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Abstract : At present, almost all the most advanced object detection methods rely on a pre—defined anchor. However,due to the existence
of anchor, the network will increase computation and memory footprint, and object scales are varied in the real world, anchor cannot
exhaustive all drone scales. Therefore,we abandon a pre—defined anchor and adopt anchor free method to detect drones, which uses the
pixels in the center area of the object as training samples to predict the offset of the bounding box. At the same time,in order to solve the
problem that most drones are small, a high—resolution network HRNet is used as the backbone network to extract fine—grained features of
small objects, thereby improving the accuracy of small object detection. Compared with the anchor—based object detectors, this network
framework is simple, flexible, and can adaptively predict the bounding box of the drone. The proposed anchor free method achieves
higher precision and recall on the drone dataset designed by ourselves.
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