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Ship Detection Method
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Abstract The current mainstream object detectors have excellent
performance on public datasets, but the performance on the special
dataset needs to be improved. We propose a deep learning based
high accuracy ship detection method. To improve accuracy, we
choose Scaled-YOLOv4 as our foundation. We use transfer
learning, and analyze the characteristics of the target domain data
to adjust our model. During designing, training and testing, we use
lots of tricks like Mosaic Data Enhancement, CIOU Loss, Test
Time Augmentation, etc, to improve our model’s performance. By
the method we designed, we won the second prize of the Ocean
Target Intelligent Perception Competition.
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Fig.7 Attribute analysis of objects in dataset. (a) shows the total of the six categories' objects in the dataset;
(b) shows the relative position distribution map of the objects' center point; (c) shows the relative size distribution
map of the objects' size
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Table 1 Comparison of the most advanced models' accuracy on the experimental dataset

Type Model Val-mAP ATest- mAP

YOLOv4 39.20 39.64

YOLOv5-X 60.75 60.95

one-stage Scaled-YOLOv4-P6(+TTA) 64.70 65.00
EfficientDet-D6 -

FCOS - 52.80

E-D CenterNet 49.00 52.27

two-stage Faster R-CNN 49.60 50.01
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Table 2 Comparison of the most advanced models'
accuracy on the experimental dataset

Model WithoutTTA WithTTA
YOLOv5 60.95 63.13
Scaled YOLOv4 P6 65.00
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Table 3 Comparison of each category's accuracy under different loU thresholds

IoU thresholds APs APm API APval APval50 APval75
0.50 21.2 45.1 73.2 64.7 84.9 68.8
0.55 21.3 452 73.4 64.9 84.8 69.2
0.60 214 453 73.6 65.1 84.6 70.0
0.65 21.7 454 73.7 65.3 84.4 70.6
0.70 223 453 73.8 65.4 84.0 71.2
0.75 22.5 45.2 73.9 65.5 83.4 71.5
0.80 22.7 44.9 73.8 65.3 82.5 713
0.85 21.6 442 73.3 64.6 80.8 70.6
0.90 19.0 41.6 72.0 62.9 77.4 68.7
0.95 14.5 34.9 67.3 574 68.5 62.5
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