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Sensor Failure Detection and Accommodation Based on Neural Networks
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Abstract

This paper presents a neural networks based approach for the problem of sensor failure
detection and accommodation for ship without physical redundancy in the sensors. The designed
model consists of two neural networks. The first neural network is responsible for the failure
detection and the second neural network is responsible for the failure identification and
accommodation. On the yaw rate sensor of ship, simulation results indicates that the proposed
method can be useful as failure detector and sensor estimator.

Keywords : Fault-tolerance, Neural Network, EBPA(Extended Back-Propagation Algorithm)
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Fig.2. Structure of 3-layer neural network
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Fig. 3. Fault tolerant neural network on the sensors
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Table 1. Structure of fault tolerant neural networks

eural network
mﬂ\ FD-NN | FA-NN

input parameter 1 2
data pattern(P) 2 3
number of hidden layer 1 1
number of neurons in hidden

4 12
layer
number of neurons in output 1 1
layer
learning rate 001 0.002
momentum coefficient 0.0 0.0
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