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Abstract : The proposed algorithm utilizes an improved YOLOV8L model to detect rotating objects (such as ships and
aircraft) in complex remote sensing images with arbitrary orientation , large scale variation,and dense array of objects.
By incorporating a rotating frame with angle,the algorithm achieves more accurate target localization. Firstly,the de-
coupling angle prediction head is incorporated into the network’s head section to accurately forecast the angular infor-
mation of the target object. Secondly,by integrating a coordinate attention mechanism module ,the model’s capability
to suppress noise is significantly enhanced. Lastly,an adaptive spatial feature fusion module is introduced in the neck
section to effectively address inconsistencies in feature information fusion across different scales and retain valuable in-
formation for optimal fusion. The experimental results demonstrate that the proposed algorithm achieves a detection ac-
curacy of 73.85 % on the DOTA dataset, surpassing the original YOLOv8L model by 3.53 %.
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Fig. 6 Structure of modified adaptively spatial feature fusion
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Tab. 2 Comparison of results of different algorithms on DOTA data

Method PL BD BR GTF SV LV SH TC BC ST SBF RA HA Sp HC |mAP/%
Ploy ! 80.90 | 69.70 | 24.10 | 60.20 | 38.30 | 64.40 | 64.80 | 90.90 | 77.20 | 70.40 | 46.50 | 37.10 | 57. 10 | 61.90 | 64. 00 | 60. 50
Rol Trans!'') | 88.64 |78.52 |43.44 | 75.92 | 68.81 | 73.68 |83.59 [90.74 | 77.27 | 81.46 | 58.39 | 53.54 | 62.83 |58.93 |47.67 | 69.56
CAD-Net!'2] | 87.80 | 82.40 [49.40 | 73.50 | 71. 10 | 63.50 | 76. 60 | 90.90 | 79.20 | 73.30 | 48.40 | 60.90 | 62. 00 | 67.00 | 62.20 | 69.90
C—Rep“ﬂ 88.89 | 74.62 [43.92|70.24 | 67.26 | 67.26 | 79. 80 | 90. 87 | 84.46 | 78.47 | 54.59 | 62.60 | 66.67 | 67.98 | 52.16 | 70. 59
DRN[14] 88.91 | 80.22 | 43.52 | 63.35 |73.48 | 70.69 | 84.94 | 90.14 | 83.85 | 84.11 | 50. 12 | 58.41 | 67.62 | 68.60 | 52.50 | 70.70
DAL] 88.68 | 76.55 | 45.08 | 66.80 [ 67.00 | 76.76 | 79.74 | 90.84 | 79.54 | 78.45 | 57.71 | 62.27 | 69.05 | 73. 14 | 60. 11 | 71.44
R?Det[ 10! 88.76 | 83.09 | 50.91 | 67.27 | 76.23 [ 80.39 | 86.72 | 90.78 | 84.68 | 83.24 | 61.98 | 61.35 | 66.91 | 70.63 | 53.94 | 73.79
CenterMap[”] 88.88 | 81.24 [53.15|60.65 | 78.62 | 66.55 | 78.10 | 88.83 | 77.80 [ 83.61 |49.36 | 66.19 | 72.10 |72.36 | 58.70 | 71.74
Ours 88.60 | 80.06 | 54.48 | 67.35 (79.19 [73.14 | 87.52 | 90.87 | 85.70 | 84. 11 | 56.53 | 58.95 | 75.05 | 71.44 | 54.78 | 73.85
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