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State detection of railway catenary insulators based on deep learn-
ing and gray-scale texture features

JIANG Xiangju, DU Xiaoliang”

(School of Automation &. Electrical Engineering,Lanzhou Jiaotong University, Lanzhou,Gansu 730070, China)

Abstract ; The state detection of railway catenary insulators is of great significance to the safety of railway
traffic. To solve the uncertainty of manual inspection on insulator inspection results,a detection method
combining deep learning and gray texture features are proposed. First, the Faster R-CNN (faster region-
based convolutional neural network) algorithm is used to accurately identify the insulators in the image,
and then the texture features of the insulators are analyzed and extracted through the gray-level co-oc-
currence matrix. Then,the support vector machine is used to divide the insulators into normal insulators
and abnormal insulators. The result of the experimental data proves that the classification accuracy of the
normal insulators in the experimental data can reach 100 % ,and the classification accuracy of the abnor-
mal insulators can reach 97.5% when the three texture features of energy,entropy and correlation are
used to classify the insulator state. Finally,according to the periodic characteristics of the gray distribu-
tion of the insulator image,the abnormal insulators are divided into damaged insulators and foreign mat-
ter insulators by gray-level integration projection. Experimental results have showed that the proposed
method can effectively detect and classify the state of insulators.
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Tab.2 Texture features ofdifferent types ofinsulators

Texture
eature Energy Correlation Contrast Entropy IDM
Insulato

Normall 0.0196 0.01352 2.776 4,741 0.756
Normal 70 0.0204 0.01456 3. 876 4.367 0.747
Damaged 1 0.0124 0.01127  2.075 4.91 0.741
Damaged 40  0.0147 0.01146 3.164 5.432 0.684

Foreign body 1 0.0088 0.01137  3.372 6.712 0.512

Foreign body 30 0.0079 0.00115  4.036 6.551 0.672
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Fig. 7 Classification results: (a) Energy,entropy,correlation classification result;
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Tab.3 Classification accuracy ofdifferent feature combinations

Feature Energy Energy Energy Contrast Contrast Contrast

type Entropy Entropy Entropy Energy Entropy Correlation
Accurac Correlation Contrast IDM 1IDM Correlation IDM
Normal

insulator 100% 100% 97.5% 97.5% 98.75% 95%
accuracy

Abnormal

insulator 97.5% 96.25% 96.25% 95% 96.25% 92.5%
accuracy
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Fig. 8 Vertical integral projection: (a) Foreign matter insulator; (b) Damaged insulator; (c¢) Normal insulator;
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(e) Gray integral projection of damaged insulators; (f) Gray integral projection of normal insulators
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