PR

DRI 7 > By e e 3l 1 2 R R &
IR 23 Bl 5 05 1 AN W BI T, (B S 2k SCHRAT A2
ok, RAEERBORATHY o AR SO R i 25 il
B LRI SO T TR IR, R 2R,
Z 8 CHR E e T 4 A 81 {b Pan—sharpening
(Panchromatic sharpening) . 15 )6 i — 4= {8 4 {b
(Hyperspectral Pan—sharping) . 5 1 — 2 61 il
4 (Hyperspectral-Multispectral Fusion) . & JiE—
WOt 5 (Hyperspectral-LiDAR) %5 22 Y5 0 $i%
Bk, URMEGER Tk (L%, 2020a,
2022a; Ghamisi %, 2019; Chen%§, 2023), TiiXf
HIT R 2 2 T I RGBT R AR B = o 3X
FamsER NG = , BHAT 73 TR I 1Y STF 7
Btk E, i, ARSCEAE . REHEDRRA
O3AT T AR A TR A o) 1R B R STF R 7
EE MR, JFRE R T A DT BT TR
Feor b, PR TR R BB SO AR SRR 5, &
ZIEMERR . WAL, ARSCGAREH T STF U A £
e R APA AR bR, BARTTHRAT 98 3 .

1o 2 ) 3
RERRELAR

I 2%
—>| ms |—=—=

¥

I 6] 53 B 7, EL A e 2
JE AR

P iES

HA2fEEA

K1 ARl AR A B B 2 il 5 7 s A

Fig. 1 Schematic diagram of remote—sensing image spatiotemporal—fusion methods with different input counts

(1) XMEGESTFITEREEE AR RIS T
TERRFIXFLE . (2) RHETIREE ) 3 A& STF
B TR AT R G 26 . MBALESS, IFAE CIA,

DX 1 SW K dh £ L X TR JEE = 2] 7 vk b A7 R HE S 5
o3tre (3) £RIR T SR IR STF BT 58 A7 AE 1)
[T N —2E A s 1], ARSI RIS %
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Table 2 Summary of domestic and international reviews on STF of remote sensing images

WA R IF (2026 4%)
Comparison of spatiotemporal fusion models: A review (Chen%§,2015) Remote Sensing 4.1
Z5 T RLE BO AR A5 Bl A T M BLR B R B (B P B 21, 2017) (I 2z40) 5.17
Spatiotemporal fusion of multisource remote sensing data: Literature survey, taxonomy, L
L - . e Remote Sensing 4.1
principles, applications, and future directions (Zhu%5,2018)
T B 2 Tl B T AR R S SR (RS RS2k AE ,2018) CHATTIIR L) 3.73
Spatiotemporal image fusion in remote sensing (Belgiu #I Stein,2019) Remote Sensing 4.1
Multisource and multitemporal data fusion in remote sensing: A comprehensive review of the [EEE Geoscience and Remote Sensing 164
state of the art (Ghamisi%¥,2019) Magazine '
Spatio—temporal fusion for remote sensing data : an overview and new benchmark (Li%%,2020a)  Science China—Information Sciences 7.6
Image fusion meets deep learning: A survey and perspective (Zhang %5 ,2021a) Information Fusion 15.5
Spatially continuous and high—resolution land surface temperature product generation : IEEE Geoscience and Remote Sensing 16.4
A review of reconstruction and spatiotemporal fusion techniques (Wu %% ,2021) Magazine ’
Deep learning in multimodal remote sensing data fusion: A comprehensive review International Journal of Applied %6
(Li%,2022a) Earth Observation and Geoinformation '
B AL i N 2 B A T R S (A 48,2022) (Cus ity 4.79
R BRI R G SRR () A 45,2022) QIR S 0D 5.17
ZIR UGG T TR R RN ER 45 ,2022) QTR S5F2) 2.54
Spatio—temporal fusion methods for spectral remote sensing: A comprehensive technical Trovical Ecol 17
. ropical E y .
review and comparative analysis (Swain 45,2024 ) opreat Beotogy
Spatiotemporal fusion for spectral remote sensing: A statistical analysis and review Journal of King Saud University— 6.1
(Chen%5,2023) Computer and Information Sciences ’
Review of pixel-level remote sensing image fusion based on deep learning (Wang %5 ,2023) Information Fusion 15.5
Comprehensive analysis of temporal—spatial fusion from 1991 to 2023 using bibliometric
- Atmosphere 2.3
tools (Cui%,2024b)
Bl A AR R B RS s (] R N (AL 55 ,2024) QR E 2 (5 BRA RO ) 4.75
Recent advances in deep learning—based spatiotemporal fusion methods for remote sensing
Sensors 35

images (Lian%,2025)

T I I PR

2 MK TAE

B THANLER I A RE , TR S HRTE 1&
SRR 32 B BOR B2 1 56T, U HOR AR R 28 1)
2% CNN (Convolutional Neural Network ) [ H B0, #%
KA HE T IR BE 2 2] 7 18 SRSk i & e, - 2R
T ROV T BB 7 ) 1 2 I RER STF HOR .
M8 Wang 25 (2023) il Zhu %5 (2018) FOHFSY,
STF 77 ¥ 1] 53 AL Gt 07 s AL IR B 27 T 1 7 1
TEA R R EBEFIN FHZ 50T, AL SE STF J5 il LAy
M52 (Li%, 2020a; Chen?, 2015; Swain %%,
2024; Zhang %%, 2024b): fi#iR (unmixing) J7k .
FLPREL (weight function) J5y. DI (Bayesian)
Jrik . FHE2 3] (dictionary learning) J7iE ARG
(hybrids) 75, MRIGHTHHITE, A SOR HTHT R

#4625 CNN. Transformer, 45 BXT T
M2 GAN (Generative Adversarial Network ) . G i
22 2% RNN (Recurrent Neural Network ) . /N7 75 4
(wavelet transform) AP H A (diffusion model) ,
JEXT AR AR IR AT T 2RIR
2 &R T A% Gt STF J5 v DL JCH UL i CNN
Transformer F1 GAN J7 3% i) JFUEE Z5 44 .

21 1E%STF A%
2.1.1 BRI

TG IR e 3 TR ISR SR, fFF
BERE FRBORIC (R aiigo0) KXt
FREE (BRI usICH L)) (Belgiu F1 Stein, 2019)
HAZ O AR R B AR S (] 4 HE R MG 15 R 2
EaAS A PRGN R A, B R RS
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IR 5 OE TG 20 i 2 A dm e Y STIR , JREE S 0y
B AR HE D i T AR I A5 B AR A, DT S
e P R A G . AURIEIT IR SR . 2R
Z 5 PRI R MMT  (Multi-sensor Multi—resolution
Technique) (Zhukov%§, 1999) . FEF X} 4 (175 [H]
fift IR A% 1 OBSUM  (Object-Based Spatial Unmixing
Model) (Guo#, 2024) FICHE A A OGS 23 fill &4
B FIRST (spatiotemporal fusion incorrporting spectral

autocorrelation) (Liu%%, 2022) 4554, (HIGiEMH
TR AFAE S AT 3 G 0 S 2 MR RN oy () @, R T
i IRPERE (Wu %, 2015; Wang %, 2021).
U, —SBRF5E 5| AT B 20 S A DL Ak A TR A Y
(Wuf, 2015), JF42 e L BRAEms DL G2 g Sl
e (Wang %, 2021) o A7 kA —E 2
Bz bR R, (H AR A RO 40 43 R
SR 23 (0] S48 O 2807 TSR 456 T2 o

¢ G C C, C
- > > >
A T = I TR T T
- pRL =z e "¢, ¢ C ! ;
":=H:" A P ! AF I . ! 1 y
g FEEFE e g ! 2 ' I i > 2 |«
o4 R % Bx AC, ac, H bR R R
R CEI | ] ’ ' ;
Yeeee ) (& L] g B8 Lo . T B De | EXa
EEisitiii AN | e ' Dy !
B " Dy i PN EEOX R}
H e E ,E N A ! KGR AN
F F,  mmmmmmmmmmmm—————— o M !
(a) KRBT 15 (b) T~ 2] Ik (c) D377k
(a) Weight function—based method (b) Dictionary learning—based method (¢) Bayesian method
F, F. F,
FZ
C C C, G, G C, G, G
e rE—— ===
e Yriokms G ki M or > HIHE
il R 4% 4 -
5 e %m 2 ()
. : Oy —
(d) fR AT (e) CNN/Transformer J7 1% (f) GAN Jiis

(d) Unmixing—based method
2

(e) CNN/Transformer—based method
UL STF J5 v (1 S Bk 1)

(f) GAN-based method

Fig. 2 Principle structures of common STF methods

2.1.2 WEHEFHE

LT R I vk 1 i M A PR, XL
20 P50 X L AR R BEAT AR, EE R I A R R
WEY 25 [ 3 N R il A 8L STARFM (Spatial
and Temporal Adaptive Reflectance Fusion Model) (Gao
4F, 2006), PLRHET STARFM Bk iy 14 5 2 25
I8 NS Al B (ESTARFM)  (Zhu 45
2010) Fi1 STARFM-SI (STARFM under Simplified
Input modality) (Wu 4§, 2020). {HiZZ& Ty ki 5
TR BCHL AR T FIRS 40 5 T i ) A2 A e — 2y, )
FHRL TG f Ak ] 475 J50 60 200 PRI 10 2 [ £ B R 2 I
25 b o BRSO R I, %51k
TEX A Wb R R4, (BAE ) 0 A S 2% 1 57

DX, PG R .
2.1.3 WMtEr A%

T DU S Al A8 75 V538 R STE N Fe K
BMER I, B ORAL T F AR 40515 00 25 R
oo MR EARE U0 & KR BME
(Bayesian Maximum Entropy) (Li%, 2013). H—1k
25 S AR H— DU v 25 i 5 B8 NDVI-BSFM
(Normalized Difference Vegetation Index—Bayesian
Spatiotemporal reflectance Fusion Model) (Liao 5% ,
2016) Fil 45 — B} 25 §i% @l & HE 28 STS  (integrated
framework for Spatio—Temporal-Spectral fusion) (Shen
&5, 2016) . [HiZRJ7 i F 2 S HHEE 5 Wi s
Z IO R BEAT AL, MELARIX T34k, R
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il VR TERE, IR
214 FHEIFE

T ) 7 A R S — A R
PRI BIWRES 28, JF A3 =7 M 27 2] il 3Je s [l 4
FIRAE . SRS, AR 8 S SR PR A A i 2
NEAYELE IS BIEME (Song FllHuang, 2013). U3
PETT AL T i A A B I 23 B S il 5 A Y
SPSTFM (sparse representation—based spatiotemporal
reflectance fusion model) (Huang Fll Song, 2012) .
JREERTFE R, BT SR vk R B R 1 I A
B RS 22 3 J7 1k SCDNTSR - (nonlocal tensor
sparse representation—based semicoupled dictionary
learning approach) (Peng %5, 2022) ¥ J& T ik &
BN, IFTIACERE G BT, St T o) 7
X, P TRESCR
215 RBEFE

WA A R | U | AR
HO I LU R % 21 )7 S LUBETH A
RGZALRE Sy, EREQRg i Tk A, R
il T RN o B s R A VR B STRUM
(Spatial and Temporal Reflectance Unmixing Model )
(Gevaert fll Garcia—Haro, 2015) B X # STARFM
FIRRR TS AN ES &, JFAE AR Y BEg | A DLt 375
oL AR RREE BAR IR, A
= RAE W J5 ¥ —— R U6 I 2 Bl Bl & FSDAF
(flexible spatiotemporal data fusion) J5 & (Zhu 5%,
2016) 45 EMHRITE AR E, AT T A
AR A5, (BRI % b 3R 2 285 I b A
W2z, BJE, HBLTIHZHET FSDAF Yk fl 7+
Jid (GuoF, 2020; Li%, 2020b; Shi%, 2022;
Liu%F, 2019, 2024; XuF, 2024), XLEETrksE
537 JE ML S BUPEARAE | AL AR AL K R AT
VSRR, TESEBRT 55 AR B A R A
HALGITER L 2 (a) —H2 (d)s

ST F AL GE STF 5 L AE B &) X R L R
4, HEATHE &R BT W ALY T RS
Peo SR, ZERTY BB S ISR 22 (ke
MBI AELIECR) . A EEA SRR (N
PEMRIR . Rt ) DLUROS T TRRE AR (G
) AEPER, T R R AR L O AR R MR R
s, HAEREVIZBR o FR 2 Ik AE AR 51 5 X 3
Al G PERE T RE, MELLES I 2 N A A 2 &

SR

UG ST Ikt —E IR, HEZ Y
S AT RAT NI (R . A ek B T VA A Hu ) o3 A
FHOGS 223 5] Y DX PTG AS BV AE 0 s IR Tk
A% 16 A5 3% R 2 i 3 JT A2 AL, 38 i 2k 4
JEIE T AL 555 DL S B AR AT SR R R e AT
ARG BE 5 7 im0 1k BE S A A i
RS 450 5 JR5 75 40 FSDAF R 5 152 2%
SRR . F, 7ETHR IR R
2 KRB AR E T, LG50 A= 52
FHREHE
22 REFISTFE
2.2.1 CNN

TREE 7 > B PR i Sy STF FEAR SR 3L 180G
A, H I T CNIN AR R G5 A 58 R A 25 8] R A
RIAE 1 5 A& N 2 REAR B RS HLE , REMEH
VA P M 3 2 A7 AR T A Bl i A 2 ) I s il 45
R, rEIEIIE 2 (e)o TREE G BBl 28 W 45 i
73 filt & 77 1 STFDCNN  (SpatioTemporal Fusion using
Deep Convolutional Neural Networks) (Song %5, 2018)
UK R 2] 5 i T T 2 IR IR STF AR 55
rh, S S i KL PTG ORIURS 20 14 15 22 1) Y Ze
WS OC R FEATERASE, I HTEE 3 B3 CNN SE I |
AR PER I 7> BER 22 5, ok i v Al X Joi X A
K, W3 (a). WS, TREEEBUN 28 5 2%
DCSTFN (Deep Convolutional Spatio-Temporal Fusion
Network) (Tan%%, 2018) il #&HRZ ML E
FUZ, W 7 XU AR 4, 1 He S M A3
B AR LR RS, PR T RS R R
PE, W3 (b) o 145 ¥R B 45 BN 23 il 1 2%
EDCSTFN (Enhanced Deep Convolutional Spatio—
Temporal Fusion Network) (Tan %, 2019) ¥ i T
B 25 i 7 DA B S RS A5 AR A, IR I E A
KRB, T DCSTEN A L2 45 26 5 B 1%
BRI R, E PRI TR A R RE S, W
K3 (c)o SR L3R TT P AR AE SRR & 2 S 3L
AR O o O T RO A TR, 22 P A R
i 2 LR 25 W 26 MCDNet  (multicooperative deep
convolutional neural network) (Li%, 2021b) %M
TR HEIZ | 2543 T A 4 FTHI R 25 90 2 3261 7 1
Y2, JFRH 2 RGNS 5 ik P s Rk 52
WRESy, PRIESZE, RFERTE T Ay IR Bk
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R,OWKE3 (d)o JREFFEHE i i 25 fil & 5k 22 2%
£ W 4% STFRDN (Spatio—Temporal Fusion Residual
Dense Network) (Erdem 1 Avdan, 2023). XiEH
Fl 22 ) 4% STFNet  (two—stream convolutional neural
network) (Fu%F, 2024) . W Bk 2 4 B 25 il &
J77% SIFnet (two-stage coarse—to—fine spatiotemporal

fusion approach) (Ran%§, 2024) F13R 1% K25 84

Rl E R 2238 18 14 7 ) 9 46 RCAN-FSDAF [ flexible
(FSDAF) and residual
channel attention network (RCAN) ] (Cui %,
2024a) SEMLE, @B BT ES (K4)
FEZEIHLH (B15), BESHE T CNN RSB,
FET T RARIPERE

spatiotemporal data fusion

IR B T B

AL P
AL R 2

1,5 ZLandsat
FE1

AR
18 S 1, I ZIMODIS & £

Bk G 25

| 1,/ Z|Landsat | t.Ba‘zlJLandsar-MomsJ
QI %

T8l A 2 ]
Sy e T 5

[ wmme g ]

%25 1) 2 W ||
LS [&11%

R)Landsat

I

(a) STFDCNN [ 25 254
(a) The network architecture of STFDCNN

1,15 ZILandsat %

(b) DCSTFN 44454
(a) The network architecture of
DCSTEFN
'm EAEAE v
0] SRGH ! LSREMR | iflihas m 4, A v

t b GBI
MODIS K%

¥

SIS
(a) EDCSTFN W 454544
(a) The network architecture of

EDCSTFN

BLIEES

- Ay

lar T tﬁﬁ?ﬂﬁLajﬂisgﬁt@@
el e P A PR w i BiHIIE
(P o s
NS~ of [ R

!ﬂ]ﬁ]iJlIéf]‘:"‘iﬁ! FEAN 24 G
Landsat&{8 | #2224 F,
(a) MCDNet 92454
(a) The network architecture of MCDNet

K3 JET CNN Y STF 2% 454
Fig.3 CNN-based network architecture for STF

—> A i

ReLU

g g
— —
o =]
Z Z
=) =
3 S
s =
m m

4 AR 2R L b M RIBR 2 (0 2% 45 4

Fig. 4 Typical residual network structure in CNN

@>[ Conv ]|

T RS
Softmaxl* #}Jﬂ%ﬁé{
u FE

K5 BRI 2% T BRI 61 (Q LV K 03
ERNi N RESUE )
Fig. 5 Example of an attention module in CNN ( Q, V, and K

A
FFHIEE

Conv

denote query, key, and value vectors)

B3R FE T CNN Y7 95 249 D2 ) 38014 £ B2
K, BEAZNZEEEERREREE, 20 TR

Bo BT BT 28 SO 8 1 5 /)N i i 25 il
W 2% ECPW-STFN (Enhanced Cross—Paired Wavelet
based Spatio—Temporal Fusion Networks) (Zhang %%,
2024a) f i T — o HL TR R i ALY, SR
FH /NS A% Ao TG AR AR DA 2 ] e S 810 1 3 3
AR 1 B o3 B s ARBIURR AL, IR0 AT
AR, WG T ECHIL R RS RCR . B/R (Haar)
AN R A 6 B, H A AL
T RGOS MT RER, RS EY, H,
DAL T MR R BRI 5 R

AN AE T AL S U2 B T R,
W HER (Xu%F, 2025) 3 &% 50 Ak
(Wang 4F, 2025) Flif SL4r#] (Yang 5%, 2024)
4% o ECPW-STFN 1 UCH /N A #e 5] A STF, il iof
SrE B E m . BRI T R X N2, B
$ET T 52 A 3T A Ak XS A IR B RE T
H L8 LA AN TR 7 Bz o 32005 12 5% FH A SCRE XA
O W R R R SR T B S 1R I S R RS
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S, BT /INECR R SRR B S (B AR RRAE 7R
PR BAI AT TR T, R R A SOR A T R

AF 5T

W IR /N A 4

Fl6 IR/ IR AT AL S ik 1) i B (W SR 5k ]
GEIE b IR P R )

Fig. 6 The principlefrequency feature decomposition of Haar

wavelet transform (W and h denote the width and height of

the feature map)

SVARTI R, CNN PR 25 9 4 iE 5 HURE 1 Al
BRI GRRCR, e vF 20055 B2 il A
(LA (R S5 M IR Y 2 R, fE A Bl 4 SRy

5 B BE B ARG R EAFTE—E R R BRI, If
HAE MR R T R 2 R e

2.2.2 Transformer

Transformer 15| A ki B &S STF #4178 1%
R, 5 CONNAMI, BRI 2R EHRE
B, SEEERRINNCER, Mk CNN 1R
PSR | ol I SN NS < T 1
Transformer 8 1 [ 12 J1MLH] (self-attention) A
B B EAH (Query, Q). # (Key, K).
i (Value, V) 32&ma, JGil%H Q 5 A KA
RUPEALE , P A N AR By 9 8 R 3R A5 1% 07
AR, MATIT AR PG 4 Jrg K R B AR DG 2R o
Wy

'
Attention (Q,K,V) = softmax( LS 14 (1)

Jd:

A, d, FR KIYERE

N A |
B
SRR

+m
o

N A |
v
g
RSB
¥
El

D

B SRR

K7 ECPW-STFN [ 25454
Fig. 7 Network architecture of the ECPW-STFN

Z W B 25 B A M 4% MSNet  (multi-stream
spatiotemporal fusion network ) (Li%, 2021a) FHIX
P Transformer ] T 1% B & 1% STF, I 5 CNN 44
Ha BOBUIRL 24 . MSNet 3 52 CNN $i2 JOHL P15 0 20
P A5 B Isf ) A7 2 A 2 () 4875, JFF T Transformer
i it 5“7 > KL IERTAR v Jm 7 A 4 Jmy ik 8] A2 AR A5 2 1Y
KER, BRI TR S, A%
AL fiff 1 W e SRR e o XSS ) R, ULIRT 8 (a) o
BT Z I 2 A M 4E (EMSNet) (Li%E, 2022b)
BTGB R, BOH o 8 g ) el it
Transformer, JF&5 G KEPULTRAHE L 5 & 15
P, KR8 (b). H:T Swin Transformer [ B2 Fl&
77 7% SwinSTFM  (spatiotemporal fusion based swin

transformer) (Chen %5 , 2022) ffi JH ¥ > Swin
Transformer 73 51| Ab PR 25 (5 8., ad FS 47 2 1AL
il S B 5 A HL, IR AR B LE AL
L REAY | KRR 0 52 AR LM C R AR RE )
LK S (¢)o H:T L Transformer F1 CNN B2 9 B
B 25 @il A ) 2% MSFusion (multi—stage spatiotemporal
fusion based on texture Transformer and convolutional
neural network) (Yang %, 2022) % i1 Texture
Transformer P Transformer, 1751 FH 22 REERRE G
B, PR RN E SRR, WLES (d).
{H Transformer Z 0§ T 1% & KM% 4454y, HiTH
R, JRENTSE L T ORI I i £ [ B 25 il

A M 2% MLKNet (multi—stage spatiotemporal fusion
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network based on a large kernel attention ) (Jiang )
2024 ) $2 R R & 1 BUR Transformer, DL
U8 B B R R ) 4R 25 0 T R A R A,
K8 (e)o FET Z—F#h5 Transformer 25 F4) 1) B
25 il A 2 R STF-Trans  (two—stream spatiotemporal
fusion technique based on encoder—decoder Transformer

architecture) (Benzenati %, 2024) . STM-STFNet

Transformer4i i 2% ]

(Qianfff, 2024) ZE gt — A IEBH T Transformer 28
18 i 2 5 O vk T v IR A AR Y FR <) O T AY A
R

Transformer & 48 4 4 1 25 K061 5 4 Jm 5 B
B, EHARME AT R NAAE R EREITH. R
& SwinSTFM F| 1 7% A2 i 1 HL A R AR 1 & %
JE, AEATTENS 20 — 4k 45 6 5 2805 ) T I AL

o s

JE T BRI SR

LN
FFN

]
m@%;\maﬁ 25 g5 B ?ﬁ 8 B2 B3 A

kAR
. — EEE
' shabAE
(a) MSNet A9 Transformer 25 ¥4

(a) The Transformer architecture in MSNet

p—

J—»Z 5| X = -9 Y %
S = \‘q_’g Q 2>
= = | &
L 2
L g I
A
< d Z |l<«d >l Z |«
AE =X (2] [T
n

(¢) SwinSTFM ¥ Swin Transformer £ 4]
(¢) The Swin Transformer structure in

SwinSTFM

(d) MSFusion f1t] Texture Transformer Z5 ¥4
(d) The Texture Transformer structure in

MSFusion

denedi sl b
LN
MSA

(b) EMSNet i) Transformer 45 ¥4
(b) The Transformer structure in EMSNet

AR L
=
y
FFN

o)

() MLKNet ) RAZTE 4544
(e) The large kernel attention

structure in MLKNet

K8 T Transformer [ STF [ 2% 45 44

Fig. 8 Transformer—based network architecture for STF

2.2.3 GAN

mE2 (f) Fras, GAN A A (Generator,
G) 5H5%% (Discriminator, D) ZHi. A ali#sid
PEDRE Bt BIL R P RS O 2 FCREAS ) g 2 ] IX 70
HEASENMNEAR, ¢5DXYIIN, #idi/h—
BRIk . SHECnT .
min max B, [InD(x)]+ E,_,[In(1 - D(G(2)))]
(2)
A, xFORESREAR; p, NEIEE AT, 235
NIRRT B, p R SR A
GAN TE KA 58 58 F0 53 H 48 d dt Jy  UAs 1
G R, IR A6 ] T i S AR Y I S il

Gk (Xie 55, 2025) o 25 il 5 Az X470 0 2%
STFGAN (spatiotemporal fusion using a gan) (Zhang
85, 2021b) Jr Rk ARR T TR S B A AR O A
#4 SRGAN (super resolution gan) (Ledig %%, 2017)
AR B A SRR, I 28 B A D — Sl R
T SR figp 2R, SR P i 28] i ) 1T 9 B PRI i A=
XL 2% IFGAN  (two—stage framework with an end-
to—end image fusion gan), ZZfi# 1 HHEIE 50K 40 &1
BAEZS B 73 PR ERYE R ZEH, IFGAN M 45 2544
WLIEL9 (a) o 22 G Ak fl 73 A5 O HE I 45 MLFF-
GAN (multilevel feature fusion with gan) (Song %,
2022) K ZGURHE A & AGAER, A A S
NS H — 4k 5 A T E ) AdaIN-AM  (adaptive
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instance normalization and self-attention module)
MEEHA G, S TSR h 2R/ mxsry
SRR AT SR YRS O0AL . AdaIN-AM 28 £5 4 UL
K19 (b)o TR S0 AY ks B I 25 il 5 A NS
LM 4% HPLTS-GAN  (high—precision spatiotemporal
fusion generative adversarial network based on low
temporal sensitivity) (Lei%F, 2024) A fif P it ] 44
P, B T — R B NS ] 20 A A2 4 ASDT
(adaptive spatial distribution transformation) 5%t
M 3o 45 G R A3 P A TR Y 25 T 254 O 43 58 40 53 BE
REUR 25 — 8, ASDT MZE L5/ ILEL9 (c) .
07 25 A A R BT 0 2% 1) 2R3 2 28 R RN S
A 5% GAN=-STFM (flexible reference—insensitive
spatiotemporal fusion model using conditional
generative adversarial network) (Tan %%, 2022) ¥

Z% FMGAE N GAN R &5 A, 51 A S GAN
Al P — e R, R EFSER 25 % K

1

8 K7™ I ] — SOk AR, a9 (d) FTR .
MeAh, BT 2 R AR 2 ) Py i 25 @il 5
HE XTI 46 MCBAM-GAN  (the gan spatiotemporal
fusion model based on multiscale and convolutional
block attention module) (Liu%¥, 2023). HifEh £
JUJE B 25 fil 5 9 4% AMS-STF  (adaptive multiscale
network for spatiotemporal fusion) (Pan %%, 2023)
8538 3k 22 IRURE Re A1 4 JBORI T 22 7 L 3 58 bsf 2
fEZRIR, JF Mot A s 5 H s, 4R TS R X 28
7 I 1 3V E

S GANBEAE UM . BA ARSI AR,
T GE BT i AR, TERE R RR STF GUsis 11t
SRR . AANFEEI TS . 5 R AR
Pt Il AR X e 45 R DA R R IR R B0k
TR, WA BRRBUK . OG- B R

A BT DA AR 18 BRI 1) i/ 25 40— 3k .
F(fri)

A
WAL, or 1) [ Conv [OBN [dLeaky ReLU [ Dense Layer
(a) TFGAN 2% 254 e
(a) The network architecture of IFGAN L o
4&[‘_‘, ¢ T ; l
Conv Conv | GDecoder | |D-ResBlock|
P — N 7x7 7x7
F, i
Ay T’\ _____________ J ¢ v | GDecoder | |D-R6513100k|
sss | Sy Conv | |Conv | [ Conv 7
Fy '
4; @: I=] 1x] L | GDecoder | |D-ResBlock|
1

A | Feature

____________________

' o )

1

1

AS| Feature |
:3 ] i
R
A | Feature [

Attention Net|_|Attention

(Conv) Map

(b) AdaIN-AM [ 2% 25 ¥4
(b) The network architecture of AdaIN—AM

==

| Linear " Linear " Linear |

| GDecoder | |D-ResBlock|

ID-ResBlock

(¢) The network architecture

i e o
(d) GAN-STFM W28 4544
(b) The network architecture
of GAN-STFM

(¢) ASDT P £8 4514

of ASDT

K9 T GAN Y STF 25454
Fig. 9 GAN-based network architecture for STF

2.24 RNN

RNNGE i 1212 HL RS A R R ] 4
P, AL BRI E] | SCAS R 55 e 90 a2

I SO SRR A s ) 4] AR AR ) A B 6
AR IR EG R BT P SE S, XX STF HAY
EEME (Fung%, 2019), Fungd (2019) HIK
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£ STF Hiz I RNN, 421 T Hopfield #1229 2 i 25
B Fl A 889 HNN=SPOT  (hopfield neural network
spatiotemporal data fusion model ) o ‘&K 5 43 HE R 45
) ) s IMER R — P2 0T, T8 - A 20 14
18 B0 25 1) 40 79 FURL A5 A8 016 1% ey oz (L 647 45 o
HNN-SPOT Il /b 1 Xt Bcdls By 42 2% P i oK, ELXE
DA R B s[RI FN 25 [B] A8k . Yang % (2021) 2
TR GRS NS R A A, B4 6B PR
A 25 R 2% SRCNN (Super—Resolution Convolutional
Neural Network) FIH 471242 LSTM (Long Short—

LSTM#%: TSR,
ISR, FINISR,

.

SRCNNIUII%ME&%M

LN
SRCNN ~ —>

______

LST™M

() JRAS VR BEAIL [0 2 25y 1]

(a) The network architecture of Hybrid deep learning model

LSTM Il Z&Bi B
— .

Term Memory) 2% B 4255 UL I | 25 i O¢ 22
HEBL, AN 10 Bros o O IR R T LSTM Ok 42
SRCNN YR AE: 45 ry HAT B[] 49 Ao 22 A AR il B e 1]
HARREAE I 5 AR S AR T AL A AT A
B, PR ] S 2 B I AR O &R, e T
TR0 PR T B A 2 W Ak AR AR DT T A RE T o 6
L, JE T B ) 7 91 B B 2 il ) 4% TSSTEN
(Time—Series—based Spatiotemporal Fusion Network )
(Zhan %5, 2024) LA LSTM A g A B A ¢
, AR EG B s AR

>C,
> I

"

/AR
1
Iallalltarhllal

$) <

(b) LSTM [ £ 544 /<]
(b) The network architecture of LSTM

K10 RNN RIZ5E5 45
Fig. 10 Overview of the RNN architecture

2.2.5 ¥ HER

TE IR B T IR BE 22 2 () STF Jridirh, e
] A RVFDGIE AR, DR A2 5 T GAN
A 15 ()l T PO 2 AT I 2 1 R0 T
BEYE, AR ZOTE, R T T P s
T 2w Pk (Kawar 2, 2022; Rombach %%,
2022) . FHWTTERY], P HUBTALTE 1R K RIA STF
5 S TR . E 1 s, PR AL
PR RS ¢ (AR S /R T REEFTHE T 199 Hd
e, AT B INE) Hp, (LM, e
B M) PR, R, MRS
AR HAREME (Huang %, 2024) . i 72 ¢ K s
M RN WA I ) R R v, th . H R R
aiMgErs o b AR p, MIEMGR h B s, KE T

FEER . e A AR AR LA (3) A (4),
x,=Jax,+J1-a -e,e,~N(0,1) (3)

x-S @ 6w Co)
xrfl:«/ar—] +

(63

U=a e xFoF, Cou) (4)
X, FONSH R R BRI, C, o B
FIR R IR E R, F, o WIS R, o b T
BG R IRICME A RS, x, o6 B R 5
e, AR, RIS, @ R R AL,
SEVABE DT IR AT P B B3R IZE A
B TR AF T HORE 28 1 I 5 il 45 B8R DiffSTF
(spatiotemporal fusion method based on the conditional

diffusion model) (MaZ¢, 2024) B IR¥ &MY 8L
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B F 12 R EML STF, P8O Al B an i 11
JiR o &R 2 2% H 9 4 & A Tl H
R EUSRAE B, ) RO L 25 e 25
PEAT AR, e AR R AR A IE B . S — A
Ik BF 25 Wl & 97 BB 7 STFDIff  (Spatio—
Temporal Fusion method with Diffusion models) (Huang
GE, 2024), HEHGEHRAY B, AR N
12 s . § G B, i R v, B
IR s Rt AR 3l O g — AR A A
DS-Unet K FMIME  fef, ik RS EUE ik
L BRME R, Az gz [R5 5 40 R AR, B ]
S S BAR IR RS B

=

: q(xfx.,)
Xo: F, X X, Xr

11 DiffSTF P25 i
Fig. 11 Network architecture of the DiffSTF

M 7 15

gk,

€l 12 STFDIFF [ 45 i e
Fig. 12 Network architecture of the STFDIFF

SRR YRR T 9 A R RE D B0 L IR AR AE
HAEE . R0 LRSS, HoufR
UESCTENG BE B e — Bk, 7 7R R s R s
A AN I A Y RS2 o, TR R AR B R
EIZBEN, PR IR

3 BRI R bR

3.1 HE&ENA

ARSCLE T 74 T3 B RGN 25 fl 5 10 ah
£, ¥ CIA (Emelyanova 45 2013) . LGC
(Emelyanova%, 2013). AHB (Li%, 2020a). TJ
(Li %, 2020a) . DX (Li %, 2020a) FI WH
(Zhang 55, 2024b) 36 MAFFEHEAE LI S A il iy
SW AR 4, AHOCE R ML 3 FiaR, Hr, CIAF
LGC B iz F T I [8] 7 51 1 AT 58 . AHB ., TJ Al
DX Al STF JriETER I AR AT | 1l DX X ) fige 28
&, 3l DX A 28 A B - M A i A8 A AT 55 rh Y HE
PESEAEIEUE . WH R E STF R T =23 A 4L
P HEE A P B Y SW AR AR A AR Lk
. A SRR FUK RS ZRRIE, B TERTSE ST
BAAEA ) TR R sl T, RIRR G Jr ik
XA [ Stk U5 ) 3 PR R A TR B . e, AR TC
W bR EIE A R SO IR AR 1 7 4 AR WO bl 7
7 VR EE (R4),

3.2 iEMERR

% Zha 55 (2022) $EHAY “GiE—2s B X4k
FE” PEREVEAG AR, A BUOGE — Btk S A [ 4
MR EAE, ORPERETEAG I RGEE SR A, A
SCRGEEE IR T A 7k R T STF TG T8 45
43 ) A2 (i) 5 ¥ 2k B R 1 — SobE 4 B R AT A 40
W5 R

#*3 EREGSTFHIES

Table 3 Datasets for STF of remote sensing images

el e R R[] 25 2 B s ARl eI
CIA 1720 pixelsx2040 pixels 2y 14F Landsat-MODIS YWy Wyt Tl 22 4k
LGC 3200 pixelsx2720 pixels 2 14F Landsat—-MODIS A (UkK)
AHB 2480 pixelsx2800 pixels 2 54F Landsat—-MODIS A X 1L X sk
TJ 2100 pixelsx1970 pixels 21 64F Landsat—-MODIS I X YA Ak,
DX 1640 pixelsx1640 pixels 21 64F Landsat—-MODIS B AR
WH 1000 pixelsx1000 pixels 274 GF-Landsat IlTlT A e Al
SW 1792 pixelsx1280 pixels Y1 34F GF-MODIS - H A AN 522k




FLAER 4 LT VRIS 3 (0 S U R (R 25

(SR S RRZ 3N 1555

&4 STFFHAE
Table 4 Open resources for STF

K 27
CIA hitp : //dx.doi.org/10.4225/08/5111ACOBF1229
LGC http : //dx.doi.org/10.4225/08/5111 AD2B7FEEG6
Hetisl AP |
TJ https : //pan.baidu.com/s/lymgud6tn Y 6XB5CTCXPUfnw
DX
WH hitps : //github.com/lixinghua5540/Wuhan-dataset
DCSTFN https : //github.com/theonegis/rs—data~fusion
EDCSTEN hitps : //github.com/theonegis/edcstfn
SwinSTFM https : //github.com/microsoft/Swin—Transformer
WZRES GAN-STFM https : //github.com/theonegis/ganstfm
MLFF-GAN hitps : //github.com/songbingze/MLFF~GAN
STFDiff https : //github.com/prowDIY/STF
ECPW-STFN https : //github.com/lixinghua5540/ECPW-STFN

x5 STFiEfIER
Table 5 STF evaluation indexes
(2u, e, + ¢, )(207U +¢,)
(W2 +ul +e )0l + 0] +0c,)

ii( (i.j) M)( (i j)—n,)

i—1j-

SSIM SSIM =

o ee s [ & & 2 ?
il D (i) =) (3 (i) - )
Zﬁﬁd \/f,—lj—l
Edge EdgeZ‘xlv/—x,H'jH +|9'l,,+1_y5+1,,
LBP = decimal(d,d,, **+, dy)
LBP - {1 wmH D, > D,
“lo, Mt
‘f oW 2
RMSE | 2200 +(09)
RMSE = | X
- d'
e SAM Dyyu(x) = cos™ S
i (aa)2(x"x)?
#ﬂﬁ H W
AD 2 2 (i:]) = x(irj))
ER- o [l & RMSE(B,)
OAS ERGAS = 100 W; (k)

Wy (i) Mla(i,j) 5 MR ENLE () b S5 BUG A G &
PG RZAE, H AW 53 53R SR S FI9E o, o, M, o, T390 3R
RS FRG EUR I BHE AT 2, 0, R D5 2%, u FR E
AT, x T d 5353 3R A PR 2 2% PR GG 1 4k, A RITL
A3 RN A GO 225 R 45 ) 43 30, N 2R 015 D B Bk
RN A BRG], B, TR 2GS RS w (k) Fom 2 H6E A
(SRR A, D, FRTE 3x3 B 8 i 1 P Bl Zeh R R AR &R
8,D, R EE.

23 [ S5 AL A8 BE T T PPAG Rl R 1R 0 25 TR 251
or B Gk B, B A5 A AR L PE SSIM

N2 % 2% 5 Edge (Robert’s
75 8] #H & & L CC  (spatial Correlation
Coefficient) 5 J& &% — {H # = LBP (Local Binary
Pattern)o ik ﬁééﬁrﬁﬁﬂ:@IimiAﬁ/@fﬁ'ﬁ

TR . RATRE I S R IE 5T T S 2 5 AR
—HME, WS igjf*ﬁlﬂi% RMSE (Root Mean
Square Error) . “F3J1272 AD (Average Difference) .
oG 1% Ff AH AL B SAM (Spectral Angle Mapper) 5 4=
Jay A1 X 6 3% 51 28 ERGAS  (Erreur Relative Globale
Adimensionnelle de Synthese )

SSIM (Wang %5, 2004) FF AR RGN
SEMRURRR R, IS SRR X LR S A5 DR
VEAG R S A AR , 5z Bl 000 R 5% ) S Joie
o CC (Yang4§, 2022) ik — s (A 401 —
vk, JE v O I R I R AR DR R4S B
AHOCHE, LAZ i 2s (i) 25 AR LR . Edge (Zhu 5%,
2022) MBS S % RN SGEH ENER,
VAL 25 (B 45 K RN A0 15 B PR 45 RE ST . LBP (Zhu 5%,
2022) RSO —BoME, S mas a) S0 AR
TERIAR{LEE . RMSE A 8 Z MR R 2, K’
P4 bR 2. SAM (Yuhas 5%, 1992) lif )
R AR k. AD (Zhu 5%, 2022)
iy B 5 22 AR R BDGG WA E, (A
FYiME 2 . ERGAS (Renza %%, 2013) i i i i
BRI R A1 ok AR EE , & e 5 22 5% o

FRAEIE L T, Edge. LBP., RMSE, SAM. AD fll
ERGAS BIIRAAEH 0, i SSIM A1 CC B R ARAEH 1.

(structural similarity) |

edge) .
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4 SR

ARSI FSDAF, EDCSTFN, ECPW-STFN
SwinSTFM . MLKNet, MLFF-GAN I STFDiff {
FEYERIARL, SR RMSE, SAM, SSIM. ERGAS #il
CCHE RWIPALFEARIF, 76 CIA. DX F1SW di 4
AR LA T, Hh FSDAF, EDCSTFN, MLKNet,
MLFF-GAN FI STFDiff & =% AL, SwinSTFM
ECPW-STFN Jh — i ARLEL , #4h, EDCSTFN 5
ECPW-STFN, MLKNet 5 SwinSTFM 43 5] J& T[] 2%
TR DLAE A R0OW S AN [) I 265 45 1 T AN Tm) i A
ZH A X R AR B

41 EEHH

6 NI HTE CIA. DX HISW | & 545
W EINEIRET, BRI RRE, HfES

[ 45K PRFF T THAE T 2, HAEI R 221 DX 4L
PEE P HUS TR RO o B B0 AU 7E 45 3548 b
AR T RS R PR AR, (HA AT Ok T 23
HA, WO TP E A, AERRIEE 420 DX R SW
R rh, A e GAN R B AU 35 US4 A 1)
GEU = AR P ) MUK Net 7645 77 00T —
iy AR ) SwinSTFM, 31X 3 B 45 35 T 9 2 (1%
AT DL 0T 22 (%) Bf {7 2RI I 25 2 3, fifi Y
FE 545 I 22 )RR AE 43T A SE S0 AR, DA B 4
A HE B AR s A8k, 2R etk 5T
e SRS . 7 R AR B R  BET
BHETR Y ECPW-STFN 7E 2 345 br rh HUS T RAE
ROCR, B T MR AR R AT I A RS A A
P BeAh, SR B ER I MLFF-GAN B LS T
IR EE R, Ak TR G,

*6 STFEENLRER
Table 6 Quantitative comparisons on STF results
ik iz . _
FSDAF EDCSTFN ECPW-STFN  MLFF-GAN MLKNet SwinSTFM STFDiff
Param (M)/Flops(G) —/— 0.19/24.39 4.39/30.55 33.84/39.87 43.77/83.84 37.53/28.08 33.18/209.78
RMSE | 0.0210 0.0242 0.0203 0.0193 0.0186 0.0189 0.0180
SAM | 0.0645 0.0668 0.0615 0.0583 0.0549 0.0567 0.0584
CIA SSIM 1 0.9011 0.9029 0.9135 0.9153 0.9213 0.9116 0.9165
ERGAS | 1.1571 1.4565 1.1060 1.0412 1.0195 1.0432 1.0229
cct 0.8637 0.8048 0.8711 0.8860 0.8894 0.8809 0.8955
RMSE | 0.0299 0.0297 0.0297 0.0282 0.0293 0.0285 0.0272
SAM | 0.0673 0.0676 0.0679 0.0610 0.0654 0.0668 0.0657
DX SSIM 1 0.8402 0.8602 0.8541 0.8431 0.8365 0.8369 0.8444
ERGAS | 1.3199 1.4136 1.2744 1.2483 1.2081 1.2720 1.2220
cct 0.8591 0.8472 0.8628 0.8670 0.8531 0.8568 0.8733
RMSE | 0.0690 0.0451 0.0367 0.0311 0.0335 0.0355 0.0280
SAM | 0.1657 0.1194 0.1179 0.0863 0.1089 0.1324 0.0997
SW SSIM 1 0.6985 0.7904 0.7901 0.8282 0.8056 0.7703 0.7951
ERGAS | 5.0529 2.9748 2.7918 1.9779 2.4632 2.7203 1.8869
cct 0.8847 0.8910 0.9205 0.9177 0.8963 0.8973 0.9346

0 HIARRIR RS R, TR IR RIS FE s Param (M)F5 19JE S 80 (Parameters , B0 M=Million) , 7R 581 v 0] 2% 3] 8000 U 5 Flops
(G) R Wy 7 S 42 59 [ Floating Point Operations , By G=Giga(107) ], F&7~ A5 i ) #ff BT 22 A0 7159 0 s 1) D8 Sk (REBFRAR AR, 1) 445

S RFARTR BN o

42 TEMESH

hE MR 4 TR AL S, AR SO il 4G
PEAT AT Ak, I X ey 3 X SR AT R AR B, DL
MR R A S R E R, mE 13, E 145
K15 iR o

K13 JE7R T CIA Bl S A nT AL AR, 25 151
S ELSEH WL EIR . CTA Eiodha B R oy IX Sl Ak
SR, WIWSEMT, 5217 s TR D5
VERG M B EAR LA EDULRS L2 8] 40 5 F 20
R BRGSOl . 26 34T MIRCEIA, e T IE 405k
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W BE M5 B B I DR B (0 G T AR A . A
MR, B8IrEMBUs TR EE R . filindE
X, EDCSTFN, SwinSTFM F1 ECPW-STFN fi
AEE RN, {2 ECPW-STFN ;T EDCSTFN;
gk o X 3 f, FSDAF, MLFF-GAN., MLKNet
STFDiff il 5 45 AR, SCHESE Ay b, o 9230 I
SLRA%, {H FSDAF XL 40 4 i Be s B AR AN 2
5K E M 25, MLKNet. STFDiff 55423

PURIITAEA FSDAF /&

LFF-GANE#%  MLKNet&{%

LIS o Xk — B, = AR kT DR
EMGE Z R IR AN, AR BT
ATJ7 i, TRt 56 F 7 e A ek A A A s
1M ECPW—STFN F1 SwinSTFM #H Fb, 77 1E 121 S A A
()R, 32 R T VR B ML AT LUK 42 SR R AR
788, 1 ECPW-STFN J7 i, K2R 4R e
Ik

SwinSTFME%  STFDIiffEl%
= L o 5, e

s - e,

Fig. 13 Visualization comparison results on CIA dataset

15 FSDAFE{§

EDCSTFNE& ECPW-STFNE{E MLFF-GANEZ  MLKNetE4

K14 DX EfidE nT il Ae4s

winSTFME{%  STFDIiffi&1%

Fig. 14  Visualization comparison results on DX dataset

K14, BI15 JBR T 4 5 E7E DX SW AR 4R
ERIREE SR . DX B IR 50 3,

B S AR DL, a0 IET 14 B EAELL TR
T A . SW OB AR R LIB . AEH
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D/ SO oY =i e ub: R DR e b L I s [ SR N
WRBRAKTE , LG ITEFY WO R G 1 5L
FRYESR, HMBRE RS OREL T LIE T, &
A S IEAR AR IR IR R HSGEAR . Ho,
T T LR B0 Rl 4 2R S 3 S L [
18, X ULHTXT 4 SR R AR A R RE ) 5 Rl TR

FSDAFE

EDC
rl 2% \

L

.

STFNE#% ECPW-STFNE/{& MLFF
el N\, 1D o \

PIAH G . (AR R, DXEUE 42 A s AR ik T
I Z%, TR RFAEAN T ME LRI, SO E R
PR T CIABESE . JFH., SWHUEE R RIESE B
k2, HoRERER, SINEEZEE
£ FRRBIY AR

SwinSTFME&

-GANE% ) MLKNet &%

STF
g %, SR

DifflE{%

K15 SW R g nT P fE s SR

Fig. 15 Visualization comparison results on SW dataset

5 45 iE

RICEFTNAT SFMEGSTF ik, JFHMN T
& B BRI B S . R, X T IR A S Y
HIVT STF b AT T AP b B, SESAT
BRTE W R A, S T AR S Rl A AT
55 R, X B A R AT T R B 5
PORAE T B, R, 73U LR
FEA 2 ik AT TXT LSS, 438 1 45 ik m
PR E, IFEXT ST ARS8 Bt T T SR ok A i
R R,

(1) T4l 34 50 () STF J5 ¥ . ECPW-STFN
UE A T 6525 18] A% 28 R fE 3 400 21 3 R I 0R 45 STF 1Y
AR . 7R E R A R AR Y 43 0 Ak
B, el R R BRI R TR SR
(TIPS = N 1PN 2 R d B e S K Lk A 4RI
T Sy E AR 4y HeoR SR Ak N iz, (A AR
JEEEIME STF G o, R 2D o AR AMFFE T LA TENS:

235 [ B AR R BT A B, 456 AL, 2
PARURIIEYE

(2) Mamba M 2 5] A 5 & it & T
Transformer (1438 & K5 STF J5 15 FEAR FXH B F 1)
AEERRE Ty, TEVE 25Dy kT BUS T L S A R
EF B BN T 4, FE R,
Mamba [ %2 R Y 02 #F 1 28 R0 iy 4 Ji . H:
TEAR LA B[] e 91 R BRI RS 2s ), AE1E X
o N X A Rl B = | I I P2 A B | S =
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Abstract: With the continuous advancement of sensor technology and earth observation capabilities, remote sensing data have become a
fundamental information resource supporting scientific research and socioeconomic development, and the demand for high-spatiotemporal-
resolution remote sensing imagery has become increasingly urgent. However, constrained by the inherent trade-off between scanning swath
width and pixel size, a single satellite sensor can hardly obtain remote imagery with high spatial and temporal resolutions simultaneously.
This limitation creates a dilemma in earth observation tasks—such as vegetation phenology monitoring, crop growth monitoring, disaster
assessment, urban planning, water quality monitoring, and land cover change detection—where data often offer “high timeliness but lack of
detail” or “high precision but lack of continuity.” Consequently, this constraint significantly limits the application potential of remote
sensing imagery.

Spatiotemporal fusion of multisource remote sensing imagery offers a viable solution by integrating data from different sensors. By
blending high-spatial/low-temporal resolution images with low-spatial/high-temporal ones, this approach mitigates the uncertainty and
incompleteness inherent in a single data source. The resulting fused imagery achieves high spatial and temporal resolutions simultaneously.
This approach effectively alleviates the trade-off between spatial and temporal resolutions in a single satellite sensor. It also meets the
practical demand for remote sensing data with high spatial and temporal resolutions.

However, owing to the gap between physical models and real-world conditions, unreasonable prior assumptions, and reliance on
handcrafted features, traditional fusion methods still suffer from limited performance when handling highly nonlinear relationships or large-
scale multisource data. Some methods also perform poorly in heterogeneous regions and struggle to effectively fuse multisource remote
sensing data across spatiotemporal scales. The emergence of deep learning has introduced advanced spatiotemporal fusion techniques, such
as convolutional neural networks and diffusion models. These approaches offer strong representation learning capability, high adaptability,
and end-to-end modeling advantages. They can effectively extract multisource spatiotemporal features and provide a new paradigm for
spatiotemporal fusion.

To keep pace with recent advances in this field, this study provides an in-depth analysis of deep learning-based multisource remote
sensing image spatiotemporal fusion methods in accordance with their underlying principles and characteristics. These methods are
categorized into five major classifications, namely, convolutional neural networks, transformers, generative adversarial networks, recurrent
neural networks, and diffusion models. Subsequently, commonly used open-source datasets, deep learning algorithms, and performance
evaluation metrics for remote sensing image spatiotemporal fusion are summarized and introduced. Curated links to datasets and model
codes are also provided to support future research in this field.

In this study, state-of-the-art methods, including traditional and deep learning-based approaches, are selected for quantitative and
qualitative evaluations across the CIA, DX, and SW datasets. The spatiotemporal fusion algorithms are validated, and a comparative analysis
of their respective strengths and limitations is conducted on the basis of the fusion results. Finally, the development of various types of
spatiotemporal fusion algorithms and the results of experimental analyses are synthesized to summarize the main challenges faced in the
field of spatiotemporal fusion of remotely sensed images at the present stage and the potential future development directions.

Key words: spatiotemporal fusion, multi-source remote sensing images, deep learning, algorithmic principles, technique classification,
datasets
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