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Fig.3 Paddy rice extracted results by three classifiers
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Extraction of paddy rice based on convolutional neural

network using multi — source remote sensing data
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Abstract: Rice is one of the most widely planted food crops in China. Therefore, timely and accurate rice



. 104. S SR 7 S G . 2020 4F

identification and monitoring is of great significance to the national food security and the evolution of agricultural
land spatial pattern. In this study, multi — temporal Sentinel — 2A multispectral images, vegetation indices,
vegetation abundance and Landsat 8 derived LST on the critical period of rice phenology were used . The CNN,
SVM and RF classifiers were applied to extracting the paddy rice and finally the paddy rice map was obtained . The
result shows that using multi — temporal and multi — source remote sensing data with the CNN algorithm can
effectively extract rice information in high heterogeneity region. The overall accuracy of rice classification and
Kappa coefficient are over 92% and 0. 90 respectively. This study has demonstrated the potential of using moderate
spatial resolution images combined with CNN to map the paddy rice in highly heterogeneous area .

Keywords: paddy rice; Sentinel —2A; Landsat8; convolutional neural network ( CNN) ; Changsha — Zhuzhou —

Xiangtan Area
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