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Figure 1 Flow chart of disaster status classification

of transmission line tower integrating PSO and ELM
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Figure 2 Flow chart of transmission line tower contour extraction
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Table 1 Image data set of transmission line tower
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Table 2 Correlation degree of characteristic parameters

of transmission line tower using different

normalization methods

Z$  Min-Max 7% Z-score ¥ Y E % S
S(p,)  0.3333 0.7744  0.8543  0.6540
P(p,)  0.9613 0.7659  0.8327 0.8533
EA(py,)  0.9772 0.780 7 0.8128  0.8569
R(p,) 1.0000 0.7805  0.8810  0.8872
RLW(ps) 0.9999  0.7659  0.8778  0.8812
REC(ps) 0.999 9 0.725 7 0.8823  0.869 3
e(p,)  0.9999  0.7595  0.8830 0.8808
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Figure 3 The influence of different PSO particle

numbers on the PSO-ELM iteration process
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Figure 4 Comparison of classification results of multiple algorithm models
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Table 4 Training and test results for different

ELM Models %

E:S HIREY

St MR R HER FE

GRA-ELM  100.00 86.22 90.85 75.02 82.15
PSO-ELM ~ 80.83 63.33 0 33.33 0
ELM 80.97 63.33 0 33.33 0

GRA-PSO-ELM 100.00 88.33 92.68 78.79 85.17
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A Method for Disaster Status Classification of Transmission Line Towers by

Integrating Particle Swarm Optimization and Extreme Learning Machine

CHEN Binghuang'*, MIAO Xiren', JIANG Hao', WU Jungang'

(1.College of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350108, China; 2.School of Electronics, Elec-
trical and Physics, Fujian University of Technology, Fuzhou 350118, China)

Abstract; The damage of natural disasters to transmission lines could affect the safety of power grid operation
seriously. However, it would be difficult to evaluate the classification of transmission line towers accurately
during emergency inspection by drone. Based on the emergency inspection of transmission lines by drone, this
paper proposed a classification method of transmission line tower that integrated particle swarm optimization
and extreme learning machine. Transmission line tower disaster state could be divided into three types:
normal, half collapse and full collapse. Firstly, the disaster state image data set of the towers of the transmis-
sion line emergency inspection was established, and the tower contour and its 7 main characteristic parameters
were extracted from the image data set by combining the linear segment detection and Harris corner detection
method. Then, the grey relation analysis method was used to obtain the 4 key characteristic parameters associ-
ated with the tower image and the disaster state. Then, the classification accuracy of towers was taken as the
fitness of particle swarm optimization algorithm, and the hidden weights and hidden deviation threshold were
optimized by using particle swarm optimization algorithm. The weights were imported into the extreme learning
machine to train the four key characteristic parameters of the tower disaster state images. Finally, it was
applied to the emergency inspection to classify the disaster state images of transmission line towers. It was
found that the four key characteristic parameters of transmission line tower image and disaster status classifica-
tion were circularity, length-width ratio, rectangularity and relative position of gravity center. The experimental
results showed that the classification accuracy of the fusion particle swarm optimization and extreme learning
machine model was 88.33%, and the accuracy rate was 92. 68%. Compared with the backpropagation neural
network and support vector machine algorithm model, it had better detection and classification effect. At the
same time, the feasibility and effectiveness of the classification method based on particle swarm optimization
and extreme learning machine were verified.

Key words: particle swarm optimization; extreme learning machine; transmission line tower; gray

correlation analysis



