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Fig.3 Flow chart of improved Faster-RCNN algorithm
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Fig.5 Process of network training
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accuracy of five models

SRR SR I, SC AP ST R R E 037 H 4
RERIF B4 % 5 P H 3R A R & 5155 H AR, (HAE K
BERFIRTE O T A T AE H BLAS ER ARG TN 25 2R, 4N 10
fike 7ER 10 AR Z 20T 5% T, 2t Faster-



2 HEHEAR 176

RCNN+EiE ZFnet #ERY P REAS B4y 1 PO 1 H A
{HIE 10 Ca) H, etk o 08 B 1R0RE 38 3 4 78 R AU
g LR N 3 BRE R s M A 5 T A
AR SCHAEAE 5 [ 10 (b) | it s RO RL R G A7 1
Trfavs PGB R 4 2% 1, IR R A 2 5 T B AR A
LA HAR R R K T BLE 1, 5 BB AR
(9 FARFFAEAS A o

10 ERAMAIRAER
Fig.10 Recognition result of algorithm failure
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Transmission line inspection image detection based on improved Faster-RCNN
WEI Yewen', LI Mei', XIE Yuanlin', DAI Beicheng'
(1. College of Electrical Engineering & New Energy, China Three Gorges University, Yichang 443002, China;
2. Hubei Provincial Engineering Technology Research Center for Power Transmission Line

(China Three Gorges University) , Yichang 443002, China)
Abstract: To solve the problem of slow response and low accuracy in the traditional image recognition method of transmission
line target inspection, an improved faster-region convolutional neural network ( Faster-RCNN) deep learning recognition
algorithm is proposed. In this paper,the image features are exiracted by zeiler and fergus net ( ZFnet) and the ZFnet model
parameters are reset to obtain more target details. Then,the Faster-RCNN is used to detect the target. The target candidate box
is generated by the sub-network region proposal model and the parameters are tuned by the fast-region convolutional neural
network (Fast-RCNN). In addition, the refining stage is introduced into the output part of the Faster-RCNN to increase the
refinement of classification and regression of the target features. And then the multiple bounding boxes with the target are
combined to achieve accurate classification and coordinate positioning. The results of the experiments show that the improved
Faster-RCNN algorithm can effectively identify the transmission line equipment and its defects. The overall recognition rate of
the method could reach 93.5% within 1 s of the response time. Compared with the image recognition and the deep learning such
as single shot multibox detector (SSD) and you only look once ( YOLO) ,the proposed algorithm improves the identification
accuracy and response speed of power equipment,and has certain advantages in intelligent inspection of transmission lines.
Keywords : transmission line inspection; image recognition; deep learning; convolutional neural network ; feature extraction;re-

gion proposal network
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