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Table 1 A gallery of the foundation model of perceptual recognition based on single-temporal data
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Table 2 A gallery of the foundation model of perceptual recognition based on time series data
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Table 3 A gallery of the foundation model of cognitive prediction based on time series data
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Fig. 3 Remote sensing prediction foundation model for multi—-domain heterogeneous time—series data



FTHE 45« B SRR K R LR IR 5 AR A 1673

HARR L -

(1) EAEJriE . W RG22 5 . Bl
VIR R VLTV & €11 2 2~ BN WS
SAR/ZOGIG S 2B . HORH BN A KK 2 5 %
) J 22 SRR A

(2) FikJrmm . 454 K M 245 1 Transformer £5
RV, Dt A AL 4 3 A0, 28 0 12 Jak
K serh Z HinAZ KB p R ftil e 71, [\
I AR AL i, $RTHZAROR 5

(3) W FH 7 T8 38 ] 00 s e A 28U AT g ] 1)
ZEBRE (B, BERY., X)), ZHH
R GESERF . /N KEF) B2 FE4A
AL S5 H

32 HREMEAE

I — AR SR P ) S Al A AR ) A0 S T
22 10 5 k) 22 SE AR BCHE B A B Z2 15k i) /23 1) IROBE AT 55
By s 45 BGE B, WA BRI CE 2 A B AR
FARE, SRR AR AR N B . A T
SEELL EH A, ARSCHE 2 R B SR AE L R
FE RV AE SR . H AR5 58 RS A L e £
1245 HARHERR DO A PR R LTy ), DAE A = 3 Rk 3
R AT N B 5%

(1) Z3R P80 R AE o A T 7 1 S 40 a5
PUIE RN T 9 B, T AR 2 U 2
AR, (H 3 SR A i) (R RAE (R B L 23 1] 4y B
W BRSO B R B ERAE
(] s =, St A AR i3 Ry 24 Wit/s - B g o 5 8
290.04 s; MRS DEZRTEVIAM. =21+
PRAF IR A, AR IO B 5 0 BeF ] 85 B DL /N /2R
Fita B, FEAS R R b, KR TE A
MLECHE B 2 HER BOK B TR0, 2 45 10 i
WML E oK s B e BR RS o 7 B0 HE 4
I, WA ZE BRI S S, n—2E Sl
THER BRI R SR R 4 Y R
o PRI, Gne] XoF 22 36 S 4 2 B AR BOHE i4E AT G —
Ab UL SR Z AR RN I A S S U T BRI
D5 Il .

BEOF DAL TR A, A S AR — ST i A i e S
B AL 58 N B3 % 0 T X R ) SR AR ] B AS — 2K
4 [ BT, 3 SR AR 8 ot F A LB A et B O
R, JFEET I B TUA% B e 04 0080 24 BT v
B FERS 3R, fof 5455 75U BB A% A AN [R] s (][] s 7

WO, I LA XA TR e 1) RPE K50 1) e 2 00 e
T1o BEXEAS [ 53 B AN R A TR, i) SR 4 5
SR AT 2 8] 22 N R R SR I . 3 R R =
] 22 RE R IR —Fh, ESLhr & — KB A fEA
CIPNIESINIUE e iiPon il S s kR N G
Or B BB R B[R] — RO, SRR [R) 73 B
BRI G — AL B, B Xt 22 AR B 48 2 AN [a] [
AR L G ) —4e . — 48 = 4e8di
A BVRHE, PR SRS PN " J7 G — AR L
P BN S S, o A5 R B I o A B g B
AR

(2) WP EIR RG] S R E R IR R, I 7
T B A 25 6] A ) 248 B b 3 R AR GRS 1Y
T, T A% oA Ak [ ) P s O AT A
B R RS EIN A (K S R I R fPU N & S =T 4
kAL, ATEAL Gep il HBESE T A LA A
THAEY R, T IG 2wk A
) =R, A — AT AR P P R T A
FUIERTT 891z 3 75 18 al LAFE 7R i 6 1> — B i L
rITRE . NI, — B A IR 3z gl 07 AR T DU
18 o J7 R At I o A SR AR MR PO 3 ) 1
MIARSNCIRES , AR A 1845 FEA REAS B AT A
TEXA -, dl A T 3R = HAORES (FLE
P M) B BT A 5 e A L R
WEE T E . IR BAR IR BT T R A,
C YL JCE R e A e, Al B E At
FrE . T2 J 37 55 i ) bR B PR AR A SN A2
Ay, Hn e esig 2 mAE, JFEIFZ N
B, iDL i R 7 R AT A, (A
e G TN ASE TR 3 LA S 2% 2270 1) R G2 PP A2 4 RO
TE A ER A B R, R U SRS Hh A AR A
R KB B TR JEE 2 > D7 kAR — e R o T
st ARZMERLAE . BRAR R AGLE IR,
SR T B — S5O0 Y5 ) 00 R A5 7 X R S B B
J7 A 55 AR, T A7 6 1) A R IR AT A PR
(Y, E LB BUR 2 3 50 T A8 A B i LR
fib, JGksE M FALTIIAT 55

BEXS LA L IR, A SCER I e R XS
PR R e O AR R S h R BN AR
TE ML HBA SRR A R A PR KRR . B
R R AL, (B R E B, PR
2R AL I R RO A I AR AR A o T
Al G NS 2% | BEIL A0 A2 Al v o o B E RO



1674 National Remote Sensing Bulletin i & 54k 2024, 28(7)

RS AL A, RIS e AR R AR, O
ATIR0I . 38 2k 22 2 B + 3 ] B Al [ 482 AT
PR AR R IE, R P B2 R FRE B
PEHURAEAf B LA AL A M 28, H e SE I 24
AR S5 RS HE TN o [RIE, A LAl A5 7R 3 e gl
SR AN A PR AR, AT R B R AR RS
O K ) RN BEASE TR DK By vk (R O T R, R
FRTIE 52 2% | $ v Tl v o

(3) BRI B2 MR, 7 B
H AR AT R 1% SRR T2 AT DGR R A —,
H s 8947 R 1% s A P A2 46 R 1 32 309 31
HRZA, s Z B HhsE . Hbr 55028
B0, H bR E]EE B R 4E R AR AR BARAE YOG
F, (AR TE R A AR G R A T I 5 RS
KA A WY RGO, (75 38 1k 15 45 L bl
Ao 3 174 B 4 171 15 25 B Wi 1 K . Ik A B bk 2z 21 )5 Rl
W . RGBT, Hisfr hRA L
REMEE . AT MRS . K BB IR R AL, &
HHART N EAREYLE, 7E SO0 K T
GRS RIR 2

BRI, AR SO SR 2R A R A I 45
Transformer ¥ 58 Hbr— Hr . Hir—HIEH G2
FEARAS B A B RETT o FILFH I I 4% 1 i 1 o 1 0 5
N 52 2% I % T Y DG IR OC R E AT B ME A B A2 4
T % A Transformer 424 S A A AR 9 45 1] 25
AR T R4S G . — T e TR Bk A
Hemil B, Sl A M A1, LU & g [A]
IR R o 53 —J7 HAE Transformer [ 23k 1 &
JTHERE B, A T D 4% TR AR A R Y Y
FHE R ZE A5 BB IE R B 1 3k FEL ARt 1,
A SCIE 7 K BT 28 55 Transformer 45 4 (14 5 Ui
r#i g, 458 Kl Transformer 2544 . 8 4] 5 i 5L
EUARTE, X F—Afai s al, HA 45034 5 AT
SUAEICHE, R 2% i BE R B A Sk 2 i s €1 D)
PR — S5 BE AR AT AR R R A, DRt AT AT
DA Z e R A MmN R R . w5ttt His-H
br. BA-PEEAH B R EZ TN, BRI
AR R 2 X 2 R, T HARA BT
T I A A RE

(4) SEHYHUNAT 55 AR HERE . 38 B 3
NS T HAREGE I R AL BUE
BEFH S5, FESEIZER K, BA AR
B JRUBE | AN [R) 2 [) RUBE (9 R A o 2 T J it )

Pl T 2 A X AU G TN B — 7 ] 37 S A AR A
TCIE SCHE X 5 Yy o AT 55 S 20 MR DLtk A7 7 A 5 90
WMo e Ah, A5 AR AL 22 W X T A 55 [ A
KA RAERE, AR5 W2 B, BT
FUE, FEEESLBEE 2R, THEERF
WA S5 TR, A7) ™ B A SO P i X )

AR SCH A T 1] F P 22 AT 55 6 36 P 0000 Al
PR B SRAT 55 A G R, UL M2 FF 2y i
M, 5| AR TR g A SR A P B I 2% 2 B R
7Tl o I XTS5 AR AR OC R B, AT 55 B0
HAME BB Wl RS, TR
2 9 205 v e A 31 1Y) R 8 A A 2R AR T AN I
BEMA R RS e, X Se AR AL SR R AT 55 R A
A8 BRI o SV AE S 80 ) 2 A 23 2 45 3 AN [ Y
55 AE W BEE AT LAGR T, (B R 48475 8 ] LA
BT 55 Z BT IR . BMORUE, wlSe s Bt 4
Ak e 53 3] ] — A i o 2 ) ) Sl — B B B
AZ ], A% 24T 55 Al DLSE R ik 25 18] o 9
fib, SEHUAL S5 AP A 22 S g U, fRm 2
155 HE B PG

3.3 MTEEHRE

A% AT B EL R A — 4 32 a3 R 90000 i A 7
MIF ARG, R 3.2 94 p L, SRR o .
F2 0 77 20 25 A6 2 T 3 P 0 5L Ak A AR (1% i AR
o e RS RIS S A5 1 FH A e AR AR B2
TRy N B B Ak Ry A5 TR R 3 B R AE 5
SR J5 XHREAE P A A T RE LA S J5 il o S HUE
Z Y5 B.3C H. Transformer 35 il A5 71 2% 3§28 E A9 #8
TR ZRFAE TR =2 15 st 220 550 B0 50 00 4 17%) oA
R B 20 B, ) T 3 A A Y il A I R 1)
H o S50 A I S5t 19 5 el A 0 2 5000 24> 9
AT 55 TP R AT RO S0 56, IS — 2S00 ke .
T Sk Y 22 Bt 77 B ok B R /s i 2 A F
&, WMBEEFEMG . WA, Pl S S22
4155 11359200 WiZidls . BEAIILYI 25200 1> epoch,
PEAbL 25 2 F AdamW, 9] 46 %% > 323 & 24 0.0005,
TR M AR L D . WA DL B YR A R
U ik A5 A ELA 8 A2 AR R, E T 2R
TS

AR SCAE 22 28 AN U T AT 55 b iR s
5, WG sh Hbr g S o R oK BT R Fm
= B, 3E A 8 4 4 i S MOR-UAV .



FTHE 45 . 28 IR

1675

HuaBei2021, CloudCast. X} F &8s, R
Bt AR 0w e R A U 2R AR S KA, MOR-
UAV . HuaBei2021. CloudCast £ #& 4 1)1l 2R 4E b
153504 85% . 90% . 25%, SOTA Jiik 543
AR R AR R A I 2 B 5l 4 . Hh R 3h H
i 50N R I MOR-UAV BU46 45, % 8 46 o
A5 30 TR AL, # 3l H AR 45 /N BLA 4
AR, YRR A Y. Hr s sE, W
W3 BRIz sh 2 Z B 5 A B . ZAE
55 A L I FUUI A 55, ) D o ) R A0 R A0

WA Aot 3 7K B 000 R FH 1) /2 HuaBei2021 %%
e, ZBR A 2021 4E 6 A 8 A A NHLIX 1Y
B IA RO o AT 55 AR R T A R4S 2 Y [
B e it o B K AR AR IS L, I T30 BN S B
IR RS . 2= BN R FH B /& Cloud Cast B4
8, ZEIREIAE WFORFIM =288, 782017
AE—2018 4E I 18] 4 15 min id 52 —K o 1ZAT 558 i
W RERL e — B R, 2 2T Y ) B A
25 Bl 25 I A Sk — B ek ] [] — X35k 1) 5 = L
ARSI Rk 4 s .

R4 AMTNE S EERE R
Table 4 Quantitative comparison of remote sensing cognitive prediction tasks
. 3 H AR5 1l [ K B s 5 0 = B
e SSIM 1 MSE | MAE | SSIM 1 POD 1 FAR | SSIM 1 PSNR 1
SOTA 0.5301 3206.53 18731.12 0.9455 0.2101 0.3773 0.9633 41.23
LS RS 0.6665 1994.15 12516.83 0.9485 0.2280 0.3677 0.9640 41.30

TE: 1V FORBUE M R, | ROR B AR A

AT LUE Y, AR SO 328 Ja 0] 56
RBLTLLE 3 AN N TS5, TR N 2k
& bR i g R 22 AR bR, ER BCAR LL Y AT o A
(SOTA) ikttt itkae. B4 RR T B Bz
U A AT R, RAE SOTA Jrid (Wang 55,
2022b) AT LA U 25 RRAE ,  H T 45 SR LR
Wi, FERE RS s RN bR, MLLZ T,
ARV FOAS B () S A R A S S b, R
E(H. &5 RR T KRV F e T Ak L, &S
W SOTA J7 ik (Shi%, 2015) i iy 0 45 - A

fCBOR, T HS A2, mASONES T
T EAER SR . B T o T Y ]
ALK, AT LA AR SCT5 12 A IO 45 28 L SOTA J7
% (Wang 55, 2022b) W4T HLOH(E, Fli &5 R
AR o AE R I 2 Y T30 6 At 455 B 3 A7 72
—SEEREE , — 7 T AT 55 B I 2 SR R A
W, 5 —J5 e H AL AY T AE ) BE A TIUI
[F1) P A% T 0Bl 335, oA e A AT A 3 ok 40k 2 oA it i

PRI L[]

BAERTRING R ‘

=16

SOTA

Trik

AITTHE

K4 Fesl H bR pm ] plAe st R

Fig. 4  Qualitative visual comparison of moving object scenarios prediction tasks



1676 National Remote Sensing Bulletin

AR 2024, 28(7)

FEABN G R |

rl

=14 =16 =18 =20

SOTA

Trik

A7 i

5 K RIS 0 aT A ah R

Fig. 5 Qualitative visual comparison of radar echo extrapolation tasks

| 0 |

FAEATGE R

Tk

AITTH

Ko z EImi nf AL R

Fig. 6 Qualitative visual comparison of cloud forecasting tasks

VAL J&s 1 H R — 1 e 0 0] S A
RS, AT R B JE BUS 1 ) 2 ik
&, ARKAMIN GRS R B B, e A
A RITIUIN AT 55 P A5 i e 738 45

4 & ik

HAT 38 FZ AR RE T 1 KL Rl B2 80 08 T 32 JER fig
R E— 2D R R B OCT # . ARSCl i B B T
BRI AR B BN R R AR | R T 2 I AL
A U S AR | BT 22 I AR AR A A
T 0 B AR B B S R, SIS N DL
U o PSR IR . R RERR b, A A

i AL RS e Bt . vk . W AR TE R S
B, 4 o — A i P 9000 5 A6 1 ) B2 A
It — 2 IR AR 5 S 4 MR R T )
HHEATRI L8 . IR S TARRAE 2 3 2 i) 7 B0
RAE, FRE MR ARSI . F R PR 58 B R 0
B LA K Z2AT: 55 TR 4 B ThT 2547 1 X0 1k B S B 4
ARG, [ AR S 4R 28 B Ay it 119 e S S Al A5
Fe BT S AT R 5 B — N Rk

5% 3Lk (References)

Akiva P, Purri M and Leotta M. 2022. Self-supervised material and



FTHE 45« B SRR K R LR IR 5 AR A 1677

texture representation learning for remote sensing tasks//Proceed-
ings of the 2022 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. New Orleans: IEEE: 8193-8205 [DOI: 10.1109/
CVPR52688.2022.00803]

Ayush K, Uzkent B, Meng C L, Tanmay K, Burke M, Lobell D and
Ermon S. 2021. Geography-aware self-supervised learning//Pro-
ceedings of the 2021 IEEE/CVF International Conference on
Computer Vision. Montreal: IEEE: 10161-10170 [DOI: 10.1109/
ICCV48922.2021.01002]

Bi K F, Xie L X, Zhang H H, Chen X, Gu X T and Tian Q. 2022.
Pangu-weather: a 3D high-resolution model for fast and accurate
global weather forecast. arXiv preprint arXiv: 2211.02556 [DOI:
10.48550/arXiv.2211.02556]

Bourcier J, Floquet T, Dashyan G, Ceillier T, Alahari K and Chanussot
J. 2022. Self-supervised pretraining on satellite imagery: a case
study on label-efficient vehicle detection. arXiv preprint arXiv:
2210.11815 [DOI: 10.48550/arXiv.2210.11815]

Cha K, Seo J and Lee T. 2023. A billion-scale foundation model for re-
mote sensing images. arXiv preprint arXiv: 2304.05215 [DOI:
10.48550/arXiv.2304.05215]

Chen K, Han T, Gong J C, Bai L, Ling F H, Luo J J, Chen X, Ma L M,
Zhang T N, Su R, Ci Y Z, Li B, Yang X K and Ouyang W L.
2023. FengWu: pushing the skillful global medium-range weather
forecast beyond 10 days lead. arXiv preprint arXiv: 2304.02948
[DOI: 10.48550/arXiv.2304.02948]

Chen T, Kornblith S, Norouzi M and Hinton G. 2020a. A simple frame-
work for contrastive learning of visual representations//Proceed-
ings of the 37th International Conference on Machine Learning.
Virtual: JMLR.org: 1597-1607

Chen T, Kornblith S, Swersky K, Norouzi M and Hinton G. 2020b.
Big self-supervised models are strong semi-supervised learners//
Proceedings of the 34th International Conference on neural Infor-
mation Processing Systems. Vancouver: Curran Associates Inc.:
22243-22255 [DOI: 10.48550/arXiv.2006.10029]

Chen X L, Fan H Q, Girshick R and He K M. 2020c. Improved base-
lines with momentum contrastive learning. arXiv preprint arXiv:
2003.04297 [DOI: 10.48550/arXiv.2003.04297]

Chen X, Xie S, He K. An empirical study of training self-supervised vi-
sion transformers[C]//Proceedings of the IEEE/CVF international
conference on computer vision. 2021: 9640-9649.

Cong Y Z, Khanna S, Meng C L, Liu P, Rozi E, He Y T, Burke M, Lo-
bell D B and Ermon S. 2022. SatMAE: pre-training transformers
for temporal and multi-spectral satellite imagery//Proceedings of
the 36th International Conference on Neural Information Process-
ing Systems. New Orleans: Curran Associates Inc.: 197-211

Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X H, Un-
terthiner T, Dehghani M, Minderer M, Heigold G, Gelly S, Usz-
koreit J and Houlsby N. 2020. An image is worth 16x16 words:
transformers for image recognition at scale. arXiv preprint arXiv:

2010.11929 [DOI: 10.48550/arXiv.2010.11929]

Goémez C, White J C and Wulder M A. 2016. Optical remotely sensed
time series data for land cover classification: a review. ISPRS
Journal of Photogrammetry and Remote Sensing, 116: 55-72
[DOI: 10.1016/j.isprsjprs.2016.03.008]

Guibas J, Mardani M, Li Z Y, Tao A, Anandkumar A and Catanzaro B.
2021. Adaptive fourier neural operators: efficient token mixers
for transformers. arXiv preprint arXiv: 2111.13587 [DOL: 10.48550/
arXiv.2111.13587]

He K M, Chen X L, Xie S N, Li Y H, Dollar P and Girshick R. 2022.
Masked autoencoders are scalable vision learners//Proceedings of
the 2022 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. New Orleans: IEEE: 15979-15988 [DOI: 10.1109/
CVPR52688.2022.01553]

He K M, Fan H Q, Wu Y X, Xie S N and Girshick R. 2020. Momen-
tum contrast for unsupervised visual representation learning//Pro-
ceedings of the 2020 IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Seattle: IEEE: 9726-9735 [DOI: 10.1109/
CVPR42600.2020.00975]

Heidler K, Mou L C, Hu D, Jin P, Li G Y, Gan C, Wen J R and Zhu X
X. 2023. Self-supervised audiovisual representation learning for
remote sensing data. International Journal of Applied Earth Ob-
servation and Geoinformation, 116: 103130 [DOI: 10.1016/j.
jag.2022.103130]

Ienco D, Interdonato R, Gaetano R and Minh D H T. 2019. Combining
Sentinel-1 and Sentinel-2 Satellite Image Time Series for land
cover mapping via a multi-source deep learning architecture.
ISPRS Journal of Photogrammetry and Remote Sensing, 158: 11-
22 [DOTI: 10.1016/j.isprsjprs.2019.09.016]

Jain P, Schoen-Phelan B and Ross R. 2021. Multi-modal self-
supervised representation learning for earth observation//2021
IEEE International Geoscience and Remote Sensing Symposium
IGARSS. Brussels: IEEE: 3241-3244 [DOI: 10.1109/IGARSS47720.
2021.9553741]

Jain P, Schoen-Phelan B and Ross R. 2022. Self-supervised learning
for invariant representations from multi-spectral and SAR im-
ages. IEEE Journal of Selected Topics in Applied Earth Observa-
tions and Remote Sensing, 15: 7797-7808 [DOI: 10.1109/
JSTARS.2022.3204888]

Jung H, Oh Y, Jeong S, Lee C and Jeon T. 2022. Contrastive self-
supervised learning with smoothed representation for remote
sensing. IEEE Geoscience and Remote Sensing Letters, 19:
8010105 [DOI: 10.1109/LGRS.2021.3069799]

Lam R, Sanchez-Gonzalez A, Willson M, Wirnsberger P, Fortunato M,
Alet F, Ravuri S, Ewalds T, Eaton-Rosen Z, Hu W H, Merose A,
Hoyer S, Holland G, Vinyals O, Stott J, Pritzel A, Mohamed S
and Battaglia P. 2022. GraphCast: learning skillful medium-range
global weather forecasting. arXiv preprint arXiv: 2212.12794
[DOI: 10.48550/arXiv.2212.12794]

Li W Y, Chen K Y, Chen H and Shi Z W. 2022a. Geographical

knowledge-driven representation learning for remote sensing



1678 National Remote Sensing Bulletin i & 54k 2024, 28(7)

images. IEEE Transactions on Geoscience and Remote Sensing,
60: 5405516 [DOI: 10.1109/TGRS.2021.3115569]

Li WY, Chen K'Y and Shi Z W. 2022b. Geographical supervision cor-
rection for remote sensing representation learning. IEEE Transac-
tions on Geoscience and Remote Sensing, 60: 5411520 [DOI:
10.1109/TGRS.2022.3202499]

LiZ, Sui Z W, Fu QY, Zheng J J and Bu T. 2023. High-resolution re-
mote sensing extraction of urban buildings based on morphologi-
cal sequences and multi-source a priori information. National Re-
mote Sensing Bulletin, 27(4): 998-1008 (Z=34, B 1E445, 41 7tE,
IREEEE, DA, 2023 K TR 5 R 2 e R fs B3
ALY ) i R B I R ), 27(4): 998-1008) [DOT:
10.11834/jrs.20221077]

Mai G C, Lao N, He Y T, Song J] M and Ermon S. 2023. CSP: self-
supervised contrastive spatial pre-training for geospatial-visual
representations. //International Conference on Machine Learning.
PMLR, 2023: 23498-23515 [DOI: 10.48550/arXiv.2305.01118]

Mall U, Hariharan B and Bala K. 2023. Change-aware sampling and
contrastive learning for satellite images//Proceedings of the 2023
IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion. Vancouver: IEEE: 5261-5270 [DOI: 10.1109/CVPR52729.
2023.00509]

Manas O, Lacoste A, Gir6 -i-Nieto X, Vazquez D and Rodriguez P.
2021. Seasonal contrast: unsupervised pre-training from uncu-
rated remote sensing data//Proceedings of the 2021 IEEE/CVF In-
ternational Conference on Computer Vision. Montreal: IEEE:
9394-9403 [DOI: 10.1109/ICCV48922.2021.00928]

Mendieta M, Han B R, Shi X J, Zhu Y and Chen C. 2023. GFM: build-
ing geospatial foundation models via continual pretraining. arXiv
preprint arXiv: 2302.04476

Muhtar D, Zhang X L, Xiao P F, Li Z S and Gu F. 2023. CMID: a uni-
fied self-supervised learning framework for remote sensing im-
age understanding. IEEE Transactions on Geoscience and Re-
mote Sensing, 61: 5607817 [DOI: 10.1109/TGRS.2023.3268232]

Pathak J, Subramanian S, Harrington P, Raja S, Chattopadhyay A, Mar-
dani M, Kurth T, Hall D, Li Z Y, Azizzadenesheli K, Hassanza-
deh P, Kashinath K and Anandkumar A. 2022. FourCastNet: a
global data-driven high-resolution weather model using adaptive
fourier neural operators. arXiv preprint arXiv: 2202.11214 [DOI:
10.48550/arXiv.2202.11214]

Patnala A, Stadtler S, Schultz M G and Gall J. 2023. Generating views
using atmospheric correction for contrastive self-supervised learn-
ing of multispectral images. IEEE Geoscience and Remote Sens-
ing Letters, 20: 2502305 [DOI: 10.1109/LGRS.2023.3274493]

Prex] J and Schmitt M. 2023. Multi-modal multi-objective contrastive learn-
ing for Sentinel-1/2 imagery//Proceedings of the 2023 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition Workshops. Van-
couver: IEEE: 2136-2144 [DOI: 10.1109/CVPRW59228.2023.00207]

Reed C J, Gupta R, Li S F, Brockman S, Funk C, Clipp B, Keutzer K,
Candido S, Uyttendaele M and Darrell T. 2023. Scale-MAE: a

scale-aware masked autoencoder for multiscale geospatial repre-
sentation learning. arXiv preprint arXiv: 2212.14532 [DOIL: 10.48550/
arXiv.2212.14532]

Shi X J, Chen Z R, Wang H, Yeung D Y, Wong W K and Woo W C.
2015. Convolutional LSTM network: a machine learning ap-
proach for precipitation nowcasting//Proceedings of the 28th In-
ternational Conference on Neural Information Processing Sys-
tems. Montreal: MIT Press: 802-810

Stewart A J, Lehmann N, Corley I A, Wang Y, Chang Y C, Braham N
A A, Sehgal S, Robinson C and Banerjee A. 2023. SSL4EO-L:
datasets and foundation models for landsat imagery. arXiv pre-
print arXiv: 2306.09424 [DOI: 10.48550/arXiv.2306.09424]

Stojni¢ V and Risojevi¢ V. 2021. Self-supervised learning of remote
sensing scene representations using contrastive multiview cod-
ing//Proceedings of the 2021 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition Workshops. Nashville:
IEEE: 1182-1191 [DOI: 10.1109/CVPRW53098.2021.00129]

Sun X, Wang PJ, Lu W X, Zhu Z C, Lu X N, He Q B, Li J X, Rong X
E, Yang Z J, Chang H, He Q L, Yang G, Wang R P, Lu J] W and
Fu K. 2023. RingMo: a remote sensing foundation model with
masked image modeling. IEEE Transactions on Geoscience and
Remote Sensing, 61: 5612822 [DOI: 10.1109/TGRS.2022.3194732]

Tao C, Qi J, Zhang G, Zhu Q, Lu W P and Li H F. 2023. TOV: the
original vision model for optical remote sensing image under-
standing via self-supervised learning. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, 16:
4916-4930 [DOI: 10.1109/JSTARS.2023.3271312]

Tian Y L, Krishnan D and Isola P. 2020. Contrastive multiview cod-
ing//16th European Conference on Computer Vision. Glasgow:
Springer: 776-794 [DOI: 10.1007/978-3-030-58621-8_45]

Tian Z Z, Zhang H W, Wang K, Liu S Q, Zou Q J, Zhao Z and Chen Y
B. 2023. Application of an improved CenterNet in remote sensing
images object detection. National Remote Sensing Bulletin, 27
(12): 2706-2715 (HPH2H:, skAEAR, 3, XS IH, 487k, X 81,
Mk . 2023, Wik CenterNet 75 1 8% &1 14 H BrAG i Hh (4 1 H
1B IBEEAR, 27(12): 2706-2715) [DOL: 10.11834/jrs.20231638]

Tseng G, Cartuyvels R, Zvonkov I, Purohit M, Rolnick D and Kerner
H. 2024. Lightweight, pre-trained transformers for remote sens-
ing timeseries. arXiv preprint arXiv: 2304.14065 [DOI: 10.48550/
arXiv.2304.14065]

Vincenzi S, Porrello A, Buzzega P, Cipriano M, Fronte P, Cuccu R, Ip-
politi C, Conte A and Calderara S. 2021. The color out of space:
learning self-supervised representations for earth observation im-
agery//2020 25th International Conference on Pattern Recognition
(ICPR). Milan: IEEE: 3034-3041 [DOI: 10.1109/ICPR48806.
2021.9413112]

Wang D, Zhang Q M, Xu Y F, Zhang J, Du B, Tao D C and Zhang L P.
2022a. Advancing plain vision transformer toward remote sens-
ing foundation model. IEEE Transactions on Geoscience and

Remote Sensing, 61: 5607315 [DOI: 10.1109/TGRS.2022.3222818]



FTHE 45 . 28 IR

TR LR 5 AR B

1679

Wang W, Li X J and Wang X. ADC-CPANet:A Remote Sensing Image
Classification Method Based on Local-Global Feature Fusion.
National Remote Sensing Bulletin, (T &, 2= % 7%, T8 . ADC-
CPANet: — 7t J&y i — 4 Jr R iE Flt i A 3 SRR 1R 202607 1% . i SR
2£4R7) [DOI: 10.11834/jr5.20232658]

Wang Y B, Wu H X, Zhang J J, Gao Z F, Wang J M, Yu P S and Long
M S. 2022b. PredRNN: a recurrent neural network for spatiotem-
poral predictive learning. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 45(2): 2208-2225 [DOI: 10.1109/
TPAMI.2022.3165153]

Wanyan X Y, Seneviratne S, Shen S C and Kirley M. 2023. DINO-
MC: self-supervised contrastive learning for remote sensing
imagery with multi-sized local crops. arXiv preprint arXiv:
2303.06670 [DOL: 10.48550/arXiv.2303.06670]

Ying C X, Cai T L, Luo S J, Zheng S X, Ke G L, He D, Shen Y M and
Liu TY. 2021. Do transformers really perform bad for graph rep-

resentation?. arXiv:2106.05234 [DOI: 10.48550/arXiv.2106.05234]

Yuan Y and Lin L. 2021. Self-supervised pretraining of transformers
for satellite image time series classification. IEEE Journal of Se-
lected Topics in Applied Earth Observations and Remote Sens-
ing, 14: 474-487 [DOL: 10.1109/JSTARS.2020.3036602]

Yuan Y, Lin L, Liu Q S, Hang R L and Zhou Z G. 2022. SITS-Former:
a pre-trained spatio-spectral-temporal representation model for
Sentinel-2 time series classification. International Journal of Ap-
plied Earth Observation and Geoinformation, 106: 102651 [DOI:
10.1016/j.jag.2021.102651]

Zheng X C, Kellenberger B, Gong R, Hajnsek I and Tuia D. 2021. Self-
supervised pretraining and controlled augmentation improve rare
wildlife recognition in UAV images//Proceedings of the 2021
IEEE/CVF International Conference on Computer Vision Work-
shops. Montreal: IEEE: 732-741 [DOI: 10.1109/ICCVW54120.
2021.00087]

A comprehensive survey and assumption of remote sensing
foundation modal

FU Kun'??,LU Wanxuan"?,LIU Xiaoyu"?,DENG Chubo"?,YU Hongfeng"?,SUN Xian"’

1.Key Laboratory of Network Information System Technology (NIST), Chinese Academy of Sciences, Beijing 100190, China;
2.Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100094, China;
3.University of Chinese Academy of Sciences, Beijing 100101, China

Abstract: In recent years, remote sensing intelligent interpretation technologies have advanced rapidly, but most established models are
task oriented. Therefore, generalizing them to different tasks is difficult, and considerable amounts of resources are wasted. The foundation
model is a straightforward approach that has recently attracted considerable interest in the field of remote sensing. Although many works
have achieved remarkable results in some tasks for perception recognition and cognitive prediction by using remote sensing single-temporal
or multitemporal data, a comprehensive review that provides a systematic overview of the remote sensing foundation model is lacking. Thus,
this paper begins by summarizing developments in research on existing remote sensing foundation models from the perspectives of data,
methods, and applications. Then, after analyzing the current situation’s limits, we proposed a novel general predictive foundation model.
Finally, some essential research areas were highlighted, and past achievements were linked with the future possibilities of remote sensing
foundation model.

Existing remote sensing foundation models were categorized into three groups according to the data types used (single-temporal/
multitemporal) and the tasks involved (perceptual recognition/cognitive prediction): the foundation model of perceptual recognition based
on single-temporal data, the foundation model of perceptual recognition based on multitemporal data, and the foundation model of cognitive
prediction based on multitemporal data. According to the different self-supervised learning methods adopted, we divided the existing
foundation models of perceptual recognition based on single-temporal data into those based on contrastive learning and those based on
generative learning. According to the number of tasks, the foundation model of perceptual recognition based on multitemporal data was
divided into a single-task-oriented foundation model and a multitask-oriented foundation model. According to different model architectures,
the cognitive prediction foundation models based on multitemporal data were divided into transformer-based and graph network-based
foundation models. In accordance with the aforementioned categorization, we described the current state of each type of remote sensing
foundation models and summarized their data, methods, and application restrictions.

Based on the summary and analysis of the existing remote sensing foundation models, a novel general predictive foundation model
assumption was proposed. The information pipeline for multidomain or temporal data input and multitime or spatial scale task output can be

opened up by extracting stable and generalized time-series hyper-pixel features. This approach enabled the accurate cognitive prediction of
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the future state. Tens of millions of multiplatform, multitype, multimodal, and multitemporal data were included. By combining the benefits
of the transformer model and the graph network, a new foundation model architecture was created, which increased the model’s capacity and
enhanced generalization while predicting multitarget interactions in large remote sensing scenes over the long term. In terms of application,
the general predictive foundation model can be applied to diverse cognitive prediction tasks with multiple spatial and time scales. Under this
assumption, we proposed four exploratory directions: multidomain time series data representation, stable feature extraction, object-
environment interaction modeling, and multitask interaction reasoning, aiming to provide a reference for researchers exploring remote
sensing foundation models.

In general, foundation models with generalization ability are crucial to development of remote sensing intelligent interpretation. We
provided an overview of current advances in this field by collating the current state of research on remote sensing foundation models. By
analyzing the limitations of current remote sensing foundation models in terms of data, methods, and applications, we proposed a novel
general predictive foundation model assumption and further clarified four exploratory directions that urgently need breakthroughs under this
idea. The follow-up work will make specific and important technological breakthroughs in multidomain time series data representation,
stable feature extraction, object-environment interaction modeling, and multitask interaction reasoning. We explored a general remote
sensing foundation model integrating perception recognition and cognitive prediction into a single architecture.

Key words: remote sensing intelligent interpretation, remote sensing foundation models, general prediction, multi temporal data, multi-task
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