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Detection network of critical parts for remote sensing ship
based on semantic features

ZHANG Dongdong, WANG Chunping, FU Qiang
(Department of Electronic and Optical Engineering, Army Engineering University of PLA in Shijiazhuang
Campus, Shijiazhuang 050003, China)

Abstract: In near-shore scenes, under the influence of background, the probability of false detection and low
detection accuracy of ship critical parts are high. To address the above problems, a detection network of ship
critical parts based on semantic features was proposed, which named critical part detection network (CPDNet).
Firstly, by optimizing the network structure and introducing the attention mechanism, the feature expression
ability and the perception ability of the ship critical parts were improved. Secondly, based on semantic
information, a semantic mask module was designed to reduce the impact of background on detection accuracy.
In addition, the angle parameter was added to make the network applicable to targets with orientation. Finally,
a ship critical parts dataset, named CP-Ship, was constructed to verify the effectiveness of the proposed
network. The experimental results on the CP-Ship dataset show that the average accuracy of the proposed
network is 11.35% higher than that of RetinaNet. Compared with other network models, the proposed network
performs well in both detection accuracy and speed.

Key words: deep learning; remote sensing image; critical part detection; semantic features
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Fig. 6 Visualization examples of feature images
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Table 5 Quantitative results of different network models

25 Ik FT M4 FHEZRY TP FP FN AP/% FPS

Faster R-CNN"! ResNet-50 TRAE 411 152 150 65.78 192

ReDet? ResNet-50 BEFEHE 454 103 107 75.24 3.1

LG B R4

Dynamic R-CNN®" ResNet-50 IKPHE 400 130 161 63.85 20.5

Oriented R-CNN®"! ResNet-50 T AE 423 169 138 68.39 11.8

YOLOv3®¥ DarkNet-53 TRAE 413 84 148 66.49 51.8

R3Det!"”! ResNet-50 T HE 393 146 168 64.28 11.3

BN RetinaNet!'"” ResNet-50 TRAE 387 229 174 60.41 232

CFA®” ResNet-50 T HE 414 225 306 63.61 19.3

CPDNet ResNet-50 T AE 433 150 128 71.76 12.5
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Fig. 7 PR curves of different network models
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Fig. 8 Visualization examples of detection results of different network models
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