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Abstract ;: Power towers in unmanned aerial vehicle (UAV) inspection images have the characteristics of multi-attitude and large-aspect ratios,
which are difficult to accurately locate and distinguish towers with different degrees of inclination according to unique prior knowledge. To
improve the incline detection accuracy, this article proposes a method for processing UAV images based on the improved refined rotation
RetinaNet (Multi-Head-KF-R*det). Firstly, the incline detection head is added to the original R*det model to achieve the classification of
power towers and their inclination degrees, as well as the accurate location. Then, the Kalman-filter intersection over union loss is introduced
into the regression loss function to effectively improve the overall detection accuracy and recall rates of incline detection without additional
hyperparameters. Finally, the improved model is reasonably compressed based on the design principles of ghost lightweight network , which lays
a foundation for the deployment of the model in embedded devices. The experimental results show that the mAP and recall rates of Multi-Head-
KF-R*det on multi-scale and multi-attitude power tower datasets can reach 94.5% and 94.9% , respectively.
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F1 FREHEE mAP ExTEE

Table 1 Comparation of mAP values among different models %
SESi] 8} mAP AP, AP, Ao
RetinaNet 81.5 91.7 87.5 65.3
B R E ARG AR A Faster R-CNN 84.1 86.0 89.7 76.6
Cascade R-CNN 85.5 88.2 88.2 80.2
Rotated R-CNN 76.3 81.2 69.3 78.4
2 2= R ety Rotated Faster R-CNN 78.1 81.0 76.0 77.3
Rotated RetinaNet 79.9 88.9 73.7 77.0
JRUE R det 90. 7 90. 7 90.9 90.5
AL Multi-Head-R> det 91.5 90. 7 90.2 93.7
Multi-Head-KF-R* det 94.5 9.8 98.7 94.1
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Table 2 Comparation of recall rates before and after

R’det improvement %

HEAY Recall Recall,  Recall,, Recall,,
J5iA R det 94.3 95.6 9.3 95.2
Multi-Head-R* det 9.4 95.8 92.3 95.2
Multi-Head-KF-R>det ~ 94.9 97.2 92.3 95.2
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Fig. 8 Visual detection results in different scenarios
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Table 3 The parameter and computational results before
and after model compression

ChosNet MG R o FLOPs
/M /GMacs
TR4 R - 54.55 269. 53 94.5
2 43.00 244. 55 95.6
Backbone 3 39.19 236. 45 94. 1
4 37.24 232.19 89.4
2 51.02 222. 46 95.7
Head 3 49. 86 207. 03 93.5
4 49.26 198. 94 96. 5
2 47.49 222.46 96. 1
Refine-Head 3 45.18 207. 03 94.2
4 43.97 198. 94 95.6
2 32.41 150. 40 95.3
Backbone+Head+ 3 25.13 111. 44 89. 8
Refine-Head 4 21.37 91. 00 92.1
5 19.26 79. 84 89.1
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