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Abstract:

large targets, but the detection accuracy for small targets is low, mainly due to few data for small target training and low res-

The existing general deep learning target detection methods have good detection accuracy for medium and

olution of feature map after down sampling. To solve the above problems, on the one hand, a scale sensitive loss function is
proposed for the training of classified heatmaps, so that small targets can have a greater impact on model updating; on the
other hand, a top-down feature fusion method is proposed by using deconvolution and deformable convolution to obtain
high-resolution and strong semantic feature map for target detection. On the basis of the above two aspects, a small target
detection method based on scale sensitivity and feature fusion is designed. Experimental results on PASCAL VOC dataset

show that compared with the existing target detection methods, the proposed method can maintain a faster detection speed

and improve the accuracy of small object detection.
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