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WE: (B8] HETHLHRRELGKELRFEEARL A ZHE, S0, FERRERRKEE 57 % w5 H 15
B, sHEZRGAKREEFRN RN+ oEE, [ FHE ] £ Google Earth Engine(GEE) #9 4 F, AT A®#% AR R
B R AR, 4R EAFEBERAEAR, sSHLEALAK (RF). &5 (CART). XHFEEM (SVM) ¥ 3 I EF
S Sk ey iR AAE B, K3 LandTrendr fik 72 K oF 18] 55 2 A M) P a9 A o B, AR E R Wi 30 a B8 5 A 13 8.
[#X%] O3 A FFAHERK ZADMRR AR, ZEA, LHFGEI, O% AMAARILERINHE, LTH
S B B R KE E ik 94.10%, Kappa £ #3i5 0.87, & T 5 dbzE 3k Ah B ¥R B i 93.33%, Kappa & 4% 0.80.
@ LandTrendr 3 i 6 A A% BB 19 55 B 69 4853218, @ 1988—2019 4, Bl R FTHEEHRMRY T 45.90%, @ F & T &3
B EE AR RARANRE R, [##] RAAFRLF AL GEE =F & TG, EAbERBMNKIEF, KREHE
AW, BJRTE 30 a MW ARLAGES T, RET AREHEEFLAE, B4434522
XH#IE: & AW ; Google Earth Engine; i#&%; ME 3] ; LandTrendr
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Dynamic monitoring of loess terraces based on Google Earth Engine and
machine learning

LI Wanyuan, TIAN Jia, MA Qin, JIN Xuejuan, YANG Zekang, YANG Penghui
(School of Agriculture, Ningxia University, Yinchuan 750021, Ningxia, China)

Abstract: [Objective] Terraces are the most important soil and water conservation measures and agricultural
production measures in the Loess Plateau, the main region of soil and water loss and the key region of
ecological environmental construction in China. The purpose of this study is to obtain the distribution
information of loess terraces in a long time series efficiently and accurately, so as to monitor and evaluate soil
and water loss in the Loess Plateau. [Method] Google Earth Engine (GEE), a cloud-based platform of remote
sensing with high-performance computing resources, was used in this study. Guyuan City of Ningxia, a gully
region of the Loess Plateau, was taken as the research area. The recognition accuracy of three machine learning
algorithms, including random forest (RF), decision tree (CART) and support vector machine (SVM), was
compared by using remote sensing image supervised recognition technology, and the optimized application of
LandTrendr algorithm in long-time series dynamic monitoring was discussed. Finally, the distribution of
terraces in Guyuan City in recent 30 years was obtained. [Result] (1) The order of identification accuracy of
the three algorithms from large to small was RF, CART, and SVM. (2) Using random forest algorithm to
identify terraces, the overall accuracy based on sample test was 94.10%, Kappa coefficient 0.87, and the overall

accuracy based on field patch test was 93.33%, Kappa coefficient 0.80. (3) LandTrendr algorithm can
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effectively correct the errors in the time series and improve the accuracy of time series identification. (4) From
1988 to 2019, the area of terraces in Guyuan decreased by 45.90%. (5) The time to use terraces in the west of
Guyuan was longer than that in the east. [Conclusion] The RF machine learning algorithm combined with
LandTrendr algorithm on GEE can efficiently and accurately monitor long-term and large-scale loess terraces.
In the past 30 years, the proportion of terrace agriculture in Guyuan City has gradually declined, which
promotes the sustainable development of ecological environment. [Ch, 4 fig. 3 tab. 22 ref.]

Key words: loess terraces; Google Earth Engine (GEE); remote sensing; machine learning; LandTrendr
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