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Nearshore Ship Object Detection Method Based on Appearance Fine-
grained Discrimination Network
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Abstract: Offshore ship object detection is a very challenging task and has received widespread attention from scholars and ex-
perts. Detectors based on Convolutional Neural Networks (CNN) and attention mechanisms have made significant progress in off-
shore ship object detection. However, the problem of false detection in the detection process is caused by the apparent similarity and
background interference of ship targets. In order to solve this problem, this paper proposes a detection head module for fine-grained
appearance discrimination implemented with Faster RCNN. This module includes a category fine-grained branch and an efficient
full-dimensional dynamic convolution localization branch. The category fine-grained branch mines and utilizes category fine-
grained identification features through global feature modeling and flexible perception range. The efficient omni-dimensional dy-
namic convolution positioning branch distinguishes objects and backgrounds through the efficient and flexible perception of ship
boundary information, thereby reducing false and missed detections. Through experimental verification on the offshore ship public
dataset Seaships7000, the proposed algorithm reduces false detections and missed detections and improves detector performance.
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Table 1 Comparison of different models on the Seaship7000 dataset
Models mAP AP50 AP75 APS APM APL FPS Parameters FLOPs
YOLOV3 58.8 93.6 67.3 4.2 349 60.3 49.4 3.7 1.7
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Faster-RCNN 64.4 95.3 75.7 11.2 45.4 65.6 17.5 41.6 210.9
FDNet(Ours) 67.4 95.9 80.8 15.0 49.0 68.3 14.2 65.1 497.7
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Fig. 6 Comparison of detection results on the Seaship7000 dataset, with red indicating true labels, green representing our FDNet

model, and yellow denoting Faster-RCNN
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Fig. 7 Comparison results of real image detection
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Table 2 Ablation experiment
Models Backbone 1254y % (CFGB) FENI 4 % (LBDC) mAP AP50 AP75 APS APM APL
Baseline ResNet50 64.4 95.3 75.7 11.2 45.4 65.6
ResNet50 N 67.6 96.3 79.7 12.3 49.8 68.6
FDNet(Ours)  ResNet50 N 67.3 95.8 80.1 14.0 50.0 68.3
ResNet50 N N 67.8 95.8 80.6 242 478 6838
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