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Abstract: It” s of great significance that real-time spatial distribution information of agricultural greenhouses can provide a basis for agricultural

management and resource allocation for relevant agricultural departments. In view of this demand, we compared and analyzed the performance

of various deep learning models FCN, UNet and HRNet in greenhouse detection task with high spatial resolution images, giving quantitative and

qualitative analysis on the effects of various models in greenhouse detection. It is found that the accuracy of these models can reach more than

90% and the intersection ratio of loU more than 85%, among which HRNet has the best result with 92.79% accuracy and 87.32% loU. The exper-

iment shows that the greenhouse detection method based on deep learning can provide technical support and practical value for quickly and accu-

rately acquiring greenhouse distribution information.
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