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Fault classification method for nautical steer based on SOM neural networks

ZHOU Jing, YU Jia-xiang, SI Nan, TIAN Qing-zhan
(Department of Training, Dalian Naval Academy, Dalian Liaoning 116018, China)

Abstract: It is difficult to collect inductive fault patterns of the steer system for diagnosis. In order to
solve such a complicated nonlinear pattern classification problem, a kind of fault diagnosis method for
steer system is proposed based on the Self-Organizing feature Map(SOM) neural network structure. A two-
layer SOM neural network is built. Many weight vectors are in the clustering center of input vector after
training. The adaptive classification is realized fast and effectively. The simulation results show that the
SOM network can realize clustering after 100 times of training with the accuracy rate up to 90% for the
classification of finite fault test samples.
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Tablel Part of training samples

No. feature 1 feature 2 feature 3 feature 4 feature 5 feature 6 feature 7 feature 8

1 0.068 4 0.090 1 0.2173 0.498 7 0.048 3 0.016 4 0.085 4 0.0015

2 0.0228 0.090 7 0.286 5 0.458 9 0.0418 0.0313 0.0813 0.0019

3 0.072 6 0.095 4 0.264 3 0.436 4 0.042 6 0.017 6 0.050 8 0.0395

4 0.068 9 0.0775 0.2287 0.476 3 0.054 7 0.0252 0.0519 0.0313

5 0.064 8 0.080 2 0.218 6 0.5189 0.0435 0.028 1 0.057 2 0.0819

6 0.035 4 0.1157 0.2557 0.479 6 0.0313 0.0148 0.0519 0.092 9

7 0.0458 0.107 6 0.2128 0.510 4 0.048 9 0.0157 0.035 2 0.048 3

8 0.0418 0.108 1 0.282 6 0.4226 0.0315 0.036 6 0.0317 0.047 8

9 0.080 2 0.1231 0.154 1 0.442 6 0.055 1 0.046 2 0.0125 0.086 2

10 0.075 2 0.141 2 0.163 2 0.439 8 0.060 1 0.044 7 0.010 8 0.065 1

7 2 SOM 2 53kt
Table2 Classification output of neural networks with different training epochs
training step sample 1 sample 2 sample3  sample4  sample 5 sample 6  sample 7 sample 8 sample 9 sample 10

10 2 22 2 17 17 22 22 22 28 28
50 2 17 2 17 17 20 24 24 28 28
100 2 20 2 17 17 20 24 24 28 28
200 2 16 3 17 18 20 23 24 28 29
500 2 16 3 17 18 20 23 24 28 29
1000 2 16 3 17 18 20 23 24 28 29
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Fig.2 Neuron position before training Fig.3 Neuron position after training
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Fig.4 Results of SOM classification
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