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Abstract: The anchor-free network represented by a Fully Convolutional One-Stage object detector (FCOS)
avoids the hyperparameter setting issue caused by the preset anchor boxes; however, the result of the horizontal
bounding boxes cannot indicate the precise boundary and orientation of the arbitrary-oriented ship detection in
synthetic-aperture radar images. To solve this problem, this paper proposes a detection algorithm named
FCOSR. First, the angle parameter is added to the FCOS regression branch to output the rotatable bounding
boxes. Second, 9-point features based on deformable convolution are introduced to predict the ship confidence
and the boundary-box residual to reduce the land false alarm and improve the accuracy of the boundary box
regression. Finally, in the training stage, the rotatable adaptive sample selection strategy is used to allocate
appropriate positive sample points to the real ship to improve the network detection accuracy. Compared to the

FCOS and currently published anchor-based rotatable detection networks, the proposed network exhibited
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faster detection speed and higher detection accuracy on the SSDD+ and HRSID datasets with the mAPs of

91.7% and 84.3%, respectively. The average detection time of image slices was only 33 ms.

Key words: Arbitrary-oriented ship detection; Anchor-free detector; Adaptive sample selection strategy; Single

stage; Synthetic Aperture Radar (SAR)
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Fig. 1 The basic framework of the FCOS
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Tab. 2 Results of different samples selection methods

*® 2 TNEHARERTENIRLER

Jii: k' mAP (%)  mAPs (%) mAPg (%) mAPy; (%) mAPy, (%) Time (s/iter)
KAt Ty Ra - 30.2 75.7 34.0 31.2 30.3 0.266
KHEET7 b 38.6 85.6 38.3 43.4 41.5 0.269
Kbt J5 e 36.6 83.5 39.2 32.0 33.6 0.268
RATSS(TL#44) 5 40.3 87.2 39.4 43.4 70.1 0.287
3 40.2 91.8 38.7 44.9 55.1 0.295
5 42.2 91.7 40.5 46.2 64.7 0.297
RATSS 7 41.8 92.2 40.4 45.7 50.9 0.300
9 40.6 90.3 39.7 42.9 57.3 0.302
11 41.8 91.0 41.3 43.9 52.9 0.302
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< Tab. 3 Results of ablation experiments (%)
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Fig. 9 The distribution ratio of positive samples in different
feature layers after using the RATSS
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Fig. 10 Comparison of ablation experiment results
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Tab. 4 The mAP results of the ships in inshore and offshore (%)
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Tab. 5 The performance comparison of FCOS and FCOSR

SSDD+

HRSID

ik PR — eps e D
Recall (%) mAP (%) mAPg (%) Recall (%) mAP (%) mAPs, (%) s/iter)

FCOS ResNet50 256 97.18 45.1 93.7 87.20 50.5 82.9 21.6 192.1 0.352
FCOSR ResNet50 256 94.55 41.9 92.1 87.55 44.9 83.5 20.8 196.8 0.584
FCOSR ResNet34 128 94.17 42.2 91.7 87.59 47.3 84.3 30.1 188.1 0.297
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Fig. 11 Results of FCOS and FCOSR (Blue: Ground truth;
Yellow: False alarm; Green: Missing ship; Red: Detected result)
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Tab. 6 The comparison of the accuracy of different detection networks

SSDD+ HRSID

Size Time

Jr ik FPS (MB) (s/iter)
Recall (%) mAP (%) mAP; (%)  Recall (%) mAP (%) mAP;, (%) §/1ver

ReDet 88.16 43.69 87.57 83.11 44.2 80.1 11.8 256.8 0.544
R3Det 91.16 40.47 89.29 86.14 47.2 83.7 114 378.9 0.638
R-RetinaNet 89.85 36.00 86.20 83.57 42.1 80.9 15.6 290.2 0.331
Faster RCNN-O 91.16 42.15 90.12 85.56 46.1 82.8 13.2 441.5 0.496
FCOSR 94.17 42.20 91.70 87.59 47.3 84.3 30.1 188.1 0.297

(b) R-RetinaNet  (c) FasterRCNN-O

(f) FCOSR

(d) ReDet (e) R3Det
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Fig. 13 Results of the inshore ships (Blue: Ground truth;
Yellow: False alarm; Green: Missing ship; Red: Detected result)

(d) ReDet
12 5 HARRA AR (. JUE: HE: BE g6 W
Ky Z0fh: RS R
Fig. 12 Results of the offshore ships (Blue: Ground truth;
Yellow: False Alarm; Green: Missing ship; Red: Detected result)
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Fig. 14 Results of the ships in rivers (Blue: Ground truth;
Yellow: False alarm; Green: Missing ship; Red: Detected result)
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