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Research on automatic recognition of barnyard grass in paddy fields based on
drone low-rise remote sensing and deep learning
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Summary: Due to the declining birthrate and aging population, Japanese agriculture is facing problems such as the aging of
agricultural workers and the shortage of successors. In order to realize sustainable agriculture, smart agriculture is being promoted
with the aim of saving labor and reducing labor. In the agricultural field, weed removal is very laborious and costly in growing rice
for rice production. In particular, it is difficult to remove barnyard grass, which is very similar to rice. There are many problems such
as hindering the growth of rice and reducing the yield due to overuse of herbicides. In this research, barnyard grass, which is a
paddy weed that mimics rice and adapts to the rice cultivation cycle, is selected as our research target and an automatic barnyard
grass recognition platform using drone low-rise remote sensing and deep learning technology (U-Net semantic segmentation
model) is developed and Verified. The platform also has the versatility of being directly applicable to video and remote surveillance
cameras.
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