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Abstract Faster R-CNN algorithm cannot achieve accurate ship detection. Therefore, a ship detection algorithm
based on a deep feature pyramid and cascade detector is proposed in this study. First, the small-target data
enhancement algorithm is used for expanding the data to ensure that sufficient features are learned by the detection
model. Then, the deep feature pyramid network is used for improving the feature extraction network of the original
target detection algorithm, suppressing the coherent speckle noise, and effectively extracting the ship features.
Further, a cascading structure is adopted to adjust the improved network according to the sparse features of the ship
targets obtained from the synthetic aperture radar (SAR) images. Based on the aforementioned improvements,
some images from the ship target detection dataset and the SAR images of the Bohai Bay captured in February are
selected for performing the experiments. Experimental results show that, the proposed algorithm achieves good
detection results, proving its effectiveness with respect to ship detection.
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Table 1 Ship detection results
Algorithm N et N detection N e N s Precision /% Recall /%
Faster R-CNN 158 141 9 17 95.83 82.31
Faster R-CNN+SDA 158 145 7 13 97.22 82.78
Faster R-CNN+ DFP 158 146 S 12 96.74 83.83
Faster R-CNN+CS 158 149 5 9 97.21 84.13
Ours 158 154 2 4 98.52 84.59
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Fig. 4 Ship detection results of different scales and angles. (a)(b)(c) Large areas of sea;

(d) (e) (f) port areas; (g)(h) (i) track interference
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