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Abstract : Remote sensing images of ships is characterized by small target sizes, complex backgrounds, and significant attitude changes.
Traditional ship detection algorithms focus on improving detection accuracy while neglecting model size and real-time performance,
thereby limiting their practical application on resource-constrained devices. A lightweight rotated fusion detection network RFDNet
adapted to remote sensing ship images is proposed to address the above problems. Considering that the remote sensing ship images are
taken at a long distance, resulting in small target sizes and rich background information in the images, ACFNet is designed to improve
the detection accuracy of small ship targets by fully extracting local feature information and global spatial sensing information. To avoid
accuracy degradation when detecting ship targets with different attitudes, a rotating bounding box loss function is introduced, which
utilizes the orientation information of rotating targets for obtaining a more accurate bounding box regression loss, thereby improving the
detection performance of ship targets rotating in any direction; for the problem of increasing parameter counts brought about by increasing
the accuracy of the model, a lightweight convolution is introduced into the feature fusion part, which combines the convolution, the depth
separable convolution, and the channel blending to reduce the number of parameters in the model. Through comparative and ablation
experiments, it has been demonstrated that RFDNet achieved mAPs of 97. 63% and 81. 63% on the HRSC2016 and DOTA datasets,

respectively, while reducing the model parameters to 2. 99x10°. This not only effectively improved detection accuracy but also realized a
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lightweight model design, providing a new insight for the application of remote sensing ship detection algorithms to resource-constrained

devices.

Keywords : remote sensing image; rotating target detection; deep learning; feature fusion; loss function
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Table 3 Comparative experiments of different target
detection algorithms under HRSC2016 dataset

i mAP@O.5/% mAP@0.95/% P/%  itE+/GFLOPs

Rol-T 90. 21 77.25 55.13 122. 61
Gliding-V 88. 20 67.28 41.13 121. 50

R®Det 89. 26 76. 44 41.58 200. 92
YOLOVS 87.94 66. 35 86.23 204.7
YOLOv7 94.12 80. 51 37.21 105.2
YOLOV8 95.91 82.23 3.01 8.2
YOLOv10 91.93 75.48 2.71 8.4

AR 97.63 84.23 2.99 9.2
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F4 AEBHENE L DOTA HIBE THX L L1
Table 4 Comparative experiments of different target
detection algorithms under DOTA dataset

i mAP@O.5/% mAP@0.95/% P/%  itE+/GFLOPs

Rol-T 69. 56 58.74 55.13 122. 61
Gliding-V 75.02 65.31 41.13 121. 50

R®Det 73.79 65.35 41.58 200. 92
YOLOVS 73.17 64.22 86.23 204.7
YOLOv7 72.54 63.74 37.21 105.2
YOLOV8 79.78 68.96 3.01 8.2
YOLOv10 77. 41 64.23 2.71 8.4

AR 81. 63 70.14 2.99 9.2
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Table S Comparison of ablation experiments by improved methods

[ GLELEEEN 5 __

Lossyy, ACFNet LDConv mAP@ 0. 5/% mAP@ 0. 95/% P/% P14 5/ GFLOPs
YOLOv8 95. 49 81.72 3.01 8.2
YOLOv8 vV v 96. 01 81.95 3.08 8.4
YOLOv8 Vv 96. 83 84. 12 3.59 9.6
YOLOvS Vv Vv 96. 37 82.12 2.98 8.3
YOLOv8 vV vV vV 97.63 84.23 2.99 9.2




44 T2 R AR PR A A /) F AR R I I 2% - 129 -

2.5 BRI
T BEAE O ELUL M 73 B RFDNet i it 3508, Bl
HLIE BRI 4R 30 23 11 7 A 25 SR R AT X G, A AT 6 o

FanER

YOLOvS#i &Y N

RFDNet#5 %!

(a) | (b)
6 HIZE BT R

Fig. 6 Comparative visualization of test results
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