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BRGNS HE . KRB Ge Ty . Y b ek
OGS UL R R IR A BE 0 n FF 22 M (Yang 45,
2013; Qiu %, 2020; Sy #lQuesada, 2020). 7EH
Bk RGERAX W LM ASHZ —, LHES .
- i PO o T ARk R b A b K AR R 5 HL
HEEME (Feddema %, 2005; Beusch %%,
2020) . b7 TR . R B R A AR A
R L T A L HRAE L B R I B T )
RbECHE , v A4S T AR S IR A B AU T K R A B
fli . EEAIER, RIFATHRZL R (NLix 5,
2014; XI5 4, 2016).

20 LR, A AL S LT RS PO K R D
KTolAe . Wbt ey nte, HEPHbEZE
KETr, sZm s EREL4; i —R5HE
IR IR R, oo ) [ AR A S R G0 0 AT 2L M
BB (Bai 55, 2018) . N T BSFHFHb 2T 4 A A=
Bk, WEERKENTWES . R SR
B A ol ol T L 1 | (20 S T AT R ST A B
F4) e Jo e A b R At A 25 2R G 0 AR RNIAR 85 5 e )
L, DR R T R L PPA A R A R AR
TERE T 05 WK X - i 56 . i A
TR (Gong%:, 2019; GongZ%F, 2020). M4,
IRBRAAK . R B A b R RN A S AR P TR
B H AR il 5 SRR VA, YW ARy R
- U o % I D € X (B e AN R S
(Mao %, 2019; PengZs, 2019), N T E FiRT
K, BT EBAENZS [ 4) HERAE 30 m £L F KK
1) = b 1) VL BB R 5 B T A ] A HER AT B
BORAN, Al B Z R e T A
XM R L R A S 0% B ) AR SR
T HEETEZ H K, X 535 2 A 1y 2K
BV el A A 1% B FP K

F R G R pyge it B, 8% >k B #0713
EHE, TR ZEREY, BERAA
Ivi] X 3 118 5 4 32 2 W0 5 ), o A o DL TR
R D EM G T RS KA RIENEE ) . e
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FHH PR HEEES T7 o SR AT o] — ol ™= 5 #88 JC 12
JE RN IR AS A] 4 HE 8 L IR | - b BT
T 1A SRR 3 NG FE B 2R . B Lo B
il = S L FE AER S lom M 678 35 T 11 77 GLASS-
GLC (Liu%§, 2020) . BRI K a5 AR A A5 X
(ESA-CCI) 300 m 4> ¥k 1 #h 5 35 2048 (hup://

maps.elie.ucl.ac.be/CCl/viewer/index.php [2020-12-
12] ). MODIS 500 m 4> ¥k + 30 %8 35 7 & (Friedl
25 2010; Sulla—Menashe 2%, 2019), 1 km [E PRt
el e i R A fE R R g8 8w K (IGBP-
DISCover) (Loveland 4§, 2000) . 1 km I H 22z
+ i R (Hansen 5%, 2000). 1 km2Fk+ 7
i 2000 (GLC2000) [ (Bartholome #l Belward,
2005) o I BHEARGT R, 4130 m AT10 mOKG AR
PEAH A Bk b A 55 K] (FROM-GLC, FROM-
GLC10) (Gong%%, 2013, Gong %, 2019). 30 m
PR B (GlobeLand30) (Chen 4,
2015) , Hf I 2 00 R A G R M I R g R
(CNLUCC) (Liu %, 2005; Zhang %, 2014; Xu
45, 2018) . & [ 5K 4 b B BCHE R (NLCD)
(Vogelmann 45 2001; Homer %%, 2004, 2007,
2015, 2020; Xian %%, 2009; Yang%$, 2018) F13E
B 28 A WS A R ST 7 (LCMAP)
(Brown &£, 2020; Pengra & 2020), fEAEN L
Hu il B b, R S AR W R
JEAIR, BT — e R X B LR P,
KA (Wood %5, 20115 Pekel %5, 20165 Ji %,
2018; Pickens %, 2020). AiE/KHE (Pesaresi 2,
2013; He %%, 2018; Liu, Hu %5, 2018; Xu %%,
2018; Gong %, 2020; Liu %%, 2020) , 7k #k
(Hansen 2%, 2013; Shimada %%, 2014 ; Crowther &5 ,
2015; Hamilton F Casey, 2016), @ Hh (Hu %5,
2017; Murray 55, 2019) 25, {HRNfEHE L k£
Ao - b AU AR A ) 5 K

SASKE, O 1 MR 55 R A ]
AR SE R BN ARE e BB R R, an g R
Mo s, AR (9 55, 2014) 0 ISRl 16—
HpE . R — KM AL (Sulla-Menashe 55
2019; Zhu %%, 2020), FEAR 1B ™ b ]
fFEE, BHAT T 857 il B s i (Gomez 5%
2016) . CAKREWFFEIT R TSI Ty 12 0 % —
FpEm S, (Kennedy% , 2010; Verbesselt 2%,
2012; Brooks 2%, 2014; Zhu Fll Woodcock, 2014;
Bullock %5, 2020; Zhu%%, 2020), #RimHk/>43
S — BRI AR . Sy — T, W A
495 T BRI RN [R) AR B R A, DRI LA A 2K
J52 WL i PR AT 6 v (9 b e B 35 20 S (Woodcock 55,
2020) o KA il A 0k — Bl RO X J5 3 (Zhang
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FEAS ) R Y i b BT s i 1, D HR R
il RS L R AR ] R A B AR 2 — (X
2 2017; Liu%, 2019; Woodcock 28, 2020) .
T A LA E SRR, A, TR
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B K (Foody, 2010; Zhao %, 2014; Liu 5%,
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(Giuliani %, 2017) B¥fa L7508 15 768 i i e A
L, BRI AR PR, DA Ak 2 T R it
X KA B 22 i 935 18] (Killough 2018) o 4T,
BT I TR 3777 R S5 R E (Open Data Cube —
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[2020-12-12], Earth System Data Cube—http://
earthsystemdatacube. net [2020-12-12] , Earth on
Amazon Web Services—EAWS—https://aws. amazon.
com/earth/ [2020-12-12] #1 Google Earth Engine
(Gorelick, Hancher et al. 2017) —-GEE, https://
earthengine.google.com [2020-12-12] ), B A& T
— & DC, Hi Digital Earth Australia (Lewis 25 ,
2017), Swiss Data Cube (Giuliani %, 2017) Al
Africa Regional Data Cube (Killough 2019) . iX %&£ )i
FRAE AR EE Ve RE THSA AL AN = T H 3 PR B8 S B s
filh 22 49 32 it 7 FF (Lewis 5%, 2016; Rizvi 5%,
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TR BT AR WA, U1 R Y A2
IR HC A 10 5 2 WL 0 S A AT 0 — 0 R I

2SS, DME T[] 81 204

Landsat J2& 4 [if B [8] /5% 51 43 A7 A i) 1 o i FH e
2 B EBIEIE (Woodcoe 28, 2008; Wulder
4, 2019) . X5 Landsat 84S FF AR EL . 5 F i
[F), 52 0 0T Al LR X6 B 28 A5 A A AR R OC &R
(Royfff, 2010; Loveland #1 Dwyer, 2012; Wulder
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30 m Y23 ] 43 B SR AR R A ey, AR 5 e 25 T 4
PR PR R RS A% . ek, Landsat T1AEZE
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XoF SR o B R A BN SRR SR TR R I
AR A LU B T A R . BTl
AT BT R AT L IR G T5 1% (Shen
8§, 2015) ¢ TS ) 77 i RO B HEATR
T 7 D Rl DX, AR T VR AR O
(Zhang %%, 2007). HFE/DEEHER, HTFE
[F) 1) 7 V5 JC Rk T R B . X — R
A PLIE i OGS & R R TTROEIE R B b &
AR E BT Y & R B R 3E Ik (Wang 55,
2006; Rakwatin %, 2008; Shen %, 2010) . {H
R, BTG RY J7 v H AR A 40N 0 T HOE R R
AARGERN HAA R BEIEN . BTN
PEFNAL SRS 14 I 22, 7 () — 3 B DX HL7E A
(7] B J0 8 B ) 5 v AR AN A5 R . X TR T
T8 B 75, G SR I ) T B AL, D) 7P A e 2 5
P =W R A, JF ELI [E]AH M 7T RE
e AHJZ, A0SR ] ] B R RC, U) b h
Bl RE2s AR ARAR I, TSR ARG . % WA
)G (Melgani 20065 Chen %, 2011; Zeng
45 2013; Cheng%s, 2014), HfEIIEN:  (Roerink
&5 2000; Chen %%, 2004; Julien F1 Sobrino,
2010). Kk sy MSs &, FAE=H, Stk
IS TE] 38 A A OC PR AT DGO B A AR,
(Benabdelkader #1 Melgani, 2008; Zeng%, 2013;
Cheng 55, 2014) . PR @ ks, ©# 4%
MODIS 5 Landsat £ 45 @il & 19 Z Fh 535 (Gao 55,
20065 Zhu%E, 2010), (ESUMRK LAY, i
AL DA v A B B TR A3 AR AT B S AR A A
PRSI T U, /D OB i P& A= 7 At A
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Fig. 2 The flowchart of seamless data cube reconstruction and land cover mapping for China
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ARILFEET W G # = i+ H AWS  (Amazon web
Services) 13, & THELIH . Atk Tk
55 . i ) I 14 18 SO A 7 B AR o 1 &R
4, LISEmiAiBA - b B AR . AWS A JF i 4R
(AWS Open Data) & " frif5 i Landsat. MODIS
IR . AWSEPERE . misdE . TP R
oA G Ty, W T PR AL B PB SRR 1 1A B
P w5 5K o & B AWS Step Functions, ¥ AWS
Lambda, Amazon ECS (Amazon Elastic Container
Service ) FRRFSUG, BET Ak, TS
i 2 o A A P . AWSHREE T SE RN
TR B FIHLERF 2T 55, R Amazon SageMaker
TH, msetmillge 7 AR08 2RV & 45
MY, IR Bl AutoM L XS AU 25 44 A1 S 01 TR
FEVAE, B2 5e oA R M RE S

21 ETEMEENTEGELAERBEGER

2.1.1 HiEWmALE

A SO T ok AW 5k A B A (AWS
open data) A = f7fifi (Google cloud storage)
fy 2000 4 —2019 4F fr A7 7] A Y Landsat LIT
(Level 1 terrain—corrected) $21% . [ g fl P — 3t
£45 579 Kl iE (Path/Row) o K 5 Landsat 43 #7
W2 K05 ARD (Analysis Ready Data) A [r] #4318 2

XF T A Landsat 008 #E4T RARE | A2 i3 i S g
. (Masek %, 2006; Vermote %5, 2016). =~ M
~ AN 5 #E IS (Zhu fl Woodcock, 2014;
Qiu 5, 2019) SFALFEFEA . 7 ARD Zb 3 4h,
T AT I XF AR BEAT T B K5t 53 A1 #R £ BRDF
(Bidirectional Reflectance Distribution Function ) #%
IE (Schaaf %, 2002), “: )& BRDF £ 1E 2 8 3
NBAR (Nadir BRDF-Adjusted Reflectance), LI &
XPILIX AR AT T B AL IE (Soenenaf 5, 2005) .
% B ENE AR Z B 22 5, FRATTXT OLLANT™ 14 )2%
AT — AL IE (Royaf 55, 2016) . FFA Bds
HLURAFAE s T RE I | A IR bRic . BB s
AR (iile), 753 )5UA R EHE L 7K RDC (Raw
Data Cube) . Data cube 212004 T 3@ B 19
VilnVERE, B IS S AR EE s s n] AR A%
RELAZ MM RUBE 73 & 5 ARD Ab BRBR AT BT A7 4L
INER N R

SR 2 e AR %) I ) AT A A s ] SE R, AR SC
K T K H AWS open data 1 32 [ H Ji7 5 5 &)
(USGS) [A]3H1#Y 500 m & H MODIS MCD43A4 £ 7%
R NBAR 248 77 i 55 Landsat 20 i B2 FE . H R
(B I BOY MODIS #EAT AL B] . Bt T B ik 1
firon o FRMFE AN L, A T MODIS raw data

cube,

% 1 Landsat’5 MODIS % 5z i
Table 1 The corresponding bands of Landsat and MODIS

/pm
WE Landsat NBAR MODIS NBAR
Landsat 5 TM Landsat 7 ETM+ Landsat 8 OLI MCD43A4
Blue 0.450—0.520 0.450—0.520 0.450—0.510 0.459—0.479
Green 0.520—0.600 0.520—0.600 0.530—0.590 0.545—0.565
Red 0.630—0.690 0.630—0.690 0.640—0.670 0.620—0.670
NIR 0.760—0.900 0.770—0.900 0.850—0.880 0.841—0.876
SWIR 1 1.550—1.750 1.550—1.750 1.570—1.650 1.628—1.652
SWIR 2 2.080—2.350 2.090—2.350 2.110—2.290 2.105—2.155

212 EER=EESHNE

MODIS %54 W A% 3 vy, HAME BARXT £,
K G ML B 3 AR X MODIS A4 E 7185 .
Je, A SO AR AT A L% O A &b Bk NSPI
VERES
2011) X} MODIS &k 2 o 47 51 %b .

(Neighborhood Similar Pixel Interpolator)
(Chenaf % ,

NSPI J7 32 i 3 ] 20, (5] B S5/ 1 1 53 2 %
(Zhuat %, 2012). NSPIJy k3T W2 CiE(S
S ZS (R SR PR AR, DL B R A A ) R
FRAE PR A R, DAARIT B [ AR AE A S
%o, fd O oA MEEL R H O OH bR R &

(xu,/z’ Yusas tP>
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lwﬁm%m%mzyyxiWﬁxF@MJ#$+nx
i=1

(F(xw/z,y,‘,/z,t,.,B) + iWﬁ X

i=1

(F(xi,yi,tp,B) - F(x,»,yi,tr,B))) (D

Kb, FRRUR, BREEE, ¢, 7002wl
ZEZNE, NZMPREREE, w2l R/,
(xw/z,yw/z) AT E R, (x,,y,) 5 D FR
BROGE. W WA BT AN, ekt
FRAMAPERMAE, T, T, 2% TOh—
(] DT — Rk A] Y T A 0000 45 A R AL R

i — 20 R HUIMACECRE 50~ 551k (weighted
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Fig. 4 Spatial distribution of mapping samples(Land cover: different colors represent different FROM-GLC level 1 classes,

the proportions of each type are shown in the pie chart; Land use: different colors represent different CNLUCC level 1 classes,

the proportions of each class are shown in the pie chart)

+ A FHEEA DL CNLUCC 724 (Xu %5, 2018)
HoRAE, 21 HZELCRAIRE 20004, 20054F, 20104F
20154 41, SERT A ZE B 29E W Tl B IR
BE AT AR Ry oy N 2 09 A3 Bk IR (Zhang Fil Roy
2017; Songfff, 2018; Brown ZF, 2020; Liu %,

2020) . A T PRUEREA B AT SEPE AR (51, 2547 T
itk . BT, FEALAIUR A I R X AR, okt
RN G, LDl BERI SRS (Brown 4%,
2020). HU, SRR FR 8 MEEAMFR,
L 1 B TAS A B O T AT SR A RE AR (Wang



BRFTETNG: 21 A% H ICAEEd IR A7k R s 2 1 A A e AR Sl — PR S 14 iMap (China) 1.0 135

45 2019; Brown %5, 2020). A T i 5] 4T
BRI, RSO E T, T T 502 Rl
PLRFE . I —SL R T 46 J7 BEDL S MO ZRkE A,
11 7 BENL S AR UERE A, I ZR R3S e RE AR A 57 HL
AR FEARS RS K, HEAZMbR%,
R 4 (c) —K 4 (d)s

XFF M TR R RS, K 2015 4 2R,
HFIAEMNSZE, TR SRR, *a
AR, CRHESRER L2545 (200045, 2005 4F
20104F . 2015434 1) RAEHEARMERM S
FIA—E R, HAREARE KM (Gong
45 2019; HuangZ, 2020) F8H TREAIE R
FIA R . %I B, 2 ek E R 2 il
B F B SR 02t W BE ML AR MRV, 7R SR I A
A AL AR 40% , SN ZRFEAS 1) B 158 LE A1) 8
FN20% W}, 3 FHE BRI RALN 1%,

224 HEHFFLE

Landsat £04f 25 [8] 73 R & 30 m, X2s[A] BF
SCAR BB AR RS AN mi L A AT SR T A AR
P25 1Y 1 o HI R BE ST 028 . B IEF B
SDCREE M B m HAE R F &, AR
BETRER S RAE, WML R0 i
ZEE sy . BT A S PLEs 2 > AutoML
ey
AutoGluon T.H- (Erickson %5, 2020) JlIZx24s,
F 3l 58 BB AL 9 | 2 A 1 0 ) R A e R
K73 AR AFHENLARAM (Random Forest) | Hi
FEAL#  (Extremely Randomized Trees) . k i i1 4l
(k—Nearest Neighbors) | LightGBM $2& Jt #} (LightGBM
boosted trees) (Ke %5, 2017) . CatBoost # F 4

(Automated machine learning) B A

(CatBoost boosted trees) (Dorogush 2 2018) . &
M 2% (neural networks), JFfifid BB AR, #H—
W TR ENEE . by a R h s
o, AT 2REERIAT T IEA R, SRR KRG
B M K I R B R Bl AL 3% MAP-MRF  (Maximum a
Posteriori Markov Random Fields) (Liu #1 Cai, 2012;
Wang 55, 2015) XJiZAE R FMER 1T okt
P [N A ] AR 2 T 2= 1 R 3400 ik 1)
J AR ] 55 BFAST  (Breaks For Additive Seasonal
and Trend) (Verbessel 55, 2010) #4748 fbAa i ,
T — B ) BN, R SR iz B AR 2
), AR I — AT e

3 45 R

31 HE2IHMLHE30mZRBE EEHEIFE

TG SDCEAERA, HIETTEHE
21 40 IR EE H 30 m 43 BEAR SDC. 45 3R
WK s (FHES: GS (2020) 7429%5), Hi
5(a) & 2019 4 EA BN AR, B 5(h)—
K5 (e) S5 M\ 2019 4 44545 Fh Bt WL LI
— KB EAGQ T R . BROkEL, SDC % [H]
Bk, HAxRRmERRNEHE, Ry
iy Jiz Rt 2 1) ECSR O o TR, SDC 3 i 4 i
HEA%R, Wl LLFE 43 J AT — b 0 Bt s i) 22 Ak ) 4
BEENBGEE, BT &0 PR T4 %,
AN, TESDCYEIE I BLAN, MW AZEE T
RS (QA) JEB, oS R A B AR 1Y
AL, OfFERARER, WES s . B
S BURMEAE, DL S R A B A RN AT AR
LA 1R85 B R g T R

(b) 2019-04-15
(b) 2019-04-15

(a) 2019 4E5
(a) 2019 composite

(¢) 2019-07-15
(¢) 2019-07-15

(e) 2019-01-15
(e) 2019-01-15

(d) 2019-10-15
(d) 2019-10-15

K5 E TR L R B (5 1R i

Fig. 5 Example of false color mosaic for China seamless data cube
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Fig. 6 Seamless data cube validation results
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(The box plot is a summary of the confidence for each class)
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£ OA (Overall Accuracy) , & A & % (Kappa
coefficient), &I 45 UA (user’s accuracy)
HeyrEHGE E PA (produccr’s accuracy) & ARH
- 4 7 55 I UEREAR SN - 1 7 25 P S SR A A

2 245 R iR 2015 4F FROM-GLC — 225 +
L i 1l 121 25 2R R 1AORS B2 80.8%, Kappa 28 %N
075, Hrdkss . BRILPIZEPA, UABH L T
80%. AXHLZEHI PA . UA G35k 5] 78.6% Fi184.6%
ANBKIEG PAIER T 75.0%. HEA . WP

T FEAS LB /N, G BEARRT AL AR, AR —2 &
SRR . RH IR S, 31X 3 2 SRR HEAT B =
AN 26 R AT R 43, SRR B0 43 X i
o ORI LCMAP F= il i . JEAR AR
—R, BE-E, AP EERD, SBUFERE
JEAG . FURg UK, sy A fEdLEh 60° LA LHbIX,
()30 [ SE PR IJF AN 8 T & 434 X . FROM-GLC —
Y ARG M 73.3%, Kappa 4 0.67, BRHiA 2
AL, FAHIRE RS N E -

®2 20155 FROM-GLC —RH EERWIELER
Table 2 Validation results of the 2015 FROM-GLC level 1 classification system

eSSl 10 20 30 40 50 60 70 80 90 100 UA/%
10 308 26 16 8 0 0 0 5 1 0 84.6
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Abstract: Sustainable development goals such as food security, high-quality habitat construction, biodiversity conservation, planetary
health, and the understanding, modeling, and management of the Earth system urgently require multi-scale, long time series, high-accuracy,
and consistent remote sensing observation datasets and mapping products with flexible classification systems to meet user needs. However,
due to technical and cost constraints, it is difficult for conventional remote sensing satellites to provide observations with high spatial
resolution, high temporal frequency, and high quality at the same time. The existing mapping and inversion schemes are mostly for a single
sensor, making it difficult to fully exploit and jointly utilize the information potential of multi-source heterogeneous remote sensing big data,
resulting in limited observation periods and resolutions, low spatial and temporal consistency and comparability. Therefore, new technical
paradigms are urgently needed in the field of remote sensing. In this paper, based on advanced technologies, including cloud computing,
artificial intelligence, virtual constellation, spatio-temporal fusion reconstruction, an intelligent mapping framework is proposed for remote
sensing big data. The framework is user-driven and problem-driven, which can significantly improve the current situation that remote
sensing data products can hardly meet users’ diversified and high-precision surface monitoring needs in agriculture and forestry
management, national monitoring, ecological environment protection, disaster prevention and mitigation, urban planning, etc. Under this
framework’ s guidance, we built an online real-time, automated, serverless, end-to-end remote sensing big data production chain and parallel
mapping system based on Amazon Web Services (AWS) high-performance, elastic, and scalable distributed computing resources. We
produced the first set of 21st century daily Seamless Data Cube (SDC) and seasonal to annual land cover and land use mapping products of
China. Integrating Landsat and MODIS satellite as a virtual constellation, through multi-source spatio-temporal data fusion and
reconstruction technology, the daily SDC, cloud-free, high-precision reflectance product, is developed. As Analysis Ready Data (ARD), it
lays the foundation for high-precision quantitative remote sensing inversion and mapping. Based on SDC, we developed the seasonal to
annual mapping product with multiple multi-level land cover and land use classification systems, whose mean annual accuracy exceeds
80%. The main mapping pipeline includes migrating the all-season sample set based on stable classification theory with limited samples,
optimizing and ensembling multiple classifiers by Automatic Machine Learning (AutoML) strategies, and using change detection and post-
processing techniques to achieve consistency. The two sets of products demonstrate the feasibility and effectiveness of the intelligent remote
sensing mapping framework proposed in this paper. We will continue to improve and develop the framework with an open and flexible
concept to provide new ideas to promote remote sensing development in China.

Key words: seamless data cube, daily, seasonal mapping, cloud computing, intelligent remote sensing mapping, long time series, change
monitoring, artificial intelligence, spatio-temporal big data



