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Remote sensing monitoring of rapeseed in the karst plateau
using two-meter satellite data
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Abstract: The karst landscape makes Guizhou Province have less arable land and more sloping arable land, and as one of the main
crops in Guizhou Province, the accurate assessment of the cultivated area of oilseed rape is of great significance to the agricultural
management of Guizhou Province, in order to solve the monitoring difficulties brought by the high cost of acquiring high-resolution
satellite data and the complex topography of the karst plateau. In this paper, Xixiu District of Guizhou Province is taken as the study
area, combined with 2—meter satellite data, through field mapping of oilseed rape as a training sample, based on the convolutional
neural network UNet++ framework, a deeper level residual network ResNet—101 model is constructed to automatically extract the
area of oilseed rape. The experimental results show that it is highly feasible to use this network model to extract the oilseed rape
planting area from 2-meter satellite data, and its area statistical precision and range fitting precision are 99. 69% and 88. 47%,
respectively, which meets the precision requirements of the relevant departments for the statistics of oilseed rape planting area.
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Fig. 1 Vector and remote sensing image map of the study area
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Fig. 2 Sample distribution diagram
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Fig. 9 Real-time trend chart of training indicators
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Fig. 10 Comparison of prediction results of different iterations
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Table 1 Precision table of prediction results of four models
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Table 2 Accuracy table of prediction results with different resolutions

SrHEAR/m NI T ARBIE D w SR/ e AR % LERIE/ %
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Fig. 12 Comparison of Prediction Results for 2—meter, 0. S—meter, and 0. 8—meter rapeseed
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Table 3 Table of training and prediction efficiency of different models
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