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Abstract
In this study, using machine learning

algorithms investigate pattern recognition for
various music categories. The classification
model employ directed acyclic graph support
vector machines (DAGSVMs) and
back-propagation neural network (BPNN) model.
The study samples includes four categories of
music: folk, zither, rock and pop. The results
show that the accuracy rate of DAGSVMs model
for folk and rock music is better than BPNN
model, whereas the average accuracy of BPNN
model of 86.5% is slightly better than
DAGSVMs model of 84.9%. The lower accuracy
rate of folk recognition is probably because 24
MFCC feature attributes can not effectively
distinguish folk and rock music, implying that
new music characteristics features need to be
developed in order to enhance the detection rate.

Keywords: Music recognition, directed acyclic
graph support vector machines, back-propagation
neural network.
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