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Abstract

Traditional power line inspections are mostly conducted manually with experienced workers. It is
low efficient, labor intensive, and high-risk. Therefore, UAV vision based techniques have shown a
growing interest in high-voltage power line inspection. The fundamental task for power line in-
spection is the detection and classification of power components on the power transmission infra-
structures. So far, classical machine learning based target recognition and detection algorithms,
such as Support Vector Machine (SVM), Regression and other shallow structured machine learning
models are difficult to achieve high accuracy. Deep learning models, convolutional neural network
(CNN) for example, perform much better in target recognition and become the most preferred al-
gorithm in many multi-target recognition scenarios. However, most CNN based target detection
methods (RCNN, Faster RCNN, etc.) are computationally expensive. It is difficult to achieve real
time detection in UAV-Video. YOLO3 (You Only Look Once V3) is recently developed CNN based
target detection model, it has been proved as one of the top target recognition methods in terms of
speed and accuracy. In this work, we deployed YOLO3 in power components recognition. The ex-
periments show that the proposed method can be used to identify and locate power components
within an average speed of 36 ms which fully achieves the speed requirement for real-time in-
spection.
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Figure 1. Schema of target recognition by YOLO V3
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Figure 2. Image samples of dataset
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Figure 4. Target detection result sample by YOLO V3
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Table 1. Performance on test dataset and the average processing speed
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Table 2. Comparison of processing speed of the most used target detection models on the same dataset

2. EAELAGIIEGNA KRS LE R BN E AR P IRE R T

H57 (Model) DPM Fast RCNN Faster RCNN Yolo V3

SR (i 43 FP FPS) 0.61 0.55 7.5 30.4

5. &

ASCRAE 72T YOLO V3 (IR FZ S 21 H AR IS FL g 5 2 28 8 5 B e 1 1A U 5 A 5 Ao (R P AT
Pho SEIGRW], YOLO VREES:>] HARt MY A IR ROR B35, HERf 2 A0 [] Z A A B AR, e
i ZAR A, YOLO BEAY [ H AR Aer s Bt o 1% FH I LAY, P9 B2 30.4 Wi FP(EPS),

564 AT LUAEITE AHLSE I B 2K
B30k

[1] Mortensen, E.N., Deng, H. and Shapiro, L. (2005) A SIFT Descriptor with Global Context. IEEE Computer Society

Conference on Computer Vision and Pattern Recognition, San Diego, 20-25 June 2005, 184-190.
https://doi.org/10.1109/CVPR.2005.45

[2] JAWZF. #T SIFT M EMEITAECEE]. tHENLSBRL, 2014(7): 63-67.

[3] IMEL, BAZE, =%, AT REMRENYE HOG-NMF FHEMPUEIT Al vED]. BT 5E B AR, 2013, 35(8):

1921-1926.
[4] B, WAL, MoCR. BT R EE TR A, BEEEARS TR, 2009, 9(13): 3646-3651.

DOI: 10

.12677/airr.2018.74020 176 PNER ST IR YN


https://doi.org/10.12677/airr.2018.74020
https://doi.org/10.1109/CVPR.2005.45

LR,

(5]

(6]

(8]
1]
(10]

[11]
[12]

[13]

[14]

[15]

[16]

Zeng, C., Ma, H. and Ming, A. (2010) Fast Human Detection Using mi-sVM and a Cascade of HOG-LBP Features.
IEEE International Conference on Image Processing, Hong Kong, 26-29 September 2010, 3845-3848.
https://doi.org/10.1109/ICIP.2010.5654100

RN, VRBESE, AR, M, IKEE. 454 svm 202K AR hog FHEFEIUAT AR [I]. tHENLTRE, 2016, 42(1),
56-60.

Yu, T. and Wang, R. (2016) Scene Parsing Using Graph Matching on Street-View Data. Computer Vision and Image
Understanding, 145, 70-80. https://doi.org/10.1016/j.cviu.2016.01.004

&AL, BHIE, B BT BRI S R R R AR S W ET]. s HERIR, 2013, 39(5), 1040-1045.
W, a4 TR AR ELD]: [ AR 5], K K H K, 2012.

Lecun, Y., Bengio, Y. and Hinton, G. (2015) Deep Learning. Nature, 521, 436. https://doi.org/10.1038/nature14539
PRV, KN IREERR A RS T SN T R AT FTZRR )], R4S 4, 2016, 31(1), 1-17.

Girshick, R., Donahue, J., Darrell, T. and Malik, J. (2016) Region-Based Convolutional Networks for Accurate Object
Detection and Segmentation. /EEE Transactions on Pattern Analysis and Machine Intelligence, 38, 142-158.
https://doi.org/10.1109/TPAMI.2015.2437384

Girshick, R. (2015) Fast R-CNN. /EEE International Conference on Computer Vision, Santiago, 7-13 December 2015,
1440-1448. https://doi.org/10.1109/ICCV.2015.169

Sempau. J., Wilderman. S.J. and Bielajew, A.F. (2000) DPM, a Fast, Accurate Monte Carlo Code Optimized for Pho-
ton and Electron Radiotherapy Treatment Planning Dose Calculations. Physics in Medicine & Biology, 45, 2263-2291.
https://doi.org/10.1088/0031-9155/45/8/315

Ren, S., He, K., Girshick, R., et al. (2015) Faster R-CNN: Towards Real-Time Object Detection with Region Proposal
Networks. IEEE Transactions on Pattern Analysis and Machine Intelligence, 39, 1137-1149.
https://doi.org/10.1109/TPAMI.2016.257703 1

Redmon, J., Divvala, S., Girshick, R., ef al. (2016) You Only Look Once: Unified, Real-Time Object Detection. 2016
IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, 27-30 June 2016, 779-788.
https://doi.org/10.1109/CVPR.2016.91

Hans X

PR BB 5 2

1. FTJFFAM T http:/kns.cnki.net/kns/brief/result.aspx?dbPrefix=WWJD
FHiFIRHESSE: [ISSN], FAMIT] ISSN: 2326-3415, RIA[& i
2. FTHFHIM B T http:/cnki.net/
Ao« B BRSCHREE” BEN, HIANSCEbRE, BRI

hEE S http://www.hanspub.org/Submission.aspx
HATFIMEAE: airr@hanspub.org

DOI: 10.12677/airr.2018.74020 177 NTHE

ASHIRE YNk

D)-
>


https://doi.org/10.12677/airr.2018.74020
https://doi.org/10.1109/ICIP.2010.5654100
https://doi.org/10.1016/j.cviu.2016.01.004
https://doi.org/10.1038/nature14539
https://doi.org/10.1109/TPAMI.2015.2437384
https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.1088/0031-9155/45/8/315
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/CVPR.2016.91
http://kns.cnki.net/kns/brief/result.aspx?dbPrefix=WWJD
http://cnki.net/
http://www.hanspub.org/Submission.aspx
mailto:airr@hanspub.org

	UAV-Vision Based Real-Time Power Line Components Identification 
	Abstract
	Keywords
	无人机视觉下的输电塔线关键部件实时定位识别
	摘  要
	关键词
	1. 引言
	2. YOLO深度学习模型
	YOLO-V3深度学习模型

	3. 基于YOLO V3方法的电力部件识别定位
	电力部件检测识别过程

	4. 实验结果与分析
	4.1. 基于无人机航拍视频的YOLO V3训练和测试图像数据集
	4.2. 软件界面
	4.3. 实验结果
	4.3.1. YOLO V3模型输电塔线系统识别结果图示
	4.3.2. 实验统计信息


	5. 结论
	参考文献

