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Diesel Engine Fault Diagnosis Based on Kernel Robust Manifold Nonnegative Matrix Factorization
and Fusion Features
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Abstract The diesel engine is one of the important power sources in industrial production,its failure will cause a huge impact on
the efficiency and safety of industrial production.it is of great significance to diagnose the fault of diesel engine. Aiming at the dif-
ficulty and low accuracy of feature extraction in diesel engine valve fault diagnosis,a diesel engine fault diagnosis method based on
kernel robust manifold non-negative matrix factorization method and fusion feature is proposed. Firstly.the pressure signal is ana-
lyzed in the time domain to extract the pressure characteristics. Secondly. the time-frequency analysis of the vibration signal is
carried out using the short-time flourier transform(STFT) ,and the features of the vibration signal are extracted by the kernel ro-
bust manifold nonnegative matrix factorization. Then the features of the pressure signal and vibration signal are fused. Finally,
support vector machine is used to realize fault diagnosis. Compared with the traditional method, the fault diagnosis accuracy of
this method can reach 100% on the collected data set, which proves that it can effectively extract features and significantly im-
prove the diagnosis accuracy.

Keywords Diesel engine, Fault diagnosis, Nonnegative matrix factorization,Feature extraction, Fusion feature
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Table 1 Algorithm accuracy and dimension

Algorithm Accuracy Dimension
NMF 0.76 74
KNMF 0. 56 32
RNMF 0.69 100
GNMF 0.95 38
KRNMF 0.57 90
SNMF 0.55 87
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