e [

Fa3E ol
2023 4F 11 H

JOURNAL OF DESERT RESEARCH

3 =
v Vol.43  No.6

Nov. 2023

FEERAS  KUBS AR B, 45 2545 GEE V- 5 L& ~) Sk i v £ SR L) ] o Vb, 2023, 43(6) : 60-70.

%8 GEE 8 5s=FIFEEN
iR (s 2R E

Eamal?, xwst, Bocr, B WL HERL X o2

(L P ERFEBE AL A SRS R IRPT I BE VWi S BT G282, Ol 220 7300005 2. rEFRMEBERY:, b

5T 100049)

FE . P ERR RO R B A 5 8, 6 T EREE ORI AR B S R B S R, SO 5 A R
SFPEE , H AT TR S BEE RLE BRI S A AW AN K o R TR A R 22 S A Dy SN [X R A O Bk
1% (Google Earth Engine, GEE) Jf- 455 Z IR B XTI E IXFEBEUEAT 17026, X LEIEAl T A [l 0 2R IR L5 0 T

3FIHLES 2 3] 1 (RF . SVM . CART) il 43 2P fik
FFLIOGIERAE

RO . (1) REAIPEREEAL T CART M SVM, fifi [ RF 4325 4%
IRHEFAE MBI ERAE SO A o S Y A A 2 2ROks B A v, R AT B2 R 95.68% , Kappa 5

90.95, F, 154539 94.28% , R4S A #E 22 B I s i AL 29 039 km2, (2) 7EASAETE BRSPS o, 9K 5 VH X5
ARG TR FL A 28 Y LA ARRAE U 22 S5 OR o (3) 70 (5 FH G S B 6 htk I, T8 SRR AE X ) AR I3 e 18 5 4 v

A TTRRZE H , T3 P DU B 5 P R0 At S B A e 38

KFER: FCBIE; HLANEST; GEEF-&; =R
XERHRS: 1000-694X(2023)06-060-11
FE 4SS P931.3

0 35

ol T X ) L0 [ A A S R G, il A
BAGE BB 5 , BA R T HAA SRS
() 5548 N T gE , 7 B KU VD PR E L8 R i oK Bt
T5 R S AR AR W Z2 e SRR I S5 T
HHERERIEH", PEFEERAZRE 62,
XS B R AT R0 43, B 5% L) o A L o3 A R
FISEBUARAE 02 T A T A 2 R GE I 25 4 Jmy S 4%
Tl RS R G A P SR X T IR R 5
SBEEMAAEEZL,

H AT X Sie B A 5 43 A A5 , 32 A Bl 45 A
b B 25 7 S UEAT 40 B P - A R TR (1G-
BP) DISCover j= iy , th HL > K 2% (UMD) 4 Hb 7 55
7=, 2 T MODIS Y 4 #7855 7= , 2 T Landsat
5§ Sentinel 5 1% i GlobeLand30, FROM_GLC30,
ESA WorldCover10 %5 o SR, oy T 4R 7= 5 (1 5%

rfE HH:2023 - 03 - 23; 2@ HHEF:2023 - 05 - 31

DOI: 10.7522/j.issn.1000-694X.2023.00072
XHRARERD: A

PR T R ANTTEAN  EATE R RE X 00
FIA) A P A P P A A AN AL LK 3 5 2 8 1) 40
O AERE AN T N REAR L M B R T B A A RGN
FRBY AT RRAE o F AT, SR A — LU TR AR A0S
Tie i e R HEAT R S BTS2 A A5 X IR B ok
R FH 3 1) 4000 73 R A S A A5 0 S S S 1 26 A Y
O3 AR SEBIE ST 22 8 AHLAE B i 3 07 X A7 23
R, T ERE LIRS SR FERFE . NI,
it EER R — i PRE A Y S AR RSO

T Tl DX ' i AR, (5 fi P Ol 2 e SR
JACHE AR ME X e 1 28 BY 4T X 4y, T B AL AR 7 3k
(SAR) K4 ol LA A A 14 26 I RLRE B2 | S0 B A A
FL R R A A R, P R a2 Y 2 TR A AR R L AR
PER BB S SAR BRI FI AT, AT DAL
5 M FH PP o 0Bl P 0 5, B e e R i A3
AR APRAE o BeAh , IFFE R B R R EdiE |
SR S R R A, T DR R B R

RN B < 55 00K el R A LA B 22 UEFT I H (2019QZKK0305)
TEHE RN A EA(1999—) , 5B NP A A58 4, EELAFSE 7 Mo A A8 . E-mail : luruijie@nieer.ac.cn

BEEE XA (E-mail : liusl@lzb.ac.cn)



£ 6 1]

FERANAE 4 GEEF 5 SHlaea: Bk MR B A 61

PRI P AERR T S R, o b RO 5 0 R
HEEA T LA — 1 E . G5k
o 1 M R ESCH R | R S B AT R
B, BORBARS L ARk 3 BB 2
PO R, o 2 IR i A BRI T ROR SRR R
S, AL ER 5| %5 (Google Earth Engine, GEE)
K —ATELAE P55 , FaR K0 = v b5 e 1k
FRT DDA S o R A rh P SR O A B, S
TRARAR I AR IR A S T R T
T R MG AL B AR s LA A 1 = i SR
WL 2% > B A PR W S0 8 5 37 001, &l
I TAEY R R ZRAR 3 R
ey N TR (EN = s 1D 0 e 3 e N i 7 =i 3 )
3 R FNRICR 1 e Assa A 5T
53R R Z b SR v R S AR b o A X BB
T AR ST L, O A2 TR B e ) e L SRR 2
FF R T2 A5 B 2 OB 98 i AR X Bk, AR SR T
GEE “F 5, #] /| Sentinel-1, Sentinel-2, SRTMGL1 _
003 45 Z2 Y5 Al | W 5 38 A 3 i 0 == B LAY 35 B 1X
AT ST PG [FIAL AR 27 2 VR AR e iy 2
HPERE , LA [A] 43 R RFAE X S S R 3 1 5%
Wi, BHF 5% 3 V5 1) 25 [) 43 AT R AE , DB 328 BGE H 14
= BRI o W RREFE A L 205 vk Y
XA DX BRFE A S R G B 4

1 #REIE

1.1 #HREX#HER

B 24 B T 359207 —37°22' N, 95°34" —99°
14" B, M Ab 485K R 21 0 ZR B 3 , T AR 24 4.5 7 km?,
1K 2 660~5 507 m([&1 1), A IEHY 322 A 1L b AN

96°E 97°E 98°E 99°E
v oS
37°N ~ ol
b
369N -36°N
/ s
B o mam
359N E o HAbREH 0 30 60km [35°N
2660  — yAlR —-—

96°E 97°E 98°F 99°F
B RS X A7 B AT s B AR

Fig.l1 Location and geographical overview of the study area
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Table 1 Desert classification system of Dulan County
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Fig.4 Classification accuracy of each desert type under different combinations of classification features
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Combining the GEE platform and machine learning algorithm
for desert information extraction

Lu Ruijie'?, Liu Shulin', Kang Wenping', Feng Kun', Guo Zichen', Zhi Ying '
(1.Key Laboratory of Desert and Desertification, Northwest Institute of Eco-Environment and Resources, Chinese Acade-

my of Sciences , Lanzhou 730000, China; 2.University of Chinese Academy of Sciences , Beijing 100049, China)

Abstract: The rapid and accurate mapping of desert type distribution is of great significance for environmental
protection and ecological restoration. However, due to the influence of spectral and resolution factors, the cur-
rent research on the extraction of information about different desert types is obviously insufficient. In this study,
Dulan County of Qinghai Province was selected as a typical area. The desert was classified based on GEE plat-
form and multi-source data, and the classification performance of different classification features combined with
three machine learning methods (RF, SVM and CART) was compared and evaluated. The results show that (1)
RF outperforms CART and SVM, and the overall classification accuracy using the RF classifier and spectral fea-
tures, radar features, terrain features and texture features is the highest, with an overall accuracy of 95.68%, a
Kappa coefficient of 0.95, an F), score of 94.28%, and an obtained desert area of Dulan County is 29 039 km?.
(2) In the assessment of feature importance scores, elevation and VH contribute more to the desert classifica-
tion, while other features do not contribute much. (3) Based on the use of spectral data, radar features are the
most helpful for identifying gravel and loamy deserts, while terrain features are more suitable for identifying oth-
er types of deserts.

Key words: desert classification; machine learning; GEE platform; Dulan County



