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WSN Wireless Data Transceiver Unit Fault Diagnosis with Fuzzy Neural Network
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(College of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)
Abstract In some wireless sensor network(WSN) security monitoring systems, the nodes transfer large amounts of da-
ta in a long time.which causes the phenomenon of power decreasing and power amplifier(PA) being burned in the wire-
less data transceiver unit,but this kind of fault diagnosis method is generally complex and inefficient. In order to solve
these problems, based on the analysis of WSN cell-level fault diagnosis, this paper proposed a fault diagnosis method
based on fuzzy neural network by using the current model of wireless data transceiver unit. Firstly,according to the rela-
tionship between the emission current,the temperature and the supply voltage, the current model is established. Then,
the fuzzy neural network model structure is determined by the clustering algorithm,and the hybrid learning algorithm is
used to optimize the front and rear parameters of fuzzy rules. Finally, the fuzzy neural network parameters are extracted
to establish the WSN node fault diagnosis model. The experimental results show that the presented fault diagnosis
method of wireless data transceiver unit possesses low computational complexity and high diagnostic accuracy. Com-
pared with Gaussian process regression model, the computational complexity of this method is reduced by 22. 4% ,and

the diagnostic accuracy is increased by 17.5%.
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Table 2 Performance comparison of fuzzy neural network, GPR

and BP neural network
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BP 24.1230 0.1590 0. 3469 0. 3987 0.0298
GPR 0. 4899 0.0538 0.1879 0.3422 0.0191
FNN 0. 3550 0.0161 0.1449 0.2889 0.0172
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Table 3 Parameters of fuzzy neural network model

n n

n o o ey oy ag ay ay

1 0. 889 0. 889 —0.297 —0.297 0.284 0.955 —0.308
2 —0.472 —0.472 —1.544 —1.544 3.345 2.534 4. 004
3 —0.976 —0.976 —0.941 —0.941 0. 006 0.690 —0.279
4 —1.009 —1.009 0.894 0.894 0.064 0.182 0.964
5 0.172 0.172 —0.834 —0.834 3.331 0.0869  —1.342
6 —1.521 —1.521 —1.543 —1.543 3.152 0. 645 4. 400
7 —1.516 —1.516  0.552 0.552 —0.236  0.501 —0.692
8 —0.332 —0.332 1.668 1.668 —0.514  0.814 —0.295
9 0.251 0.251 1.064 1.064 —1.399 1. 389 —0.188
10 1.451 1.451 0.811 0.811 3.626 —0.071 —4.311
11 1.412 1.412 1.166 1.166 0.016 0.866  3.739
12 —0.363 —0.363  0.359 0.359 0.724 —0.069  0.344
13 1.391 1.391 —1.341 —1.341 0.877 0.791 —1.184
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