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Abstract Music genres are classified using numerous features such as beat, tempo, and melodic pitch
as a means to categorise music. This paper propose a method to classify genres by extracting music
features through preprocessing and training them with machine learning techniques. Two machine
learning algorithms, CNN (Convolutional Neural Network) and LSTM (Long Short-Term Memory), were
used to compare the performance of each algorithm. The results of the analysis showed that the
machine learning method using CNN had the highest accuracy of 98.7%, which is due to the
characteristics of CNN that automatically extracts features. The high accuracy of CNN confirms the
possibility of using it in applications similar to automatic music recommendation systems, and shows

significant results despite limited data and non-optimal parameter settings.

Keywords : Music Genre, Classification of Music, Machine Learning, CNN(Convolutional Neural Network),
LSTM (Long Short-Term Memory)
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Fig. 4. Machine learning structure used in the experiment
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Table 1. CNN and LSTM accuracy and error

CNN LSTM
TEST_ACC 98.7 96.5
TEST_LOSS 0.09 0.26
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