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Oriented object detection in aerial images based on improved retinaNet
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Abstract: Objects in aerial images, such as vehicles, ships, buildings, etc., may appear in any direction
with significant differences in their scale. Traditional non oriented bounding boxes are difficult to accurately
describe the direction and shape of objects, and the position, direction, and shape of objects in the image
may deviate from the actual situation, resulting in high regression loss uncertainty and low detection
accuracy and efficiency in small object detection. Therefore, Improved RetinaNet is applied to achieve
precise detection of oriented objects in aerial images. Designed a feature interaction fusion network to obtain
rich contextual information of oriented objects. A dynamic allocation method for training samples has been

introduced, which dynamically allocates training samples based on the spatial position relationship of the
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object to coordinate the imbalance between training samples and predict object categories through

classification sub—network. Based on this, a regression sub—network is used to regress the offset between

each oriented bounding box and the adjacent ground truth bounding box, and the long edge definition

method is used to represent the oriented bounding box. The KL divergence between the oriented bounding

box and the ground truth bounding box is calculated as the regression loss to solve the angle sensitivity

problem of large aspect-ratio oriented objects. Extensive experiments on publicly available aerial image

datasets have demonstrated the effectiveness and superiority of Improved RetinaNet in detecting oriented

objects.

Key words: acrial image; oriented object detection; feature interaction fusion network; training sample

dynamic allocation; KL divergence
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Fig. 1 Overall framework of improved RetinaNet
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Table 5 mAP of different methods for oriented object detection on DOTA-v1.0 dataset
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DWLA" 90.65 87.84 70.12 87.44 74.16 82.02 83.55 90.73 88.75 79.28 72.19 81.89 72.32 81.84 76.67 81.30
KRRD''9 90.67 87.78 69.40 87.47 75.25 82.33 83.64 90.74 88.83 80.17 72.42 82.35 72.53 82.25 79.41 81.68
Improved RetinaNet ~ 90.69 87.91 72.18 89.13 73.43 83.41 83.49 90.92 89.14 78.67 74.11 85.94 71.28 81.32 83.05 82.37
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K 25 55, H v p B9 KRRD J5 25 59 mAP 84 i 17
1.26% (M 60. 66 % & Hm#] 61.92% ).
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Table 6 mAP of different methods for oriented object detection on DroneVehicle dataset

VRS Bus Fright Truck Car Van mAP/%
Gliding Vertex'* 84.99 55.05 46.33 83.06 17.22 57.33
CSL™ 85.07 55.32 47.01 83.26 17.42 57.62
R*Det"”! 84.69 55.51 46.99 84.72 17.39 57.86
Rotated-RetinaNet ! 86.53 55.04 47.24 84.66 17.43 58.18
GWD'" 85.78 56.08 46.45 85.02 17.89 58.24
S%a-Net'” 85.83 55.92 47.42 85.64 19.43 58.85
Rol-Transformer'” 87.65 56.43 47.81 86.02 18.38 59.26
Oriented-RCNN"/ 87.24 55.32 48.23 87.84 19.78 59.68
Rotated-ATSS! 86.53 57.43 48.98 87.32 21.46 60.34
SA3Det” 86.97 57.35 49.03 87.52 21.45 60.46
DWLA" 87.04 57.25 49.06 88.13 21.48 60.59
KRRD"9 87.15 57.11 49.19 88.43 21.44 60.66
Improved RetinaNet 88.38 58.26 51.02 90.53 21.51 61.92
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Fig.4 Visual comparison on DOTA-v1. 0 dataset
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Fig. 5 Visual comparison on DroneVehicle dataset
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Table 7 Efficiency analysis on DOTA-v1.0 dataset

Jiok FPS B 240/ M
Oriented-RCNN'®! 12.35 101.53
Rol-Transformer'” 12.66 104.08
GWD'! 15.15 40.56
S*a-Net " 15.38 38.62
SA3Det™” 15.63 40.28
DWLA" 16.13 45.39
R*Det'” 16.39 42.03
KRRD'™ 16.67 42.17
Rotated-ATSS"') 16.95 40.14
Rotated-RetinaNet' "’ 17.24 39.23
Improved RetinaNet 16.98 38.71

%8 DroneVehicle I & IR S

Table 8 Efficiency analysis on DroneVehicle dataset

uok FPS A ZH0/M
Oriented-RCNN'® 14.53 101.53
Rol-Transformer"”’ 14.94 104.08
GWD'™ 17.32 40.56
S%a-Net'? 17.57 38.62
SA3Det™” 18.33 40.28
DWLA" 18.78 45.39
R*Det*’ 19.47 42.03
KRRD''9 20.31 42.17
Rotated-ATSS 20.59 40.14
Rotated-RetinaNet ' 21.26 39.23
Improved RetinaNet 20.89 38.71
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