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Abstract: With the development of artificial intelligence, Synthetic-Aperture Radar (SAR) ship detection using
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detection accuracy. However, most existing detection models often improve detection accuracy at the expense of
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Tab. 1 Evaluation index of SAR ship detection results of SARShipNet-20

Syt GT TP FN FP Py (%) Py (%) Pe(%) Recall (%) Precision (%) mAP (%) Time (ms)
T-CNN 184 180 4 8 97.83 2.17 4.26 97.83 95.74 96.88 10.14
DS-CNN 184 175 9 23 9511 4.89 11.62 95.11 88.38 93.64 4.54

DS-CNN + CA 184 179 5 29 97.28 2.72 13.94 97.28 89.06 95.78 5.68
DS-CNN + SA 184 178 6 11 96.74 3.26 5.82 96.74 94.18 95.64 6.67
DS-CNN + CA + SA 184 180 4 8 97.83 2.17 4.26 97.83 95.74 96.93 8.72
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Fig. 7 Performance evaluation curve of SARShipNet-20
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Tab. 2 Comparison of detection performance of different methods

J7i%: Py (%) P, (%) P (%) Recall (%) Precision (%) mAP (%) Time (ms)
Faster R-CNN['0 85.16 14.84 18.85 85.16 81.15 82.66 327.48
RetinaNet*! 96.70 3.30 6.88 96.70 93.12 95.68 314.43
R-FCNF 95.65 4.35 7.37 95.65 92.63 95.15 178.16
Sspil 94.51 5.49 14.85 94.51 85.15 92.67 48.86
YOLOv32! 96.70 3.30 6.38 96.70 93.62 95.34 22.30
YOLOv1® 84.07 15.93 15.47 84.07 84.53 81.24 21.95
YOLOv2!! 92.86 7.14 15.08 92.86 84.92 90.09 19.01
YOLOv3-tiny™) 70.33 29.12 22.29 70.33 77.58 64.64 10.25
YOLOv2-tiny® 47.80 52.20 26.27 47.80 73.73 44.40 9.43
SARShipNet-20(Z&3CH¥%) 97.83 2.17 4.26 97.83 95.74 96.93 8.72
xR 3 FNEAERIREITEL
Tab. 3 Model comparison of different methods
WaRiA W28 2K A I FUZHE (FLOPs) BRR /N (MB)
Faster R-CNN 272,746,867 545,429,460 752.75
RetinaNet 61,576,342 307,592,895 235.44
R-FCN 50,578,686 101,385,166 193.04
SSD 47,663,806 95,040,404 181.24
YOLOv3 36,382,957 72,545,184 139.25
YOLOv1 28,342,195 46,981,897,900 108.54
YOLOv2 23,745,908 118,685,133 90.73
YOLOv3-tiny 15,770,510 31,608,360 60.22
YOLOv2-tiny 8,676,244 86,692,284 33.20
SARShipNet-20(43C H¥E) 5,867,737 11,699,792 23.17
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