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Identification of Winter Wheat by Integrating Active and Passive
Remote Sensing Data Based on Google Earth Engine Platform

MA Zhanlin' LIU Changhua' XUE Huazhu' LI Jingru' FANG Xu® ZHOU Junli®

(1. School of Surveying and Land Information Engineering, Henan Polytechnic University, Jiaozuo 454003, China
2. Institute of Remote Sensing and Surveying and Mapping of Henan Province, Zhengzhou 450003, China)

Abstract; Remote sensing technology had become an effective method to extract planting area of bulk
crop. With the aim to avoid the lack of optical data in winter wheat extraction, the validity of time series
Sentinel — 1 synthetic aperture radar( SAR ) backscattering coefficients on winter wheat identification was
explored based on random forest( RF) and Google Earth Engine ( GEE) cloud platform. And Sentinel — 1
and 2 active and passive remote sensing data was integrated to explore the improvement of winter wheat
identification accuracy on combining various features groups of backscattering coefficients, spectral
features, vegetation index features and texture features. The result indicated that the overall classification
accuracy of the monthly average multi-temporal Sentinel — 1 SAR polarization data was 85.93% , the
Kappa coefficient was 0. 75 and the winter wheat identification accuracy was above 95% . By integrating
the monthly average time serious multi-temporal SAR data and the single-temporal optical data, the
overall classification accuracy was 95. 78 % and the Kappa coefficient were 0. 92. Integrating data fully
used the polarization and spectral information and the overall classification accuracy and the Kappa
coefficient were improved by 9. 85 percentage points and 22. 67% . The identification accuracy of winter
wheat was improved by about 2 percentage points. The identification accuracy of winter wheat was
affected by less than 0.9% by analyzing the influence of texture features under different features
combinations. Therefore, the method and platform used accurately and efficiently obtained winter wheat
planting area and it had a good promotion value.
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Fig. 1

Location of Xiangcheng, Linying and Yanling Counties
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Tab.4 Classification results of multi-temporal Sentinel -1 SAR data combining texture features and polarization features
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Fig.2  True color synthetic diagrams of multi-temporal Sentinel =1 SAR VV polarization data
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Tab.5 Classification results of multi-temporal Sentinel -1 SAR data polarization features
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Tab.6 Sentinel —2 optical data classification results of winter wheat at greenback period

B A KINEE PN Pl FAb i oAl FH b PER il PN B2/ %
A5 Hh 3 464 80 2 67 23 6 3642 95. 11
RN 65 27 956 0 0 470 526 29017 96. 34
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b S 271 5 0 1939 31 6 2252 86. 10

Ho Al A B 3 324 0 29 5618 484 6458 86. 99
HoAth FH 4th 14 259 0 0 70 1958 2301 85. 09
Je¥e 3818 28 624 2176 2038 6220 2980 45 856

FH VRS BE/ % 90.73 97.67 99.91 95. 14 90. 32 65.70
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Tab.7 Classification results of multi-temporal Sentinel -1 SAR data polarization features and texture features

integrating a single optical data

B 5 b EE KAk e FEAb A B LA 58 il RS 5/ %
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Tab.8 Classification results of multi-temporal Sentinel — 1 SAR data polarization features integrating a single optical data
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