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Recognition method of car whistle based on fusion feature
DENG xin, WANG yansong, YANG chao, GUO hui
(College of Automotive Engineering, Shanghai University of Engineering and Science, Shanghai 201620, China)

[ Abstract] Under complex road conditions and real environment conditions, the recognition methods of traditional car whistle
usually fails. A car whistle recognition method based on variational mode decomposition and fusion features is proposed. Variational
mode decomposition (VMD) is used to decompose the whistle signal into multiple intrinsic mode signals (IMF). Based on kurtosis
criterion, the principal IMF components are selected and the signal is reconstructed. The MFCC and LPCC characteristic parameters
of the reconstructed signal are extracted. The fusion feature parameters based on the above two features are obtained by using the
fusion algorithm, which are used as the input features of BP neural network model to realize the accurate recognition of car whistle.
The results show that compared with the single feature method, the fusion feature method can effectively extract the features of car
whistle and improve the recognition accuracy.
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Fig. 1 Flow chart of feature parameter fusion based on ReliefF
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Tab. 1 Kurtosis value of each IMF component
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Fig. 2 An example of time—frequency domain diagram of car whistle processed by VMD
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Fig. 3 Time—frequency domain diagram of each IMF component
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Fig. 4 The 12 dimensional MFCC feature coefficient extracted

from three kinds of sound signals in some frame
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Fig. 5 The 12 dimension LPCC feature coefficient extracted from

three kinds of sound signals in some frame
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Fig. 7 ReliefF weight of MFCC and LPCC features
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Tab. 2 Recognition results of sound signals processed by VMD
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Tab. 3 Recognition results of different feature extraction methods
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Tab. 4 The recognition rate of four feature extraction methods in BP
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