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An Improved Feature Fusion Method for Drone Detection
Based on RetinaNet Extraction
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Abstract : Although most object detection methods like R-CNN, YOLO and RetinaNet have outstanding performance in general datasets,
but their performance in small drone detection task is not satisfactory. The reason is that the traditional feature pyramid fusion network
FPN adopted by these methods has problems of up-sampling distortion, semantic information attenuation and deep semantic difference,
which leads to the failure of object detection network to acquire enough identifiable features, resulting in its poor performance in small
drone detection task. Therefore,we propose a multi—scale feature fusion method based on RetinaNet network. In this method, the up-
sampling module of pixel shuffle unit is used to construct the pixel shuffle feature fusion network, and the high —level semantic
enhancement module is introduced to improve the feature representation effect of small drone in the shallow layer of the network in the
stage of multi—scale feature fusion. Then the deep neural network can improve the detection performance of small drone. Finally,
experiments on the self-built drone dataset show that the network detection accuracy of drone can reach 91.2% ,which increases by 1.7% .
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