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WTCEAE S, BATRL G SR . X T X,
T Sk T UG G R R B 9 PCNN A AL (Blasch,
1999) 155 B LD A K UBO S I AT R . A
KR BCRT g e G e REAIE 1) 8 B s K IR B
M, WEE. R R L XHEE N PCNN M 4%
MR Do TEAQRECH NI, S 2 ECH,
FIH ;P X0 AR A KRB Ty LN TR Ty F LN TAT
PR 4 PCNN BLBUKf# (Jiao Il Wu, 2019), HRIK
BAREE AF BT KA & R BRI T (n) = T(n -
1)+ Y(n) 3. mliaa A9k

M=1

Hi, M=0,w,,=0
i M:OMAB:g’T;:fU[N 1= Tf“y[N]

Bl wx H A+ (1=w)x HYE M=0,1<w,,<7

HY, M=0,0,=8,T/ [NI<TH,[N]
(22)

e, HE SRS LR Ry T LA R R R
(i, ) WEENE, M EEL, 1Z36x,
ORRNTET o wh LA AL FRE . RS
A (22), =R FO BTSN Fak

(1) R ERBEPEX (M=1), W1, /& 5EE
AETEREA s O 0SS B i S

(2) MRERELEX (M=0), HUCH M P w,,=
0, VELHAPrIG 2 SO S, R S albs, 15
VeI, o

(3) MR RTL =X (M=0), HUCHEMEE w,,=
8, UEHIZAR K SN KIS, 1, B R AR AE AT L
5 SRR Lo B 0 HE O DL K VR
TELINTRT, N, FI s R, &
TEEINT> TEAINT, MBEPETE L[N 7500 47
Ty !N e

MR EL XS (M=0), H1<w,<7, A
Sy SR XS 2, S0 E A X R E

AR, T BT AL A SR A 1, B SRR A
1A, W25 R AR RIPE SSIM A M AUE

3.5 MKEE

AR SCBERY AR B A% I A0 % bR B 32 AL GAN i

P FTER N O o T 2R R RS

LSGAN (Mao %, 2017) MM #E7r—3F . GAN

P B LSGAN I e/ N e R I L, (6G) o EIR

WE R LR £, ISR £, S5t

R L e IR EEIIR L FN25 IR IR L S
AR . Fmh

Lo=alow(G)+BL, + YL +

8L e + €(Lo + L) (23)

L,=Lew(D) (24)

Kp, Lo L, 3R A LA S oR BRI B 2545 2

PREL. Loa (G) 2 LSGAN BRI A 25 (1) e /N Fe bt

BT, MM Lo (D) LSGAN H) 51 #8 () 451 2% o8 %,

= (25) A1 (26). a. B. y. 8. e WILEHREL

Lonl6)= 3 Ey o J(DG(F,.C.C).C) = 1] (25)
Lon(D) =5 By [(D(F,C)) = 1]+
1 (26)
EEF,*,C,*C, [(D(G(Ft*’cz*vcr )’Cr ))2]

L, T4 2 3000 P 45 A 5 MR A (] — o7
MR RE 2, DM EMEZL, MR
2 (MSE) #oi, Wik (27). L. AT A
B E B EURZ RIS R B, lDEiEMA  (SAM)
KHWIEIE I B, W= (28) 0 L H TR
WG ZE R an -y, it 2 REESS AU (MS-
SSIM) (Wang 4§, 2003) Kit5, an=t (29). ifi
Lo L g D)2 308 5 1 0000 PR 450R B 5 R 2 T )
Y- A A8 JEE AR A TR 4 R el ) T A 104 175 A R 4 2K
PLPUS B R, =l (30)—(31).

1 &
L=N;urnr (27)
X XY
Lo =1 - (28)
e IX Y|

Lo = 1= 1L V) P x Tl (6D PLs (X1 T
29)

(30)

1 &
’C(? = NZ‘

k=1

Cx,‘ - éyk .

Ly = % 2“ SF, = SF, | 31
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S, NSRBI XY 45 B R
WP 1 1B, MR RER. L. ¢ s,
Y IE SR AN R T RGO 926 . % L BE A4 4
HAL. . By v, WHEIAE . C,, C, % XAl
YT EI BRI L SF,, SF, W45 X R Y (%5 1]

N1 24
4 3L W

4.1 WFRXEBFEIEE

A5G K H Coleambaly JEEIX. (CIA) F Lower
Gwydir Catchment (LGC) (Emelyanova %5, 2013)
DL BT R R I AR X (AHB)  (Li %, 2020a)
3R AR R A 1 R

CIA i F 8 K A W B gk /R £ Mg
(34.0034°E, 145.0675°S), J& T HACILIE R R 4%
KRG X . HAEVEY A K T R N A B
FEEFEWWEA . H 17 4 2001 4F—2002 4F (1)
Landsat-MODIS X 2H 5, dGi g 6. E%
(23 [E] 28R 25 m, K/ R 2040%1720,

LGC DX 3 A 8 R 1 W7 BT gl 2K = N A
(149.2815°E, 29.0855°S), Hi 14X} 2004 44 H &
2005 4F 4 A ) Landsat—-MODIS G X 4H R, =78 55
BIUNF10%, Seiis 8k 6. BURIZS B9 3R H
25m, K/NA2720%3200, M FABKEL, ZIX
SR G ) L 7 SRR RAR

AHB X547 T B N 528 B IR X BRI 0 i
(106.3771°E, 38.9868°N), J& T H [E A Jb&#B A4 44
X, kB KRS FEIE s gk . AHB 0l 4
£, 25 27 XF 4k JE ol 6x2480%2800 1Y J& = Landsat—
MODIS E 14, Bfa Bk 2013455 A 30 H 3] 2018 4F
12H 6 H., Kik5SHFMEHEE, ff AHBEEA
B RENYEAR, %X R R R .

42 FWHEE

A S 3 3 #4352 56 5 IE STF-GAN_NSST 1)
PEfiE. B, #F STF-GAN_NSST 5 LA Y 6 Ff fil
G EHATXI I, UEIIA ORI A R . X LT
¥ ¥E 40 4% STARFM ., FSDAF. EDCSTFN, MLFF-
GAN. GAN-STFM F1 SwinSTFM, H¥k, X T$zs
TR AR I — S SC B A T IH AL SE 50, RN E
ISR Tk . foe, THE T RE 1730

ROTAE LR, T EAR PRI AR

A4S . STARFM, FSDAF, EDCSTFN, MLFF-
GAN. SwinSTFM HI STF-GAN_NSST % 75 % & /1>
— I T H A S B RO — X 2% H
L —40 EE S E RS A . 1 GAN-STFM #5254 iy T
S AR, HU BN B 20 A0 43 R R R
1 25 200K 9t S AE i A BP AT o BR T GAN-
STFM #, oA ASE A HR L SR S5 5 2] 5 S0 s 221 )z
ST REARIT o ARSI 3 HH A A 40 B U1 2 4 AN
AL . KT CIA, YIZRAERT H I2H 2001 4F 10 H 2
200242 7, 124 EGRA . RS 2002473 H
5 HM3ANEZRA . T LGC, YIZSE N H HTE
2004 4F 4 H & 12 H ZEE 5 A~ EHR4L, KR
200541 H &4 A3 KR4 . X T AHB, BRH
170 2018 4111 6 X 54 FHVE MK A1, HAh ks
ARG . MRS SRS 5%

BEAVN A, BT IHEILNAE R NA IR, i
NG 25938 830 1 256%256 K /N EILH G %A
BEAY S X T2 LA 19 47 S HORN gt B 1 38 1
By E 16, 32, 64, 128, 128, 64, 32,
160 XFFHIBIE, AR e EAS . T
ZHEL 3 B 2R AR R LSRRG A 0 R M i
g O—1 (HERE, (BT 1, EHRBGEE . GAN-
STFM. MLFF-GAN [ %] i %7 > F B 8 hy 2107,
ifii EDCSTFN 1 SwinSTFM W % & &y 1x10°, 454>
epoch BHL K /NG & R 16, B2 200 4 epochs .
PR R (23) PR IA AR E N : a=
0.01, B=y=8=e=1. FLRIZHn] M4 Ol E 17
R o AN LR RUAS SOy R i Python 1
F1 PyTorch HEZRSZH, FH-f F GPU #4711 4% . HAK
R,

1 TRKE IR

Table 1 Experiment with software and hardware

environments
T A
RAM 128G Python 3.6
CPU  Intel Xeon Gold 6154 (21) CUDA 11.0
GPU TITAN V 12G (28¢) PyTorch 1.7.1

43 FLWHERSHH

4.3.1 FiEIER
SCYRVERE T 6 Fh BLAY A FE BRG4GBl A BE
AR IR 2% (RMSE) . 45 #4 48 ol 1 48 %1
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(SSIM) (Wang %5, 2004) . JGiMmest (SAM) .
YRR (MAE) . FHOCREL (CC) FIAEXTE
N RR2Z (ERGAS) (Khan%g, 2009).
Horr, RMSE Fl MAE 4351 FH iy £ 552 5 7
T PG 2 T X5 i 22 M3 46 X iR 22, (DN,
PR R il SSIM A CC 4390 TR 8 10 435
P ARV R (AL, IUEH 0 &1, fEBEKR,
T EUGERARRL. SAM T IPAL OGSk FLEE
BB/, SRS AU 8% . ERGAS HIRERG VAl

ARG R, (N, REER R RS, 1
BT v
4.3.2 XtEEsLEG

$4 A SC BT STF-GAN_NSST Fl 6 it % 450 122
7E CIA. LGC Al AHB % #s 45 bR IF i, @i
e AR A R S UL BT PR T X il 2 SR AT VA
R OTE A, A X LS5 2 R O AR A R
Z%, W2, £3MFE4, GAN-STFM X T &%
H AR OR RAG Y, A2 MEMS% H 2R,

x2 M CIABESHELTNER

Table 2 Quantitative evaluation results for the CIA dataset

Prediction date (Reference date) Model MAE RMSE SAM SSIM CC ERGAS
STARFM 0.0221 0.0347 0.2011 0.8332 0.8480 2.0130
FSDAF 0.0198 0.0324 0.1874 0.8669 0.8657 1.8351
EDCSTFN 0.0195 0.0293 0.1882 0.9023 0.9146 1.8862
Apr 01,2002 (Mar 16,2002) MLFF-GAN 0.0187 0.0288 0.1654 0.9445 0.9555 1.6243
GAN-STFM 0.0250 0.0401 0.2044 0.9237 0.9289 1.7583
SwinSTFM 0.0176 0.0255 0.1697 0.9488 0.9500 1.6600
Ours 0.0168 0.0225 0.1556 0.9601 0.9699 1.4988
STARFM 0.0353 0.0422 0.1898 0.8504 0.8499 1.9560
FSDAF 0.0296 0.0378 0.1977 0.9072 0.9176 1.6436
EDCSTFN 0.0285 0.0366 0.2102 0.9415 0.9305 1.5869
Apr 17,2002 (Apr 10,2002) MLFF-GAN 0.0179 0.0245 0.1659 0.9436 0.9499 1.2877
GAN-STFM 0.0324 0.0401 0.2117 0.9317 0.9387 1.4212
SwinSTFM 0.0209 0.0269 0.1702 0.9381 0.9401 1.3546
Ours 0.0182 0.0257 0.1546 0.9553 0.9613 1.2810
STARFM 0.0364 0.0524 0.2110 0.7861 0.8011 24211
FSDAF 0.0321 0.0485 0.1844 0.8596 0.8657 2.2167
EDCSTFN 0.0279 0.0427 0.1906 0.8625 0.8660 2.2020
May 03,2002 (Apr 26,2002) MLFF-GAN 0.0266 0.0396 0.1523 0.8824 0.9024 1.8574
GAN-STFM 0.0275 0.0420 0.2239 0.8669 0.8713 1.9362
SwinSTFM 0.0264 0.0374 0.1726 0.8433 0.8523 1.8664
Ours 0.0258 0.0325 0.1510 0.9160 0.9202 1.8559

TE: HUARFOR RO L, R R R FR AR

®3 W LGCHEEMENTMHER
Table 3 Quantitative evaluation results for the LGC dataset
Prediction date (Reference date) Model MAE RMSE SAM SSIM CcC ERGAS
STARFM 0.0376 0.0448 0.6377 0.8849 0.8911 1.3033
FSDAF 0.0351 0.0403 0.4309 0.8954 0.9019 1.2987
EDCSTEFN 0.0204 0.0257 0.4296 0.9013 0.9135 1.2860
Jan 29,2005 -

(Jan 13.2005) MLFF-GAN 0.0168 0.0243 0.3976 0.9523 0.9441 1.0745
GAN-STFM 0.0192 0.0265 0.3618 0.9344 0.9527 1.0874
SwinSTFM 0.0165 0.0176 0.3445 0.9619 0.9597 0.8429
Ours 0.0142 0.0168 0.2811 0.9679 0.9658 0.7318
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S
Prediction date (Reference date) Model MAE RMSE SAM SSIM CcC ERGAS
STARFM 0.0223 0.0311 0.4028 0.9215 0.9189 3.7110
FSDAF 0.0159 0.0225 0.3792 0.9387 0.9401 2.4381
EDCSTFN 0.0160 0.0258 0.2989 0.9335 0.9469 1.3126
Mar 02,2005 (Feb 14,2005) MLFF-GAN 0.0116 0.0175 0.3212 0.9579 0.9658 0.8982
GAN-STFM 0.0140 0.0210 0.3458 0.9216 0.9347 1.1456
SwinSTFM 0.0100 0.0109 0.3125 0.9575 0.9622 0.7351
Ours 0.0124 0.0135 0.2917 0.9622 0.9751 0.5116
STARFM 0.0184 0.0251 0.3967 0.9237 0.9288 2.3574
FSDAF 0.0197 0.0304 0.4336 0.9197 0.9206 2.6861
EDCSTFN 0.0179 0.0233 0.5671 0.8975 0.9144 1.2475
Apr 03,2005 (Mar 02,2005) MLFF-GAN 0.0159 0.0197 0.2866 0.9316 0.9471 1.0985
GAN-STFM 0.0168 0.0228 0.3911 0.9298 0.9366 1.3143
SwinSTFM 0.0124 0.0195 0.3725 0.9513 0.9490 0.8732
Ours 0.0105 0.0116 0.1906 0.9677 0.9712 0.7434
T HARFR AU R, FRIK R R KR
=4 FHITAHBHBEEHNEW THER
Table 4 Quantitative evaluation results for the AHB dataset

Prediction date (Reference date) Model MAE RMSE SAM SSIM CC ERGAS
STARFM 0.3002 0.3521 0.4730 0.7266 0.6537 5.6971
FSDAF 0.1958 0.2222 0.4818 0.7515 0.7756 5.3931
EDCSTEFN 0.1989 0.2547 0.6002 0.6834 0.5719 4.7692
Feh 05,2018 MLFF-GAN 0.1297 0.1688 03971 0.8784 0.8616 3.6995
(Jan 04,2018) S e [USEXES U.6/0% 0.5616 3.6995
GAN-STFM 0.1534 0.1766 0.4679 0.8357 0.7548 3.9816
SwinSTFM 0.1652 0.1985 0.4121 0.7966 0.8006 4.2767
Ours 0.0975 0.1133 0.2501 0.8848 0.9145 2.7626
STARFM 0.2976 0.3257 0.5068 0.7641 0.8024 4.5460
FSDAF 0.1667 0.1879 0.4871 0.7828 0.8545 4.6129
EDCSTEFN 0.1478 0.1546 0.5311 0.6467 0.7117 3.2276

May 12,2018
(Mar 25.2018) MLFF-GAN 0.0876 0.0921 0.2810 0.8727 0.6851 3.1604
GAN-STFM 0.1034 0.1306 0.4025 0.8566 0.7954 2.6532
SwinSTFM 0.0745 0.0817 0.3856 0.8053 0.8257 1.9439
Ours 0.0418 0.0594 0.2433 0.8579 0.8653 1.5796
STARFM 0.2553 0.2865 0.5440 0.8170 0.7756 4.2014
FSDAF 0.1846 0.2047 0.5090 0.8287 0.8340 4.1456
EDCSTFN 0.1475 0.1537 0.6011 0.7829 0.6536 7.2095

Dec 06,2018
(0ct 19.2018) MLFF-GAN 0.1233 0.1469 0.3940 0.8731 0.7954 2.9578
GAN-STFM 0.0877 0.1064 0.4762 0.8322 0.8437 4.7692
SwinSTFM 0.0854 0.0936 0.4165 0.8459 0.8566 3.5324
Ours 0.0679 0.0721 0.2678 0.8945 0.9025 2.0469

T MRS O, T R 2m A JE

22, RIMFAHERT £ ELECIA, BIEEN A R, EH200244 H 17 H |
LGC 1 AHB $(¥54E [ i mALiFEAL . 28 b i 8 43 200544 A 3 HHI20184F2 H 5 H 45 it 47 0
FEARGER, TR AR H . RIEFE 34> WAt R, L4, 3, 23 BEA M R o k1% B,
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ULIE 8 PRI AMIE 10, [ IS —47 A fil 5 [ 4R
AR RBCR, HAAT RS 4 R ROR T HE XY

SRR, TR AT I S il PR SRR 2
AR ZEAE L, BB 7E 0.0—0.1 Z Al /R

0.0 1
I
L

m -Br.k Yk

- i .a.r,s >
‘ el

(a) Groundtruth (b) STARFM

sl Bsaik] el 2 el
(¢) FSDAF  (d) EDCSTFN (e) GAN-STFM (f) MLFF-GAN (g) SwinSTFM  (h) Ours
B8 20024E4 A 17 H CIA B R4 45 51
Fig. 8 Fusion results of the CIA data on April 17, 2002

(¢) FSDAF  (d) EDCSTEN (e) GAN-STFM (f) MLFF=GAN (g) SwinSTFM  (h) Ours

19 200544 1 3 H LGCHR Ml & 45
Fig. 9  Fusion results of the LGC data on April 3, 2005

(a) Groundtruth (b) STARFM

(¢) FSDAF  (d) EDCSTFN (e) GAN=STFM (f) MLFF-GAN (g) SwinSTFM

FI10 20184F2 J1 5 H AHB XU 19l 445 51
Fig. 10 Fusion results of the AHB data on February 5, 2018

M2 AR, TR 2] T AR CIA Bdla e LY

TR LR TFALG ik, AR M EL
PEFE bR ARSI . 7E20024F 4 A 1 H &Y #i

(h) ours

R AR SCHT R IR TE BT A A FE A SRR AL . S
AR )7 MLFF-GAN A3 H, CCEHAR R T 1.4%,

ERGAS{HJK /L T 0.13, [ B MAE i1 RMSE 451% 2%
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FEFRAT S T U Y SwinSTEM ., 75 SCRFH2 7 122 14 il
GRS EGR A S, REE/N,
2002 4F 4 H 17 H By fei rh, A SCRr 42 07 15 Bk MAE
HRMSE S5 (8 FH K40, HAR DAl 1 A5 48 He kA
MLFF-GAN & ff; . SSIM F1 CC {42 % T 1.2%,
ERGAS{H W& AT /D, A SCITHE 7 s (A il 5 45 1
SO, WL MRZERARE R
AIRE AR TE S . o 200245 H 3 H By i
o, BRZEFRRR LA, HEIRAE Y SwinSTFM 22 31
T, K8R/RT 4 H 17 HIRALER . NERE,
i A B G 2 AR T E S E (Ground Truth), H
A FSDAF %Z = )25 i 4 2% . BJm & A A
[, JRy 0 i /s STARFM il FSDAF 1Y 45 5 vh 7%
TES“H M, SwinSTFM I MLFF-GAN 78 %15 Al 23
] 445 0 2 B H LAl %o e O B e, (ELATh T I L
PRANYT 25, TWGAR ) 8 17 7F AR SCT 4 O v 1Y)
il G 45 B Pz I AR B T A AR, R 25 R R
AR T 2 MLFF-GAN MR 2% i /N
3T, XF LCGCE G, AR SO ik
TERZBIHE S PE3. 20054F 1 H 29 H 10,
ARSI G HE AR R . SR SwinSTFM
AL, MAEFIRMSE#RA FRE, R2EH /M. SAM{A
. SwinSTFM [ T 0.0634, ERGASTEIE/> T 0.11,
FESETE— SO ARG W A AR K4 T 2005
4E3 A2 HEYT e, Bk MAE FIRMSE Z48hR4k, A<
SCHT DT A HoAb e bR A B ar e RE . R M,
SSIM i FL A MLFF-GAN #2585 T 0.5%, ERGAS
FEFR LA A SwinSTEM /b 17 0.2, /R T A A
PET7 I AE IG5 G SRR A0 1 A = LG Wy vl
B H . KT 2005454 H 3 H, FRATATE kil
SAM E L YR AL B MLFF-GAN ik T 0.0960, SSIM {i
M CCEA IHRTE T 1.6% F12.2%, ERGASUH/> T
0.13. Joit G R B & SRR AN 15 Jy P2 9 e
I BN Tz HIHM SRR . T I, My
FEAEMI STARFM J5 ik iR 2 i . WJRdE, A
JIT 45 7 2 AE 25 (R 4077 e 38 RO T 8 R
B2, AT B o I A R B 2 o) Oy vk b i 4
YA LL SO . FEJE EDCSTEN, 5™ .
MFEAT UL, XF T AHBECHRAE . WiAT )y ik4g
FRER LB . o AHB MW 2R 2%, ik ik
K, BT AT XE B2 3G 0 o AH A SCR 82 7 AT A AR
KA, #E20184E2 A 5 HAYHM b, FrA F54n4R
Bt T KA B MLFF-GAN, o SAM ff [ 4% T

0.1470, CC{H#E T+ T 529%, ERGAS fH 1 /> T
0.9365. 7E20184E5 H 12 HAYHM A, [ SSIM 4h,
HABPEAL P bR AR fe i o 1 2018 4F- 12 H 6 H (1) T
h, Fr AR T IR, CCIEM ERGAS
A EIEL . E 10 B/R20184E2 A 5 HAYHM
VORI WL, £ T5 R EDULRIUR AR L i 22, eI
M ™8 . EDCSTFN 1 SwinSTFM Ft) B (A5 SR 22 2%
Tk, Bon b 2Emz e, 4 GAN-
STFM I MLFF-GAN L TAEG 11k, FEAREL Y
FEALAE 75 T . MLEF-GAN X T 5 52 b 4 14 3 3T
WERR AT T4, {H GAN-STFM 114 25 575 ik & 9
R ARSCUR RIS R LT
GAN-STFM. A S 8 J7 15 il 45 F 19 0 28 1
EVEM, ML PR 2SR R AR ST
TkiRZE R/ N . TR B AR & L RR
AR ST AR L B T ARG A B

433 HFhsCIe

ARG T AT S . SUB-AM S A
NSST-ARM $,  FEHEIBAFAE 534 1) 4 Jm) 06 2 sy s
AL [R5 T Rl A R A ey, i
TV AT R 483 2 T Sk o /A 7R 3 s ) 3 A R B K o
B, DLEAEEAER 0 SR GAN S HER, XD 1
M RIEAL, DT eI TR A DTk R
K R B I I R ST e, 5 2 BT T
o, DABSUEVE M BRI A 850 . R SRR T 45
FERIZE 200544 A 3 H LGCEHE FaytEfes i, ol
WL, SRR STF-GAN_NSST JLT-7Efr A5 #8645 I
ABR I, 1 ELREE AL AR, 455384
FEPUHORHY, ULRH LR E A TR ISR A
A TS Bl TR B 2 R AT TR AT A T 4 LA
Joi, BEEIRPEREA TR, 10 B TR AT R O TR A A
RIYNZR A — s e EA . B 1145 T 45 Bl
AES R B LS . I R I A A Lk
IAE T A dabn b, PSRRI B R 4 A TR
Rl 4 R IX R K . Br LA THAURB IR T A5 A
TE 5 1 T BE R AT R IR OS5 . T —4T1 4
JRRCR, R T R 4 R R B HE TR DX ik
K, HIa—ITRml e a5 L R Z AR 3R 2=
HE, ATLIFH, STF-GAN_NSSTRUR AL, Rt
AN TG R . RS PRI B T
X—fio BEATHIRZER IR, STF-GAN_NSST fill
AR ZE MR RN XM, ARSI
BV ERA 1R T R 452 B .
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Table 5 Quantitative evaluation results of ablation experiments for the LGC dataset

Model MAE RMSE SAM SSIM CcC ERGAS

GAN+Conv 0.0168 0.0228 0.3911 0.8310 0.9037 3.3345
GAN+Conv+DConv 0.0154 0.0200 0.4100 0.9023 0.9134 2.4365
GAN+Conv+DConv+SUB-AM 0.0129 0.0176 0.2340 0.9422 0.9510 1.6453
STF-GAN_NSST/no clarity loss 0.0111 0.0124 0.1979 0.9654 0.9700 0.8049
STF-GAN_NSST/clarity loss 0.0105 0.0116 0.1906 0.9677 0.9712 0.7434

T AR IR R L, T IR RO

(a) Groundtruth (b) GAN+Conv

F 11 20054F4 F 3 H LGCER TN Bl S i 45

Fig. 11 The ablation experiment results of LGC data on April 3, 2005

434 BEYESW

RVEARIZ TR, AR IR T A5 R A
AFERNS G BB R LA R AR, AnEk 6
e Hr, AR MACs 2R, MACs WitE—1
256x256x6 [ UL T 75 132 UL, R a] A D)3
R G IZ TR R R, Frfr, SwinSTFM
SR, X FEIE IR BY Transfomer 25 14 52 24
FFEL. 1H SwinSTFM B MACs {8 e84, #it B &
FEEAJRR G, AT LA AR aE 17 R
T MLFF-GAN, T GAN 1% 1k MACs {8 %5 H 488
K, DM AR Bt I 25 T T FE KA T A B R
MLFF-GAN % Z % W45 501, Fb GAN-STFM FI 4
AT S HOE 2, (B ERCR T S, iRt
() B AR S r A5 07 3 h B I . STF-GAN_NSST 1
HAEMEAKAEFY S . SUB-AM BRATNSST-AM B,
FEMACsHR K, BHEFE S, NSST 3 fiF Fi &l
BEM T FER RIS E], T LAA SCT7 35 1 s )
AR E . {H 5 SwinSTFM Fl MLFF-GAN 4 [,

(¢) GAN+Conv+DConv  (d) GAN+Conv+Dconv+SUB-AM  (e) STF-GAN_NSST

ZRCED, A RS B0E HA 2.6x10° TR

STF-GAN_NSSTHRIE /N f— 3
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Table 6 Analysis of the number of parameters and

computational complexity of each model

TBE7Y E 26 BB (MACs) FEALR (s)
EDCSTFN 2.8x10° 1.8x10" 5.45
5.8x10° 38101

8%
(Generator)
GAN-STFM 17.01
3710 7.7%10°
A
(Discriminator)
5.9x10° L4x10"
Ax
(Generator) 1.08
MLFF-GAN
2.8x10° 3.8x10°
8%
(Discriminator)
SwinSTFM 4.0x107 2.8x10" 2.51
2.6x10° 2.6x10"
6%
(Generator)
Ours 20.33
3.7x10°
7.7x10°

(Discriminator)
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Abstract: Currently, most deep learning-based methods for the spatiotemporal fusion of remote sensing images employ convolutional
operations to extract image features, which are then combined to produce higher-accuracy fused images. However, because of the
convolution operation balancing pixel errors within local regions during the process of extracting image features, the high-precision fused
image obtained after integrating various extracted features still suffers from issues such as weak texture details and blurred region
boundaries.

To address such issues, in this paper, we propose a new spatiotemporal fusion method based on the combination of Generative
Adversarial Network (GAN) and nonsubsampled Shearlet transform (NSST). This method is based on the GAN framework and consists of a
generator and a discriminator. Specifically, a dilated convolution branch and a subtraction-attention module (SUB-AM) are first introduced
into the encoder structure of the generator, so that the extracted fine features can take into account the global nature; the coarse feature
changes captured by the SUB-AM block are used to adjust the extracted fine features to improve the prediction accuracy. Then, through
NSST and an adaptive reconstruction module (NSST-ARM), the high- and low-frequency information of the results generated by the
encoder-decoder and the fine image of the reference moment are reconstructed in accordance with adaptive fusion rules, enhancing the high-
frequency details of the fused image. Finally, a clarity loss term is introduced into the loss function to reduce the clarity loss of the fused
image. The clarity loss term consists of the average gradient loss and the spatial frequency loss.

Experimental results show that compared with a state-of-the-art method, the proposed method exhibits increased structural similarity
value by 1.5% on average, reduced relative dimensionless global error in synthesis value by 14% on average, and improved texture detail
expression and edge structure clarity of the fused image. Experiments prove the effectiveness of the proposed method.

In this paper, we propose a spatiotemporal fusion method for remote sensing images based on the combination of GAN and NSST. The
method has the following advantages: (1) Dilated convolution and SUB-AM are introduced into the encoder to make the features of the
fused image accurate and the image information comprehensive. (2) The introduction of NSST-ARM and the optimization of the loss
function make the edges and contours of the fused image clear. Experimental results on three datasets show that the method proposed in this
paper can achieve high fusion accuracy and obtain clear image details. Nonetheless, the applicability of the proposed method remains
limited; that is, it cannot be applied to all types of land. Moreover, there is still considerable room for improvement in its efficiency. Given
these limitations, how to make our method more generalizable and efficient is a topic worth exploring in future research.

Key words: spatiotemporal fusion, Generative Adversarial Network (GAN), dilated convolution, Nonsubsampled Shearlet Transform
(NSST)
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