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Object Detection Method of Rotated Agricultural Greenhouse Based on Improved CenterNet
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Abstract: The detection of agricultural greenhouses is crucial for ensuring agricultural production and the safety of power transmission lines. To
address the diverse shapes, textures, and scale variations of agricultural greenhouses in satellite images, we proposed a rotated agricultural green-
house detection method based on improved CenterNet. This method enhanced the CenterNet object detection network by introducing spatial and
channel attention mechanisms, employing vector parameters to represent rotated bounding boxes, and incorporating random quantization data
augmentation. These improvements significantly enhanced the accuracy of greenhouse detection in complex backgrounds and improved the mod-
el’ s generalization capability. Experimental results demonstrate that the proposed method notably enhances the detection performance of green-
house targets in satellite images, achieving an accuracy rate of 90.57% in agricultural greenhouse identification.
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