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ED-YOLO power inspection UAYV obstacle avoidance target detection
algorithm based on model compression
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Abstract: Aiming at the problem that existing convolutional neural network models are large in size and high in computation, which
results in not being able to consider both detection rate and accuracy of power inspection UAVs, an ED-YOLO network based on model
compression is proposed to achieve the target detection algorithm for UAV obstacle avoidance. The target detection algorithm is based on
YOLOv4, which firstly adds a channel attention mechanism to the backbone network to improve detection accuracy without increasing the
amount of computation. Secondly, the depth separable convolution is used to replace the traditional convolution in the feature pyramid
part to reduce the amount of convolutional computation. Finally, the model compression strategy is used to trim the redundant channels in
the network to reduce the model size and improve the model detection speed. Tests were conducted on the dataset independently
constructed with 9 600 flight obstacles of power inspection UAV , the obstacle target average detection accuracy for ED-YOLO is reduced
only by 1. 4% compared with that for YOLOv4, while the model size is reduced by 94.9% , the amount of floating point operations is
reduced by 82. 1% and the prediction speed is increased by 2. 3 times. Experiment results show that compared with various other existing
methods, the ED-YOLO target detection algorithm based on model compression proposed in this paper has the advantages of high
accuracy, small size and fast detection speed, and meets the requirements of obstacle avoidance detection for power inspection UAVs.
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Fig. 1 The network structure diagram of YOLOv4
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Table 1 Comparison of improved model parameters
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D-YOLOv4  92.90 92.7 38.5 227
ED-YOLOv4  93.42 105.1 41.8 238
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Fig. 8 The sparseness of different penalty factors
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Table 2 Parameter comparison of different penalty factors

s mAP/%  ZHE/M BN E/ms BORAR/ MB
0.000 1 0 4.522 40. 1 245
0. 001 0 4.03 37.3 176
0. 005 63.9 3.31 34.5 128
0.01 22.7 2.82 31.8 82
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Table 3 Parameter comparison of different pruning rates

BRIZFR  mAP/% BFLOPS  WiilA[a]/ms HEFIAFL/ MB

YOLOv4 9.5 121.3 45.1 245
ED-YOLO-0.5 92.12 51.5 31.4 51.8
ED-YOLO-0.6  90.3 4.1 27.2 37.5
ED-YOLO-0.7  82.8 33.2 23.9 24.2
ED-YOLO-0.8  63.9 21.7 19.6 12.5
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Table 4 Comparison of different model parameters

FEALZ B mAP/%  BFLOPS HUllsf[a]/ms #AIAFL/ MB
YOLOv4 92.5 121.3 45.1 245
FasterR-CNN 9.4 531.2 186 1034.2
Efficientdet-D0  88.2 52.6 55 11.9
YOLOv3 89.4 151. 72 59 234
ED-YOLOv4 93.42 63. 1 32 238
ED-YOLO-0.8  91.2 21.7 19.6 12.5
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Fig. 9 Partial identification result diagram
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