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Fiber optic network node anomaly recognition algorithm based
on clustering neural network

YUAN Jiao-jie,JIAO Meng-tian,ZHAO Jie-wen

(School of Information Engineering,Jiaozuo University , Jiaozuo 454003 , China)

Abstract : To improve the accuracy and speed of identifying node anomalies in fiber optic networks,a node anomaly i-
dentification algorithm based on clustering neural networks is proposed in this paper. Firstly, the preclassification of in-
put data is achieved through clustering calculation, which solves the problem of traditional classification and recogni-
tion algorithms easily falling into local optima. Then, the test data grouped after preclassification is used as the input
layer, and the clustering weights and clustering degrees are used as the weighting coefficients of the hidden layer to
improve the recognition of abnormal signals. Experiments are conducted on 64 FBG nodes in a fiber optic network , and
the temperature increment, heavy impact and periodic vibration are used to simulate the anomalous signals , respective-
ly. The results of the comparison experiments show that the recognition accuracy of this algorithm is 80.3 %,
92.8 % ,and 91. 6 % under the condition of aliasing where all three types of abnormal signals exist,which is an im-
provement of about 20 % over the neural network algorithm without preclassification. Therefore , the present algorithm
has the optimal test results in the four test cases. For the same data volume test, the speed of this algorithm is only half
of that of SVM algorithm ,which verifies that this algorithm has better timeliness.
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Fig. 1 Data classification model based on clustering neural network
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of abnormal signals
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Tab. 1 Mean test results for three abnormal events by four algorithms in different testing conditions

Situation
Comparison parameters
a b c a,b a,c b,c a,b,c
LOF 97.7 - - 42.5 43.6 - 23.5
SVM 98.8 - - 78.7 79.5 - 75.8
P’ ccuracy” %0 (for a)
’ ANN 98.4 - - 59.8 62.8 - 61.4
CNN 98.3 - - 79.2 83.5 - 80.3
LOF - 99.5 - 85.6 - 84.9 81.8
SVM - 99. 8 - 97.2 - 91.5 88.6
P’ curacy” %o (for b)
A ANN - 99.8 - 96.3 - 85.6 72.5
CNN - 99. 8 - 97.6 - 94.7 92.8
LOF - - 97.9 - 61.3 79.8 53.6
P /% (for <) SVM - - 99.2 - 92.2 90. 1 89.4
accuracy o or ¢
' ANN - - 98.7 - 84.2 73.6 71.2
CNN - - 98.8 - 93.8 91.9 91.6
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