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Ship Detection in SAR Image Based on Multiple Connected
Features Pyramid Network

Xu Zhijing, Huang Hai"

College of Information Engineering, Shanghai Maritime University, Shanghai 201306, China

Abstract Aiming at the poor detection effect of SSD and other algorithms on small ship targets in synthetic aperture
radar (SAR) images and complex scenes, this paper proposes a method of ship detection based on a multiply
connected feature pyramid network. First, according to the characteristics of small target ships in the image, a new
feature extraction network I-VGGNet is constructed to solve the problem of the loss of feature information of small
ships. Second, the multi-connection feature pyramid network module is added to strengthen the fusion of high-level
semantic features of ships and low-level positioning features so as to improve the detection performance of the
network for small and medium-sized ships. Finally, in order to solve the interference of complex scenes on ship
target detection, this paper constructs a new loss function based on generalized intersection over union loss and focus
loss to reduce the sensitivity of the network to the ship scale and accelerates the convergence of the model. The
proposed method is tested in related experiments on the Chinese Academy of Sciences SAR image ship target data
set. Experimental results show that the average accuracy reaches 94. 79%, which is better than the existing
mainstream detection algorithms. The frame rate reaches 22 frame/s, which meets the real-time detection
requirements, the proposed method shows good adaptability to the detection of ship targets of different sizes in
complex scenarios.
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pyramid network
OCIS codes 110.2960; 100.3008; 150.1135
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Fig. 2 Structure of feature extraction network I-VGGNet
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Fig. 3 Structure of different detection networks.
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Fig. 7 Comparison of the P-R curve of proposed method
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Fig. 8 Comparison of experimental results between
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(a) Blurred background; (b) near shore and
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Table 1 Experimental results of different parameters

for focal loss

a 4 AP /%
0.25 1 91.58
0.25 2 91.98
0. 50 2 91.71
0.25 3 91. 68
0. 50 3 91.26
0.25 5 90. 93
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Table 2 Results of ablation experiments
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Table 3 Performance comparison with other methods on

SAR ship dataset

Model Backbone APy et/
frame + s 1)

SSD-300M" VGG16 88. 34 43
SSD-512M" VGG16 89. 43 17
Faster R-CNN™ VGG16 88. 26 7
RetinaNet " ResNet50 91. 36 41
DSSDM ResNet50 92. 30 17
Proposed method I-VGGNet 94.79 22
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