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The Fault Diagnosis for Diesel Engine Inlet and Exhaust System Based
on Adaptive LS-SVM
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Abstract A novel fault diagnosis method is proposed for diesel engine inlet and exhaust system based on least squares support vector
machine (LS-SVM). Normal running and several common faults (gas leak and abnormal valve lash) are decomposed into wavelet packets,
the energies of different frequency bands after wavelet packet decomposition serve as the input vectors of LS-SVM, the feature vectors. An
adaptive optimizing algorithm is used to optimize LS-SVM. The engine fault is identified using LS—SVM based on optimized parameters by
the adaptive optimizing algorithm and the minimum output coding. A comparative experiment shows that the proposed approach can
overcome the shortcomings of the slow convergence and of falling easily into a local minimum in the BP algorithm and the long training
time in the traditional LS-SVM algorithm by cross—validation, and the method enjoys advantages such as fast training speed and high
identification accuracy percentage as compared with the BP neural network and the traditional LS—SVM. It also performs well with small
number of samples. The simulation verifies its validity in identifying diesel engine inlet and exhaust system faults.
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Table 1 Comparison of classification results
@® ;@
;@ , CPU /s 1%
Vo 07); @ 14 14 13.1041 95.71
IS-SVM LS-SVM 21 14 25.9898 97.14
5 14 14 176.5775 91.43
LS-SVM 21 14 408.6914 92.86
3 BP 14 14 31.8866 78.57
[11] 175 21 14 76.0193 85.71
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