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Abstract: The fault prediction of liquid rocket engine test stand is actually the prediction of
parameters associated with the test rig. By predicting the variation trends of those parameters, whether
the test rig will get fault at a certain time in the future can be judged. As liquid rocket engine
test-stand system is complex and difficult to model, a model based on relevance vector machine
(RVM) is proposed in this paper. At the training stage of the model, the single-parameter method,
phase space reconstruction method and multi-parameter method are used respectively to train the
model according to the features of the data sequence, and then the trend of overall health degree and
start-up thrust of the test stand is predicted by the trained model. The prediction result shows that this
method based on RVM can effectively predict the possible fault and its trend.
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Fig. 1 Structure of RVM regression prediction model
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Fig. 2 Flow chart of RVM algorithm
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Tab. 1 Training and testing samples of single- parameter fault prediction based on RVM
HAFS B X* iy THRIMLE y*
XtrainSm1 0.736 6 0.734 2 0.7311 0.727 1 0.727 6
XtrainSm2 0.734 2 07311 0.727 1 0721 6 0.721 7
XtrainSm3 0.7311 0.727 1 0.721 6 0.714 1 0.713 9
XtrainSm4 0.727 1 0.721 6 0.714 1 0.703 7 0.703 4
XtrainSm5 0.721 6 0.714 1 0.703 7 0.689 2 0.688 9
XtrainSmé 0.714 1 0.703 7 0.689 2 0.668 9 0.668 8
XtrainSm7 0.703 7 0.689 2 0.668 9 0.640 6 0.640 9
PredictSml 0.689 2 0.668 9 0.640 6 Predictionl 0.601 9
PredictSm2 0.668 9 0.640 6 Prediction! Prediction2 0.548 2
PredictSm3 0.640 6 Predictionl Prediction3 Prediction3 0.474 0
PredictSm4 Predictionl Prediction2 ' Prediction4 | Prediction4 03722
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Fig. 3 Single-parameter comprehensive fault prediction based on RVM
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Tab. 2 Training and testing samples of multi-parameter fault prediction based on RVM

HAFS Pe - - F, F*
XtrainSm1 0.000 0 0.000 0 0.000 0 0.000 0 0.000 2
XtrainSm2 0.126 8 0.343 4 . 04320 0.029 6 0.024 3
XtrainSm3 03125 0.608 0 0.499 8 01329 0.1532
XtrainSm4 0.457 6 0.6119 0.553 4 0.287 2 0.266 3
XtrainSm5 0.597 0 0.623 3 0.561 2 0.381 3 0.374 9
XtrainSm6 0.684 9 0.632 9 0.596 7 04524 0.459 8
+ XtrainSm7 0.792 4 0.676 3 0.644 4 0.556 9 0.576 2
XtrainSm8 0.853 3 0.694 6 0.732 3 0.686 6 0.668 4
XtrainSm9 0.884 7 0.793 9 0.833 9 0.773 0 0.760 5
XtrainSm10 0.922 2 0.884 8 0.881 3 0.851 2 0.837 6
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