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Convolutional Attention Based Plastic Mulching Farmland Identification via
UAYV Multispectral Remote Sensing Image
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Abstract; Monitoring of planting distribution of plastic mulching farmland plays an important role in
assessing the regional climate and ecological environment changes caused by it. Based on DeepLabv3 + ,
an improved deep semantic segmentation model for plastic mulching farmland was proposed by learning
the channel attention and spatial attention features for plastic mulching semantic segmentation. It can
effectively segment plastic mulching farmland for unmanned aerial vehicle (UAV) multispectral remote
sensing image. The UAV multispectral remote sensing images of four experimental plots during 2018—
2019 were taken as the research data. The research area was Shahaoqu Irrigation Farmland in the Hetao
Irrigation District, Inner Mongolia Autonomous Region. And compared with the recognition result of
visible remote sensing image, by considering the appearances changes of the plastic mulching farmland,
two groups of experimental schemes were designed to verify the model’ s generalization performance and
enhance its classification accuracy respectively. The recognition effect of the improved DeeplLabv3 +
semantic segmentation model was 7.1 percentage points higher than that of visible light. At the same
time, the deep semantic segmentation model considering the apparent changes of mulching fields had a
higher classification accuracy, and its average pixel accuracy was 7.7 percentage points higher than that
without considering the apparent changes of mulching fields, indicating that the diversity of training data

was helpful to improve the recognition accuracy of mulching fields. Secondly, the improved DeepLabv3 +
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semantic segmentation model had adaptive learning of mulch attention, in both experiments, and its

classification accuracy was higher than that of the original DeepLabv3 + model. It was suggested that the

attention mechanism can increase the adaptability of deep semantic segmentation model and thus improve

the classification accuracy. The proposed method can accurately identify plastic mulching farmland from

complex scenes and provide a method reference for monitoring plastic mulching farmland and analyzing

their distribution.

Key words: plastic mulching farmland; multispectral remote sensing image; unmanned aerial vehicle;

semantic segmentation ; attention mechanism; DeepLabv3 +
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segmentation models in field 3 for two groups of experiments
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