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Abstract: In this paper, we analyze the fusion law of scene weak change region and type change region, the differ-
ence of physical model and the complementarity of effect from spatial and temporal dimensions, and propose a shared super-
resolution dual-branch (Shared Super-Resolution Dual-Branch, SSRDB) remote sensing image spatio-temporal fusion algo-
rithm. The algorithm has the following three characteristics: (1) A complementary network framework is constructed. Al-
though the framework is an end-to-end deep learning model, each module has its own physical meaning and task. By adding
intermediate supervision, the super-resolution modeling of spatial dimension, the change prediction modeling of time dimen-
sion and the fusion modeling of the two advantages are realized respectively. (2) The mathematical representation of the
change prediction is deduced, and a nonlinear compensation module is used to make the two branches share the super-reso-
lution module. Under the dual strategy of sharing super-resolution module and recursive multiplexing super-resolution unit,
the network parameters are significantly reduced. (3) The recursive super-resolution module uses fixed 2-magnification su-
per-resolution units to gradually enhance features and reconstruct images under effective supervision and reference, which
can effectively improve the precision of super-resolution, and flexibly adapt to spatio-temporal fusion tasks with different
magnification differences by adjusting the number of super-resolution units. The SSRDB algorithm shows excellent fusion
effect in spatial and spectral characteristics and change regions. The three quantitative evaluation indexes of RMSE (Root
Mean Squared Error). SAM (Spectral Angle Mapper) and SSIM (Structural Similarity) show that it is superior to the sub-
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optimal method on the CIA (Coleambally lrrigation Area) dataset by 7.067%, 2.065% and 0.563%, respectively. On the
LGC (Lower Gwydir Catchment) dataset, it is superior to the sub-optimal method by 5.319%, 5.490% and 1.455%, respec-
tively. On the Nanjing dataset, it is superior to the suboptimal method by 6.486%, 16.290% and 0.481%, respectively.
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X} Landsat-MODIS E1% , 55k E15 6 1~ Bt , & K/
43200 x 2 720, ML ARG Z B RUE 22 5 16 4% . %5t
RIRIRIX 3, 2004 4F 12 A i) A T stk SF, L E
SRRV 2 ARSI IR 2004 4 12 12 HIY
Landsat RGN 45 5 i B BRI K 6 58 24T A .

(3) Nanjing HicHa ™. £ Trh R 57(118.803 611°E,
32.075 833°N) , %1 2017—2021 4F-1 14 % Landsat8- Sen-
tinel2 [R114, R4 I T BT 4N BE , IR R /M 10 800
x 10 800, H 41 MG Z IR R 22 5 4 i . Z s & 45 Fh
PN 35 SRS 5= SN K MR 1A G I NS M 512
71 2021 4E 10 A 3 H 1Y Sentinel2 [EI{4 75 25 5 , 1% 40 B
WE 655 311 .

: 2021 ‘ H udsa!-Setinetfﬁ 'T
T B R R i Be 4 B 3 R B 24 RGB I IR e 5 A%
K6 it rm

Landsat-Sentinel =] {£%f

CIA FLGCERAE A MG A3 (] 3 HER 25 24 1648,
A SCEEAE CIA F1LGC £ 4 1R 44~ 88 73 50T .
CIA %5408 £ Landsat BMR #5374 1 280 x 1 280, MODIS
A% 38287 K 80 x 805 LGC # 4 4 Landsat G350 Ny
2 400 x 2 400, MODIS EZ#L 57 4 150 x 150. A< L%
Y A3 FRLOCE 24858 M 43, T Nanjing Z4f3 4€ Sentinel2 T2
SN Landsat8 92 R RF2RZ) 3 4%, 38 33 %} Nanjing B
45 ) Landsat #F — 25 RAE R4S R K 4 £, R H
2 # BLJT . Nanjing 088 45 1 Sentinel {4 2855 K
2 400 x 2 400, Landsat £ #5541 600 x 600. A3 5
R 23 F R AE 38 T K 32, 088 4 BT R R R E A T Y
ResNet BL T 8 M4k 2, “4k 22 FME T 1Y ResNet
PR T 2R . CHARLRMERMER L A A AR
A ResNet 01K T 4 M5k 22 b

RERIYI R, 24 2] R R 2x1074 b K/ R 8,

B % AR R B R 200, A 25 (146 HL A, CIA 4K
P Landsat 5 MODIS E{E R #4811 280 x 1 280,
Be /N k128 x 128; LGC Fl Nanjing £ 45 HF MODIS |
Landsat . Sentinel % N 51348 2 400 x 2 400, e K/ Ry
256 % 256 , % b B3 v i At S 80 ft AR 2 H A2 1
AN e S
4.2 IFLE A ARG IERR

J T Y UEA SRR P, R 6 R 75 H 4
) B 25 @il A O E AT L R, B EE 3 PP AL S U ik
(STARFM"™' [FSDAF"' | Fit-FC"*") 1 3 Fh 5L TR B2 M 1Y
fill 45 %4 % (EDCSTFN™'  GAN-STFM®'  MLFF-GAN').
g T X LI 4 AT W4 T AT, SR 7 AR AR
2% RMSE (Root Mean Square Error)  Jii% £ i i1 #% SAM
(Spectral Angel Mapping) ' . £ 4 #H bl B SSIM (Struc-
tural Similarity) " 1 4 5¢ & % CC (Correlation Coeffi-
cients )4 1 F 48 5 & & EAG BlA ke . Hirp, RMSE
1 C.C A 1 7000 A 55 0 S {1 ) 1 AR 25 57, RMISE B AR
40, CCFRARAE Jy 1. SAM FHE i e £, {730 Fil 78
O~1, FRAE(E > 0. SSIM P52 B X6F LU FE RN 4544 34~ Jr TH
iy 5 B SCHAR DL R, BRAR(E M 1.
4.3 XWHERSHH

7 R T A SCHE R At e B AE CIA Bl 46 b
HRlG 250 . A Bk 25 (A T S B €8 3 £ 8 AT LA
Fl, AT SR B ACR AR AS S 5 D4 X
HH A LUE A R BA OIS E B Lt hE
S, DHI YT X3 B 7 8 ] DU A R AR
)45 B L AR RE 25 5, B R Ui AT 3 R L 48 vk et
A B A e LB TR S W X R
B2 AR AR R R R AR R R B T B AR R 1A U
%5, T 2 A B A A A R L 3 AL gk
o, FSDAF AH TR AT, DK 1 22 {8 181 AT LA
i STARFM Al Fit-FC 7E )% 3% Al 25 8] B A & K %
%3 AN TREE 4 ) 71 EDCSTEN R AR %o ] 21— 1 |
HACR W8 T GAN-STFM I MLFF-GAN , A SC 8 4k 36
IR AT , 2 AR bR A0 3R 1 PF/R , 7€ RMSE \SAM . SSIM
CC 8 tr L AH XS T WAL J 2 43 il 42 & 1 7.067% .
2.065% .0.563% .0.581% , 3 WA SOk 3 o3 T 57
Jo X IR AN A A 5

] 8 /R4 A AE LOC B4 VB S 459 . ik
KX AL T A7 Ao f gk, 22 b0y R BLRE A Y s
1k, 47 T RBC KR R s As k. i T iRAE ik e
KIEBIE AR, & AL EMRCRARGE . XA
ARALIX IR, MLFF-GAN FIA SCRA AR it /K A8 AB X a4 2
I A T A G . SO MLFF-GAN B33 1 1
B AM LIRS T4 AR 4 A SR A AR X
BRI A5 A XIS T AR Y SR . 3R 1 AR R A
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(a) Ground Truth

(e) EDCSTFN (f) GAN-STFM (g) MLFF-GAN (h) Ours

T BRI RS VAT AR TN S5 5 s 2k BE 4. 3. 2/E R, G BIOPR IEMG; 55 247 50 147 rp i (0 0 1 X3 ik
KL EE 34T R A 2 AT TN MG 5 LS 2 (R (24 (E A . P 8 & 9 5 22 AflTH]
B7 20024E2 H 12 H CIA S84 75 Befil & 45

SCEEMEAR T MLFF-GAN, £ RMSE .SAM ,SSIM .CC I Z3Z s 40 kel =&, SR o, WA RO K 2=
I3 B T A B 5.319% .5.490% . 1.455% . 1.086%,  (HEIAT LAE TR EE 2% 2T JE 0 AR B T 48 X0 3, i
F AR SO I T A AR 5700 M FIAEAE T TR , AR INAGA S R

9 7R 45 2858104 7E Nanjing Bii 4 L AOREA 45 R . RS oy 32 AR Z S . AR A 1Al 225 118
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(e) EDCSTFN (/) GAN-STFM g) MLFF-GAN

8 20044F 12 A 12 H LGC EUHRAE & & 45
RSy U E A RE 0 R R N AR R, S TR AL A 6.486% .16.290% . 0.481% .0.257%. S5
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(a) Ground Truth (b) STARFM (c) FSDAF (d) Fit-FC

(e) EDCSTFN () GAN-STFM (g) MLFF-GAN (h) Ours
K19 20214F 10 H 3 H Nanjing Bils 845 7 bl & 45 4

4.4 HEASCIG F2BRZYCH 2 R A RS 2T, (S A — U 4 BT A
TEA HEAT I AL S0 IO VE R g e oty . FITRIUSRSR M)A et oy SO0 9 S 2 2, PR UEAS
AR MR L B % 2 4 1A 2 IE# AT , b b AR 3 F R . B 10 LA LGC U 4
Jo T W E 0 RN A A R R A, SRS SR A, T UL ), LA R T 7
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F1 BAREINHEE LNES TGS RR TN AEERE)

e/ Bzt STARFM FSDAF Fit-FC EDCSTFN GAN-STFM | MLFF-GAN Ours
RMSE | 0.034 8 0.032 2 0.033 0 0.0319 0.030 8 0.028 3 0.026 3
in SAM | 0.095 7 0.088 2 0.098 0 0.087 2 0.078 5 0.077 5 0.075 9
SSIM 1 0.818 2 0.840 2 0.839 5 0.858 5 0.862 8 0.871 0 0.875 9
(olom) 0.946 9 0.954 0 0.951 0 0.958 0 0.958 0 0.964 1 0.969 7
RMSE | 0.040 9 0.040 2 0.038 8 0.033 2 0.033 1 0.028 2 0.026 7
LGC SAM | 0.209 7 02116 0.187 9 0.161 2 0.156 0 0.134 8 0.127 4
SSIM 1 0.757 0 0.759 5 0.781 1 0.809 2 0.813 3 0.8319 0.844 0
(olom) 0.820 7 0.829 4 0.835 1 0.882 0 0.880 1 0.911 8 09217
RMSE | 0.064 2 0.069 5 0.129 4 0.020 0 0.018 5 0.022 7 0.017 3
Nanjing SAM | 0.321 8 0.343 9 0.222 8 0.070 8 0.066 3 0.082 1 0.055 5
SSIM 1 04323 0.548 2 0.602 8 0.898 3 0914 5 0.874 1 0918 9
[olom) 0.895 2 0.894 8 0.785 6 0.966 7 0.972 2 0.955 8 0.974 7

JETE RIS R B bR B AT A AR B T RS
FERIRAR AN 2 s , N n] 76 H 328 U 2 0 245 T
I8 RARAR 225 0 T A 136 VA 70 19 28 T 25 SR 45 b
0 2368 ik 22 UK 2 475 138 U 7 , 1220 M R A TR A PR
F0 6 FE AR, o o v () 45 2R P A T e T LA
SRF B A AT, DR AR RGO e , A ) A A
PR .

F2 ARYEERIFES HASZEANITAEREFHRBEERE)

BEHUERAL | BUESE |RMSE] | SAM | | sSIMT | cct
CIA | 00263 | 0.0759 | 0.8759 | 0.969 7
BBy LGC | 00267 | 0.1274 | 0.8440 | 0.9217
Nanjing | 0.017 3 | 0.0555 | 09189 | 0.974 7
CIA | 0.0287 | 0.0887 | 0.872 1 | 0.963 3
eI | LGC | 0.0307 | 0.150 5 | 0.821 4 | 0.900 5
Nanjing | 0.020 6 | 0.0724 | 0.890 5 | 0.964 6

N T B UEAR A AME A B A AL BT 11 2 T
LGC R 5 “ A0 AR LR AN B A i 25 28, mT LU
A AL 11 (b) X5 21 (0, B 1 11 5 TN S35 I 5 ¢ 3 i Ak
FEbRtL AT DU Y, AT AR 2 M e i) 0000 45 2R 4
PREGS . AR IR AR AR RS O T, 25 0 B 50
37 R0 B o3 S T o B RS, M R AR A
TRAERTE .

N T B UEAR SCER 2 SR A R R R T A R
R3 ARHHREIELMEAMEHRSTI AT &R (&R TR AEEIRE)

B il BiE4E |RMSE ] | SAM | | ssiMt | cct
CIA | 00263 | 00759 | 0.8759 | 0.969 7
FARRAME | LGC | 00267 | 0.1274 | 0.8440 | 0.921 7
Nanjing | 0.017 3 | 0.0555 | 0.918 9 | 0.974 7
CIA | 0.0297 | 0.091 4 | 0.866 0 | 0.961 0
TARERM: | LGC | 0.0280 | 0.1395 | 0.8320 | 0.9152
Nanjing | 0.021 0 | 0.073 5 | 0.886 9 | 0.962 8

B 25 P B B R 22 SE A HEAT X L, BIVIRT 3 (o) “A3 /707 Bk IR
B B 12450 T LCCE IR Rl & 45 21, 51 12(b) 7
AR AR A3 B 6T NS Ky b e PR 4 e 4 i i
fhFg bRt vl LA Y, 42 JR ik 22 00 445 SR 7 45 od 4 1
B R INARTE AT 42 Jmy ok 22 FE 2 A0 Y0 EL IR 16 21 ) 1wl
20 TR B R AR T T 2

F4 FAEBBEREEWERIROITGER&E TN ABERE)
RO | B R%SE saml | ssmt | cet
CIA  [0.0263 [ 0.0759 | 0.8759 | 0.969 7
Haask2EER | LGC [ 0.0267 | 0.127 4 | 0.844 0 | 0.921 7
Nanjing | 0.017 3 | 0.055 5 | 0.918 9 | 0.974 7
CIA  [0.0270 [ 0.076 6 | 0.872 3 | 0.963 6
TamEkEER | LGC | 0.027 8 | 0.133 4 | 0.838 4 | 0.914 9
Nanjing | 0.018 4 | 0.063 0 | 0.910 1 | 0.971 5

4.5 HEHFH

25 IR T AR SR L AR B AR B S8
(B 7)) e BmEAE R E MACs (112) , Hh 24k
T YA R 2 (] A2 2% B MACs B2 e T AR R AR A
Z= ¥ . EDCSTFN R 13 5L (%) G - i i 2% 25 40, S 40
FMACs #RAEAG , (N 22 1 AT LU H H 390 000KG 38 e e
5 5 2 > Rl A B AIG s GAN-STEM 1 2E i 2% [7] #F %
- 2544 , th 221 5% 25 BEHL R T 1, S 4000 M
MACs #B ) J& EDCSTFN ) 2 ff . MLFF-GAN £ Jii #% 2%
Bl U-Net 25 44 , 7 g - i i £ =22 18] 388 i 1 48 40F @il A A5
e, DL el B Z [ i M5 B e OF LA X
W, S HE K ARSI A8 E TS TIF
Z /NG ERE , B35 800 T MACs. A SCH 1 SSRDB
HARIEE ZRI UGS W 245 2548, i 1 LSO/ RS
PRAESEWS BB FIMACS 58 IR . 1%, b F
53 S YRR AT BRI 43 B PR o BT i IR S
HAARI 2B GAN-STFM % £ , it /b F MLFF-GAN. H:



592 H, T

E 2025 4F

U B I/ NI T B AT 32 80 TR AL, B T AR
Z/NGE ERTTR T MACs R AE.
5 REREESIHSMATENSBRMMAC

Bk SHRIM MACs/G
EDCSTFN 0.284 18.585
GAN-STFM 0.583 37.770
MLFF-GAN 8.701 17.369
SSRDB 0.856 16.051

5 Zig

12 TR A5 e s il (] A7 288 2R Al X Sl il
REHL2E , AR SCHR M T S 73 (9 XU S I 25 il 19 245

Tl

SSRDB., ¢ s 25 il G 7] 50 fife 5 g it (1] 4 A5 Ak T 00 i 25
i) 4k 0 R, AR IE R, R M B AL G
RPN e R 45 T B i T 2R A Ak X sl i 22 11 )
XPAR SCREAT QR B 1 5, 2 B B s il ) R A
s B 44 012 () 4 b B B AR | AR I ARG T XL43 2 I 4%
HEZE , A A 24T 55 Wb ) B Lk Ao 6 A
BT 55, 38 o il A {3 S IR R R,
53 3 I8 AR HURE AR H 5 R 4 BT, KR
AR SR it S T 5L RE T R R R
FHAR 43 .50 R R 6 35 1 AN [R5 2R 22 53 A8 4 . B AR S
% ¥ 5 STARFM. FSDAF. Fit-FC. EDCSTFN, GAN-
STFM \MLFF-GAN 45 5 78 3 N 0ds 4 Ltk A7 b, 52
Yo 25 R BT SSRDB 7RG 4 4015 1 5 Al A2 £ X

(a) Ground Truth

(b) 327y TN 245

(c) A3k I8 Sy F 25 2R

10 LGCHHESE 200447 12 H 12 H 43 X ok ECSL A A 3ok U218 43T il S5 50 7 45

(a) Ground Truth
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(a) Ground Truth

(b) A JRFR 2RSS
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