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SAR Image Target Detection Based on Salient Guided SSD Algorithm
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Abstract: At present, the target detection algorithm based on convolutional neural network (CNN) is widely used in many fields. In the synthetic

aperture radar (SAR) image, due to the serious speckle noise interference, it is difficult for the existing methods to accurately detect and locate

the target. In order to realize the accurate detection of SAR image targets, we proposed a SAR image target detection method based on the visibili-

ty guided SSD algorithm in this paper. We used the visibility information reflected by the visibility map to suppress the interference of speckle

noise on the target area, and effectively integrated it into the target detection algorithm SSD, which improved the detection accuracy of SAR im-

age targets. The experimental result on MiniSAR image dataset shows that the recognition accuracy of proposed algorithm for different target cat-

egories is 95.21%, which is better than the existing multiple SAR image target detection algorithms.
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