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An improved anchor-free model based on attention mechanism for

ship detection in SAR images

GAO Yun-long, REN Ming, WU Chuan, GAO Wen
(Changchun Institute of Optics, Fine Mechanics and Physics, Chinese Academy of Science, Changchun 130033,
China)

Abstract: In order to improve the detection capability of detectors for multiscale ships in SAR images and ensure the real-time
performance of the detection networks, an improved anchor-free model based on attention mechanism for ship detection in SAR
images is proposed. On the basic framework of the off-the-shelf YOLOX, a lightweight dilated convolutional attention module
(DCAM) is embedded in front of feature pyramid network (FPN) to adjust the relationship between receptive field and multiscale
fusion, and strengthen the representation ability of features. The detection head is redesigned by introducing the center-ness prediction
branch, which can weight the classification scores of the anchor points, in the meantime, the loss function of the proposed model is
also revised to optimize the final detection performance. Through the comparative experiments on dataset SSDD, the proposed model
in this paper is superior to the mainstream deep learning detection models, with an accuracy of 94.73%, and achieves the best
trade-off between detection accuracy and detection speed.

Key words: computer vision; ship detection; dilated convolution; attention mechanism; anchor-free
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Fig.1 The architecture of the proposed detection network
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Fig.2 The architecture of DCAM
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Fig.3 The architecture of sub-networks
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Table 1 The statistical distribution of ships in SSDD

. Min Max
Size . . Number  Percentage
(Pixel) (Pixel)
Small Ship 4X6 32X32 35695 59.96%
Medium Ship 32X 32 96 X 96 23660 39.74%
Large Ship 96X96  207X109 180 0.30%
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Table 2 Evaluation metrics
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AP50 AP (10U=0.5)
AP75 AP (10U=0.75)
APS AP (Small Ship)
APM AP (Medium Ship)
APL AP (Large Ship)
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Fig.7 The effectiveness comparison of DCAM
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Table 3 The impact of DCAM to detection results

. IoU=0.5
1RE

1oU=0.75

AP50 Precision Recall

F1 AP75 Precision Recall F1




RE4DCAM 91.06% 92.14% 88.85% 0.90 57.59% 62.18% 60.23% 0.61
f4DCAM 94.73% 94.02% 90.28% 0.92 58.85% 64.04% 63.46% 0.64
R 4 HHES FIEIRNE RS0
Table 4 The impact of FPN to detection results
loU=0.5 1oU=0.75
iXit) — — FPS
AP50 Precision Recall F1 AP75 Precision Recall F1
DCAM-YOLOX + FPN 91.48% 91.25% 87.06% 0.89 55.31% 61.41% 59.37% 0.60 68
DCAM-YOLOX + PAN 92.69% 92.00% 87.96% 0.90 56.70% 62.02% 61.63% 0.62 65
DCAM-YOLOX + 5-level
. 94.57% 93.91% 90.11% 0.92 58.24% 63.36% 63.09% 0.63 57
BiFPN
DCAM-YOLOX + 3-level
BIEPN 94.73% 94.02% 90.28% 0.92 58.85% 64.04% 63.46% 0.64 60
i
5 Al MU 25 R A0
Table 5 The impact of center-ness to detection results
loU=0.5 loU=0.75
L il
AP50 APL APM APS AP75 APL APM APS
o TN 92.91%  82.32%  94.72%  90.88%  57.60%  40.02%  74.63%  48.65%
S50£KZ RN 93.89%  83.00%  96.26%  91.38%  58.15%  42.79%  75.04%  49.56%
5 REQPAHZ O
o 94.73% 83.07% 96.70% 92.96% 58.85% 43.81% 75.29%  50.79%
gl
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Table 6 The detection results of detectors on SSDD
. loU=0.5 loU=0.75
RE FPS
AP50 APL APM APS AP75 APL APM APS
RetinaNet 85.70% 81.27% 96.20% 85.58% 41.52% 39.59% 64.18% 40.25% 39
CenterNet 84.19% 15.68% 89.46% 79.74% 32.91% 4.23% 44.77% 26.14% 78
Faster-RCNN 83.80%  63.53%  94.57% 69.23% 21.83%  40.01%  42.06% 5.59% 16
YOLOv3 90.98%  61.79%  95.96% 90.72% 48.15%  21.18%  62.65%  39.25% 61
YOLOv4 93.69%  74.80%  96.42% 91.28% 50.42%  25.64%  64.67%  40.00% 50
YOLOX 91.56% 63.95% 94.03% 88.78% 56.69% 38.39% 65.49% 48.78% 95
DCAM-YOLOX  94.73% 83.07%  96.70% 92.96% 58.85% 43.81% 75.29%  50.79% 60
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Fig.8 The comparison results of detectors
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