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Acoustic Signal Classifier Design using Dictionary Learning

Park, Sung Min*, Sah, Sung Jin*, Oh, Kwang Myung*, Lee, Hui Sung*
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ABSTRACT

As new car technology is developing, temporal interaction is needed in automotive. Rhythmic pattern is

one of the practical examples of temporal interaction in vehicle. To recognize rhythmic pattern and its input

medium, dictionary learning is applicable algorithm. In this paper, performance and memory requirement of

the learning algorithm is tested and is sufficiently good for use this acoustic sound.
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