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Abstract

In view of the current inspection problem of power line corridor, a fixed-wing UAV platform capa-
ble of vertical take-off and landing is set up in this paper to solve the problems of short endurance
of ordinary quadrotor and strict requirements for the landing of ordinary fixed-wing. An im-
proved convolutional neural network is proposed to classify the photos of power line corridor. By
preprocessing the data and optimizing the network model, the image classification performance is
significantly improved.
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Figure 1. Hybrid drone platform
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Figure 2. PID control strategy of PX4
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Figure 3. Takes off vertically by Quadrotor
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Figure 4. Quadrotor to fixed wing conversion step
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Figure 5. Basic flight information
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Figure 6. Pitch angular rate curve
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Figure 7. Roll angular rate curve
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Figure 8. Yaw angular rate curve
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Figure 9. Convolutional neural network
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Figure 10. Dataset
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Figure 11. Training effect by original network
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Figure 13. Training effect by new network
13. FRLEINZRHER

DOI: 10.12677/airr.2020.92007 62 PR ST IR YN


https://doi.org/10.12677/airr.2020.92007

g
N

A
=¥

ATLVE R, fEBANIIZGERET, WAREMHER R S GENERE —F LA, BRME—F TR,
IR FE R R A B K HERGRIA B T 94.56%, 1t T ILATAY 91.43%, 1 9<{i A 0.1960, T IR 0.2252.
Tt BH BT ) X 8 R e e R A T R A AR

4. B

AR T B TR ARSI R G NTEANCT 6, B TS5, /8 T R T
PERE. LEAMET Xt FL 2R B I P 20 SRR AE R R AL, $REH 1 — M TR A BN R B
MM AR, WML, S T ARG RIERE, £ R IEdRE LIS T REF102K
ROR o RENS B oy HL 2 TE 7 A A ) B S B B

EEHTRA R, REXTANAEREN B S EA AR, SEUSHEnEm RS,
PIEAE IR SRR FUrp, i A BRI v & A, BN E R Gt A SOUE R T — MR H
DL, H BRI VIGRRE AL, R 2000 5K, AHEER AT SEBR TAEE R A0 . FER S
A, ARG SRR AR 2 %, B B IR, XEASE 2R SR A A R E A A
PR IR E 27 2] P BB > AR R 508 I8 G0 IR 75 AR SR AT AT

SE 3k

[1]1 FEE, &, S, BEsE. Jo AN /) 2REk R it N Rt [9]. BHFABOR 56108, 2018(23): 164-165.
[2] Zgi, Bl Fadk, FUEm. TANER SR S A D). B 55 §eIR, 2017, 33(8): 62-70.

[8] #BW ke, VEBIE, WIS, f Rk AN R HAR B BLIR ZAE ¢ iR oy #r [3]. HEASUTT 2K, 2018(3): 92-94.

[4] FET. RAR VTOL BN Y 3% KRG F[D]: [ 12 A0ie 3], dbst: Jb7 Tolk k2, 2019.

[5] Katiasnik, J. and Likar, B. (2010) A Survey of Mobile Robots for Distribution Power Line Inspection. IEEE Transac-
tions on Power Delivery, 2, 485-491.

[6] 7K, B0, BV HETIHREEIMEG R EEERD]. BIEREE, 2019(11): 58-74.
[7] X EETREEFAEMNL R NEEE 2RI [D]: [t 208 0], FHk HMoKEE, 2019,
[8] #HZRES, HRRE, AT, T ot BRI BG4 2K 051EN]. BEHIAR, 2018, 51(11): 2594-2600

[9] Nicholson, C. (n.d.) A Beginner's Guide to Convolutional Neural Networks (CNNs).
https://pathmind.com/wiki/convolutional-network

DOI: 10.12677/airr.2020.92007 63 PR ST IR YN


https://doi.org/10.12677/airr.2020.92007
https://pathmind.com/wiki/convolutional-network

	Power Line Corridor Monitoring and Image Classification Based on Hybrid UAV
	Abstract
	Keywords
	基于复合式无人机的输电通道监测与图像分类
	摘  要
	关键词
	1. 引言
	2. 复合式无人机平台
	2.1. 平台搭建
	2.2. 复合式无人机飞行阶段划分
	2.3. 飞行实验

	3. 基于神经网络的图像分类
	3.1. 深度学习与卷积神经网络
	3.2. 搭建网络模型
	3.3. 网络优化

	4. 总结
	参考文献

