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Fault Diagnosis of Multi Class Gaussian Process Liquid

Rocket Engine with Input Noise
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Abstract: A multi class Gaussian process classification algorithm with input noise based on variational inference
optimization algorithm is proposed to address the problem that traditional multi class Gaussian process classification
algorithms often ignore the noise pollution caused by data and reduce prediction accuracy. The multi class Gaussian
process model is used as the underlying classifier, additive Gaussian noise is introduced into the traditional model, and
the variational inference method is used to optimize the improved model, approximate the posterior distribution of the
model’s potential variables,and make new predictions accordingly. The multi class Gaussian process classification method
containing input noise is applied to the fault classification problem of liquid rocket engines. Experiments have shown that
compared with the traditional multi class Gaussian process classification algorithm, the proposed algorithm is better at
predicting. There is a certain improvement in accuracy, the negative logarithmic likelihood index is effectively reduced,
and the improved model is closer to the true posterior distribution.
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Table 1 Comparison of average error and average NLL experimental results of each method

when noise variance is used as a given input parameter

[psgistan W Ty 22 MGP VI-MGP NN-MGP FO-MGP
0.1 0.124 0.108 0.109 0.121

iR 2 0.25 0.173 0.154 0.171 0.168
0.5 0.218 0.197 0.215 0.226
0.1 0.665 0.249 0.273 0.327

¥ NLL 0.25 1.131 0.375 0.380 0.565
0.5 1.528 0.502 0.526 0.747

R2 BREFEEAZISEESHAENTHIREMFY NLL L2 RITLL
Table 2 Comparison of average error and average NLL experimental results of each method when noise

varianceis used as a learned parameter
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0.1 0.124 0.110 0.112 0.129
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0.5 1.528 0.931 0.927 1.373
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Fig.1 Influence of different training data Fig. 2 Influence of different training data
sizes on NLL sizes on average error
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Table 4 Feature attributes and corresponding symbols
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Table 5 Fault classification evaluation indicators Faul3
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Fig.3 Confusion matrix of liquid rocket engine fault data
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