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1 API (Application Programming Interface) , JG %
TEAS M 2R B, A PT ABEAT AL B4 BT o XA
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KA Vs BRCR, Ik 78k e,
A AT 5 AP 55 & _ExfE LS A 4 Bk R
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BT 5 0 SR BRAE AR SR K T 1), 48 H o [ 3 Je
nIEAE AR R, DU R
BRI 2 R AR IS S

2 BRI ERARE

R & = TR & 322 D36 AR b Bk 5 |
¥ GEE (Google Earth Engine) (Gorelick %5, 2017)
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LI HLER KBRS T AR A MR KB 12 4
M 258 EarthDataMiner (Liu%s, 2020a). iK%
P& 1Y 128 55 2 I 55 °F- 55 Pixel Information Expert
(PIE) -Engine, CLZHUG T HEIRE.

2.1 BHIHEKS] 2 Google Earth Engine

Moore #1 Hansen (2011) 7E 2011 4 2€ [F #i Bk
Py BRI & K BT IR T —Fh A Ak RO
HEROWIEAE , #HA7 w28 o it B G —
GEE, 1% & i Landsat 5/7. MODIS (Moderate
Resolution Imaging Spectroradiometer) JJj 87 iz J3 %
WA K =ik, AT Google A vl 223K H T & Ik
o SO LB L€ S TN (=R e R
e g PR R 07K B S . Hansen 5% (2013)
fe FORE GEE BT T4 BB AR I3 A A AR AR iy, 5

BLT 2000 4F—2012 4F 30 m RUEE () 4 BR AR AS K U
Mo AR A T 12453 654178 5t Landsat 5214,
2 1000000 4~ Central Processing Unit (CPU) it&
B, T GEE #FE I 10000 4~ CPU BEAT 2 o 5L
HAET 4 R ESE A TH R, ZBERT I 1%
FERIA AR )2 6T, 1w 3Cs I AT 3400 1 (4
Web of Science, #{1k2020-08). 2019 4 GEE ¥ I
JE%: 2] F- 15 TensorFlow G ik, #E— 04T T H
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11 2019-09, GEE Htm ¥ dli O i 29 PB,
i 290 A SR RS . S00 T REAR, &
FEIE RGN R 29 4000 5248, A4E (1) @Y
BEE, 4R AR R (Y Bt b B8R T2 & Landsat &
G WL Sentinel R . AE S PR AG O IEAY
MODIS, A K Jj &8 DX I 14 155 23 B 24 52 45 55 508 5
(2) MIBBHE, HHHE A s sk AR
41 SRTM  (Shuttle Radar Topography Mission) %5 ,
PLR X I s AR, W0 AveticDEM 455 (3) 3t
PR, G2 BT, 40 GlobCover 5, LA
XA+ i 8, 41 NLCD (National Land Cover
Database) 4%; (4) KA. FERAMRSEIE,
5 THI U B A R S 38 R A RTINS A7 {1
FAR G TR S ) R AR DL R s ]
I AOLI B R R A (5) AN B, R
WorldPop #1 GPW  (Gridded Population of the World )
PSR s (6) JLABMIAS Bt , AUFE 2Bk AR AMIE
JZ 8 5 Global Forest Canopy Height 584 5% ; DA &
(7) #4r% &8 ¥, W RESOLVE Ecoregions 45
(£ D). [, GEEM P arLh B A Al uk
K BAE B Assets HEAT I 2250 1. GEE £l 511
il ikt 24 https: //developers. google. com/earth—
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222 National Remote Sensing Bulletin i & 54k 2021, 25(1)
#®1 GEEFEHZHIEE
Table 1 The primary shared dataset of GEE
YIS PRFRAS B 43 HER Itk B T 5 23 ) B
Landsat 8 OLI/TIRS 30m 16 d 2013—H7E LBk
Landsat 7 ETM+ 30m 16d 2000—FL1E AER
Landsat Landsat 5 TM 30m 16d 1984—2012 AR
Landsat 4—38 surface reflectance 30 m 16 d 1984—F7E LER
Landsat 1—5 MMS 60 m 16 d 1972—1999 AFR
Sentinel 1 A/B ground range detected 10m 6d 2014—BL1E 43k
Sentinel 2A MSI 10/20 m 10d 2014—I1E Apk
Sentinel Sentinel-3 OLCI kirl;::ml?lz:{:n and Land Color 300 m %2 d 2016—BitE Ak
Seninel SPTROPOME: TROPOSthre iy gog s g
MODO8 atmosphere 1° BR 2000—I7E 4Bk
MODO9 surface reflectance 500 m BER/8 d 2000—HL7E LER
MOD10 snow cover 500 m (SN 2000—Fi ¢ 4ER
MOD11 temperature and emissivity 1000 m BRI d 2000—FL7E o
i MCD12 Land cover 500 m A 2000— B £ Ak
gj MOD13 Vegetation indices 250/500 m 16d 2000—3HAE AER
g~ MODIS MOD14 Thermal anomalies & fire 1000 m 8.d 2000— B 7E pS
MCDI15 Leaf area index/FPAR 500 m 4d 2000—H7E AR
MOD17 Gross primary productivity 500 m 8d 2000— 7 4Bk
MCD43 BRDF-adjusted reflectance 500/1000 m 8d/16d 2000—¥R7E 2N
MOD44 veg. cover conversion 250 m R 2000—HL7E 2Bk
MCD45 thermal anomalies and fire 500 m 30d 2000—FHL7E Sk
L1 T radiance 15/30/90 m d 2000—HL1E LBk
ASTER Global emissivity 100 m % 2000—2010 4R
SMAP Global soil moisture 0.25 &% 3d 2010—FLTE AER
PROBA-V top of canopy reflectance 100/300 m 2d 2013—Hi7E SN
EO-1 hyperion hyperspectral radiance 30m FT HiR 2001—7E 4ER
b SRR DMSP-OLS nighttime lights 1 km R4 1992—2013 43k
i e RS VIIRS Nighttime 1590 A 2012— e AR
Planet SkySat Public Ortho Imagery 0.8/2 m JeA 2014—2016 LRy X I
USDA NAIP aerial imagery Im AR 2003—2018 F A
Shuttle Radar Topography Mission 30 m LR 2000 60°N—54°8
USGS National Elevation Dataset 10m Hm 2K eS|
USGS GMTED2010 7.5 S Li8/e ZIK 83°N—57°S
HIEE GTOPO30 30 5KFS Hm 2K 4Bk
ETOPO1 19853 LR ZIK K2
ALOS DSM 30 m H 2K 4Bk
Australian 5M DEM 5m Bk £k(2001—2015) TRRH L.
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gk
AR FRFRES R 3 FRA I DKL e IF] 7 5 73 ) 7
AHN Netherlands 0.5m DEM 0.5m H £ (2007—2012) faf 2%
Canadian Digital Elevation Model 0.75 1 F> R ZK JIEWN
o . . 60°N AL, K BTy
ArcticDEM 2/5m BLYC ZIK A1 B
CryoSat—2 Antarctica 1km DEM 1 km R £ (2010—2016) R
WWF HydroSHEDS Hydrologically Conditioned DEM  3/15/30 JE) I 2000 4Bk
GlobCover 300 m Je ) 2009 90°N—65°S
USGS National Landcover Database 30m TeA 1992—2016 EREAL
UMD global forest change 30m FAE 2000—2019 80°N—57°S
+ b 7
JRC global surface water 30 m HH 1992—2019 78°N—60°S
GLCF tree cover 30m 54F 1992—2016 EEEEN
USDA NASS cropland data layer 30m HHAE 1992—2019 EFEA L
Global precipitation measurement 69Ky 37N 2014—3AE 4pk
TRMM precipitation 159053 3/ /A 1998—H ¥ 50°N—50°S
CHIRPS precipitation 39K43 5d 1981—H7E 50°N—50°S
NLDAS-2/2.1 7.5 9843 L/ 1979—I A% Je3e
GLDAS-2/2.1 159043 37N 1948—H7E 4Bk
R, NCEP reanalysis 2.5 6 /1N 1948—H1E 4Bk
FERRIRS ORNL DAYMET weather 1 km AR 1980—H7E 3
GRIDMET 4 km (SN 1979—FH 7 FEA A
NCEP global forecast system 15984 6 /NEf 2015—H7E 4ER
NCEP climate forecast system 125853 6 /1NHf 1979—3I7E EEEE
WorldClim 300F 12 5584% 1960—1990 AER
NEX downscaled climate projections 1 km (EPN 1950—2099 | SS
WorldPop 100 m 54 £ (2000-2020) K28
A GPW 3090AD 54F 2000—2020 85°N—60°S
HAb K Global Forest Canopy Height 30 9KFS K 2005 4k
RESOLVE Ecoregions R 2017 4Bk
US EPA Ecoregions R 2013 eS|
Large Scale International Boundary H 2017 4Bk
TIGER : US Census States/Road/Countries/Blocks LN/ 4 2010, 2018 |
WWF HydroSHEDS Free Flowing Rivers Network v1 R 2000 LFR
LSSy ie FAO Global Administrative Unit Layers PAYR 2015 Eoecd
GLIMS: Global Land Ice Measurements from Space LisR/ ¢ 2017 Eoecd
Global Power Plant Database R 2018 4Bk
NOAA NHC HURDAT?2 Atlantic hurricane catalog LR 1851—2018 PNLRES 81
NOAA NHC HURDAT?2 Pacific hurricane catalog AR 1949—2018 RV

WDPA: World Database on Protected Areas 3 H 2017—3AE LER
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GEE 244t 7 K& s B, Wk 111Kk,
(1) #1812 % Numerical operations, (2) ZH/fE I@
BHE Array/matrix operations, (3) ML#s2% > Machine
learning, (4) HAWZGERLEANE, (5) BiaH
Kernel operations, (6) A5 1512 & Other Image
Operations, (7) i # 4 Reducers, (8) JL{ifiz
(= Geometry Operations, (9) FH/EE G 15 Table/
collection operations, (10) 2% /M #% i 5 Vector/
(11) At % 4k 26 B4 Other data
types. IXSEREIZ A EEAT 8RN, B (1) &
%0 Per pixel , (2) B Perfeature, (3) Z5ef%
Per image, (4) iZ521% FL - Per image tile, (5) &
FLH Per tile, (6) T SCAH I Context—dependent,
B U 4 Scatter/gather

raster operatlons s

(7) Vit Streaming, (8)

(Tamiminia s, 2020).
22 HMERARITEFES

B T Google 2~ Fl ) GEE, HiAth 3% J8& = 115
Bk Rk, B SE E AL A AT K R NASA
(National Aeronautics and Space Administration) [
NEX (NASA Earth Exchange) (Nemani Z£, 2010) .
iR /R SZ56 % Descartes Labs . Amazon Web Services
(AWS) . % 4 57 J7 /K Data Cube, CODE-DE
(Copernicus Data and Exploitation Platform—DE) LA
Ko [ B b BR R 12 48 73 At R 4¢E EarthDataMiner
I PIE-Engine ¢ (F2). [RIEF, B2 1)k
N, AR R Bils . R W
SenseEarth - 5 LA 48 5 A 2l 18 IR < 151 & 1 2
B

%2 HNEENENEEEREHTAML

Table 2 Comparison of main remote sensing cloud computing platforms

BEAITHG A

API [ 1k

B IEGAR B, MR, A R

GEE(ZEH) P, KA AR AR A A B A
S e
NEX(EM) MODIS, Landsat, VIIRS, GOES, Sentinel-2,
NEX P RS SRS A 4 5
1G4 (Landsat , Sentinel , SPOT, Pleia-
R R AL
;ﬁgd *zﬁb% des ), X Z 58 (NCEP CFSR,NOAA
covartes Labs GSOD ,NOAA GFS%2) , i FAcH , gt
() .. " .
075 /ATS 546 , ] 2500 25
Landsat 8, Sentinel 1/2, /7 [ R %5 10
AWS
el S (CBERS)##i , OpenStreetMap £ 45
BRI TR Landsat, Sentinel , MODIS,, 7K 4%, 18 [&) 4
Data Cube GE A FIVE) R M T L S S b R R

CODE-DE ({# %] ) Sentinel , Landsat , -+ 3 7 #%

TR IR, e A AR, R
FOHE , il st R R T UL Al 5
JE2 S R P E A RN A S
A TR A

Hi R IR Z 58 73 B &
% EarthDataMiner( H7[E )

PIE-Engine(H1[¥ ) Landsat , Sentinel , 28 {¢ -8 545 4

JavaScript, Python https : //earthengine.google.com/

MATLAB, IDL %

https : //www.nasa.gov/nex/

Python https : //www.descarteslabs.com/

C++,Go, Java, JavaScript, .NET,

https : //aws.amazon.com/cn/earth
Node.js,PHP, Python, Ruby

Python https : //'www.opendatacube.org

Python https ://code—de.org/

Python http://earthdataminer.casearth.cn/
JavaScript https : //engine.piesat.cn/engine/#/home

1 : 475 2 VIIRS: Visible Infrared Imaging Radiometer Suite , GEOS : Geostationary Operational Environmental Satellite , IDL: Interface descrip-

tion language , NOAA : National Oceanic and Atmospheric Administration, GSOD : Global Summary of the Day, GFS: Global Forecast System, GFSAD:

Global Food Security Support Analysis Data, CBERS: China — Brazil Earth Resources Satellite program.

MT R APIﬂIiJrﬁEF/"ﬂ/\ﬁﬁ, Xt H:
b AT G #EATIAG, AR
(1) A% RETEED TR S L

() AT B S 2 I B Bl R B v AR g B 3R T L 0
JEEHE (U0 Landsat, MODIS 4%), =i
Bl , ORI RS, RO RLAE R A,

Sentinel ,
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NEX [ RUBE S 5 B2 4 % 48 48 . NCEP  (National
Centers for Environmental Prediction) CFSR (Climate
Forecast System Reanalysis ) $(#li%% (£ 1), BT
BRI Z AN, Bk R B AR 12 e i R G
EarthDataMiner i 2t 222 BHER , Bldn, 92k
B, KRR, BEA R A b
DG 55 . H R JR S50 % Descartes Labs [ 123 JF
Rt Bn, LSRRV ESE, B0 SPOT (Satellite
Pour 1’ Observation de la Terre) TR, AHIAHL
KPR ATS (Automatic Identification System) o

(2) APL, 3£ 1 LA R = R B4R LAY
APT#: 1077, Python APT#: 118 %, £ 64, NEX
$& fit MATLAB, IDL # 1, PIE Engine #2 fit
JavaScript APL{£ 1,

(3) B, JLRE RS R B8
RBAE R, U0 NEX A8 7E NASA Ames JF52
O e BT, HRI/RSES % Descartes Labs
B TE Google = F &, AWSH#E 7V 5 i = ,
CODE-DE 58 1535 22 si A Bdla oy, RO K s
2453 T 22 58 EarthDataMiner #5275 5RO EE B
% THEZFH, PIE Engine #5148 Jy 2= M1F 1
Hz.

BT EPRERRITRETFE, ETHY
SenseRemote % [E 1 /& fi# 1% 55 1% A9 SenseEarth
(https: //rs.sensetime.com/ [2020-10-09] ), PFifH
IKEEBE Rz A AR BEIRAT I AN TR BE 51 2% Analytical
Insight of Earth (Al EARTH) (https: //cn. aliyun.
com/ [2020-10-09] ), PAKJBIRIES Z K BHEA
Al 4 “WeEarth # 2% #1 8k 7 (https: //cloud.
tencent.com/ [2020-10-09] ) L ¥E =3 [b] K 4 4k P
HEA RN, SaN I TiREEE . KM
TR0 A T A BRI, AR AR AR 3 AR BT IR U,
PRI D255 Rl s

3 ERATHRE G IR N

#1E512020-09, iEE ARG DL GEE
T2, HAl A A1 55 NEX, EarthDataMiner
. XHLLGEE Bl FH ], W s i A
-G FE MU ER B 25 5 R N S TARE . A GEE &
MK, AR C LM GEE JF R T8 A0 3
K SR A7 T A KA B . SR R
b RFE A H AL~ TAE (Amani 5, 2020
TamiminiaZs, 2020) (K1),

HEIK

Y A

D N EN D D R

T ERR MK Byt R iR ol
WAL HRASE iR A Ak Wiidesk AR
zAsll HEFAARE LR WA PRAGS

UKL R RRA R AR

KERII

KGR AWM K WA RN

WAESE  ARAIRAR lIP H

AR ARARGERE R RETRHLERI

RET BN il
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Fig. 1  Earth science applications of remote sensing cloud

computing platform

Pl Nature (% ¥ ). Science (& FT]) F3k
E E Z R B BE T (PNAS) b EHIF) B & iy SC
=, #k 2020-08 i€, GEE {8 H T2 405
m: (1) 5wy A AR H . anaek/
X B B AR ZE AL (Bastin 28, 2017; Ceccherini &5,
2020; Finer%, 2018; Hansen %%, 2020; Hansen
45 2013; Qin%E, 2019) ., ABR/IX I &K AR 1k
(Donchyts%, 2016; Pekel &, 2016; Wangfff,
2020; Zou %, 2018) . A M il B (Zeng 5%,
2018) . il AEHI A (Ordway %, 2019) . 37 il
(Liu 5, 2020b) . #1901 7 97 46 9 ) K1 (Ho %%
2019) . 2R (Murray 55, 2019) . =i
PAEME (Nienhuis %5, 2020) , 4=BRIN 3 vk 35 48
b (Yang %5, 2020) . ¥ /7 {2 (Overeem 5% ,
2017). 3R (Ielpi%ﬂLapétre, 2020; Valenza %,
2020), (2) HEHZSALAHICN T, A4 42 BRAARAK
2 (Bastin %, 2019) . Jb i ZE&¢ (Myers—
Smith 45, 2020) . HE#I A1Z (Venter %, 2018) .
Wk 7 & (Badgley 5%, 2017; Bogard %, 2019;
Maxwell &%, 2019; Roopsind%, 2019; StockerZE,
2019) . tHYZEMS (LiusF, 2020c) . P& (Laskin
A, 2019) . UHEAGTE (Burke #1 Lobell, 2017) |
M ZREPE (Betts 2, 2017; Dethier 2, 2019;
Jung %%, 2019; Pfeifer %, 2017), (3) sh¥tH %
W, s R (Joshi 5§, 2016) . sh#ikft
(Miller 2, 2019) . ¥ EF% 254k (Giezendanner
& 2020; Hendershot 2%, 2020), (4) SfE2r{k
ORI : A AARKE (Walter 5, 2019) UM
254k (Tuckett 25, 2019; VenterZF, 2020). K%
22 (Chud]eyfff, 2019; Kraaijenbrinkfff, 2017;
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Ryan 4%, 2019) . IWPKFRFIRREE, (5) AFEftaz
s SRR DGR ] . A kIR T AT 3A e (Weiss 55,
2018) . A (MacDonald Fil Mordecai, 2019;
Wu%s, 2020). %5 (Orengo%:, 2020). &%
R (Miiller %5, 2016; Watmough %5, 2019;
Yeh %, 2020) 4.

[, WA GEE X5 AHC TAEZEAT 1 L B i
FHER (FAERIIRSS, Software as a Service, SaaS),
)0 . 4 3R AR MK WS I (Global Forest Watch,
https : //www. globalforestwatch. org/ [2020-10-09] ) ,
ARl (Map of Life, https://mol.org/ [2020-10-
09]), 4Bk LK H K (https://global-surface—
water.appspot.com/, aqua—monitor.appspot.com [ 2020—
10-09]), JEF A il ] (The Disease Surveillance
and Risk Monitoring, https://www.disarm.io/ [2020-
10-09]) , - Hi i il BB AR 03 B (Collect
Earth, http ://www.openforis.org/[2020—10—09} ),
HLEPE K4 T. H. (Open Data Kit Collect, https://
opendatakit. org/ [2020-10-09] ) , 4= Bk 4 £ W5 I
(Global Fishing Watch, http://globalfishingwatch.org/
[2020-10-09] ) . 7% i % A 5% (EEFlux, hup://
eeflux—training.appspot.com/ [2020-10-09]), 44
ZFEME (EarthEnv, http ://www.earthenv.org/ [ 2020
10-09]), KS#HAUITFE (Climate Engine, https://
clim-engine. appspot. com/climateEngine [2020-
10-09]), 7E4k T Hb B HI K] (Re-Map, https:/
remap—app. org [ 2020-10-09 1) , 4= ¥k v] ik ¥ il &l
(https : //access—mapper. appspot.com/[ 2020-10-09 ] ) ,
Py IR A5 AT (EarthMap,  https : //earthmap.
org/ [2020-10-09]).

S5 AT VNS i g o N D) VA S IS R ) e
HAI IR A SRR AR AL AR AR A
ST A R T H, IR IR T2 5F
WFFERE T . R mrHEa . KRl 51 B
PRSI R AT RE,  Hox S TR A
R e A G e, kT
Tis) Z2 N FH 57 5 D TR SR 1

4 BEASTIRA G 0 R RERS R
VR Z TR G IS T ORI, R4 3
T 4Bk RS SRR A B {ELH G T L

F 9 08 B TR S5 DL E SN ML 52 F
H R mRE (WGEE, AWS). 784 H Y7

SURHIE A SE G, JF R LR ETRA]
HEF R R, o R MR B R 1
BN, B I ST (A — s 1R
B Bt R AR R R R S A
SN

11 YHEBBEUHEFARRY

AT % = THET & 09 5y BRAE 1 B0 AL A7 A
TR GTIRAT IR, AR Kl 28 RS O FRA, Xt
AN [ 55 (e 4 RS AN %, e LA S S o ) 3
B, RSCRe R g, R R Rk

(1) FAERTHR IR A BRYE . LLGEE i,
— P AR =S ] (Assets) HAT 250 G, J34b,
GEE 75 1 12 M A B4 b B B 3 o (4, HL7E
W g s (H30 Orbecomm T2 TE 2018 4R £ K
4Bk ATS B B R 3 T 07 R B %) Ab Bk J32
L RFEIFABE.

(2) For Bt 2 BMs NS . LLGEE i,
H BT S Re i 2 A% 0 % 5 1Y shp 485X, SOR Y
esv A8 0, DL A% geotiff #%5 3K, TFRecord #% X .
Xt F R 58 th & B9 HDF (Hierarchical Data
Format) #%3{, LiDAR (Light Detection and Ranging )
o B RS IR SR, IR TR s TR
-5 R AT

(3) XARBEAEAZFFAE . AiERs
TR B LRI WCSS4 IR, i X T HAth
P IFA . I X AR s ik, 7R
WGS84 AL bR 22T, 1 B 1Y R T 7EJL A 7 1
W 2 WAL, [FIE, A ] RE 22k v RE A LAY
23 [ A RAE B o

(4) XELASEHAG TR HETR 2 & &t
S AR AL ER B AR TR By A TR, 5 40
)7 B BT 1A 25 il 5 B STARFM (Spatial
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Remote sensing cloud computing platform development and Earth science
application
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Abstract: Global scale historical remote sensing data has been accumulated for more than half a century. The remote sensing big data
formed by these continuously emerging massive remote sensing data provides abundant data support for Earth science research.
Furthermore, it is a new challenge for the rapid processing, analysis and mining of remote sensing big data. The emergence of Remote
Sensing Cloud Computing Platform (RS-CCP) provides unprecedented opportunities for remote sensing big data mining. Meanwhile, it
completely changes the traditional remote sensing data processing and analysis mode, making it possible to quickly analyze and apply long-
term sequences on a global scale. This study systematically combed the state-of-the-art development of Google Earth Engine (GEE),
including the origin, current progress, petabyte scale catalog of public and free-to-use geospatial datasets, computing capability for planetary-
scale analysis of Earth science data, Application Programming Interface (API), and GEE Apps. Combined with GEE, the RS-CCPs at home
and abroad, including NASA Earth Exchange, Descartes Labs, Amazon Web Services (AWS), Data Cube, Copernicus Data and Exploitation
Platform-DE (CODE-DE), CASEarth EarthDataMiner, Pixel Information Expert (PIE)-Engine, were analyzed from the aspects of public
data achieve, platform type, and APIs. Meanwhile, the RS-CCP developed by Chinese Business Company were also taken into account, such
as SenseEarth, Analytical Insight of Earth (Al EARTH), WeEath. Furthermore, this study summarized the main applications of RS-CCPs in
the field of Earth sciences according to Amani et al. (2020) and Tamiminia et al. (2020). Specifically, the RS-CCPs based applications
published on Nature (and its series), Science (and its series) and Proceedings of the National Academy of Sciences of the United States of
America (PNAS) were summarized as applications related to land cover/land use, vegetation changes, animal, climate change, Human social
and economic activities. On this basis, the limitations of current RS-CCPs were discussed, such as (1) Limited storage and computing
resources, (2) Some geospatial data types are not compatible, (3) Insufficient support for different projection formats, (4) Difficult to achieve
calculation between pixels, (5) Not support mobile applications, (6) The typesetting and drawing module is not perfect. The key technologies
and core issues that need to be resolved in the future were prospected. Subsequently, some recommendations were provide for the
development of China’s RS-CCP: (1) Integration of multi-source data resources, especially domestic remote sensing data, (2) Guarantee the
quality and reliability of domestic remote sensing data, (3) Promote a new data-driven geoscience research paradigm. With the increasing
demand of human understanding of the Earth, RS-CCPs will play a greater role in Earth science, serving the deepening of Earth science
knowledge and the sustainable development of human society.

Key words: remote sensing, big data, remote sensing cloud computing platform, earth science application



