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Abstract: Classification f traditional music genre have problems of unstable performance and low
characteristics of music signals. In view of these problems, this paper proposes an
eural Network music genre classification model. Various features such as root mean
square energy, zZero crossh , spectral centroid, and spectral contrast of music are extracted through the Librosa library of
Python. Then, visual analysis of the feature data using PCA (Principal Component Analysis) and LDA (Linear Discriminant
Analysis) data dimensionality reduction methods has proved the rationality of feature selection. Finally, simulation
experiments are conducted on four types of music genres, and compared with the traditional classification model. The
experiment proves that the accuracy of the 10-fold cross-validation of the model proposed in this paper is 93.12%, which is
better than traditional classification models such as KNN (K-Nearest Neighbor) and SVM (Support Vector Machine).
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Tab.1 Features and dimensions selected in the music data set
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Fig.3 Dimension reduction results of PCA method
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Fig.4 Dimension reduction results of LDA method
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Tab.2 Forward propagation algorithm

e =5 (WPY,
WO =W® 4 (DY 6w,
k=k-1;

Until £=0

Return W k=1, K.

M aN

G
Q\ R4 4544

SNk diR LR

Require: X ,W® k=1,-+K.
YO =X, k=1.
Repeat
YO =o(y W),
k=k+1;
Until k=K

Return y* k=1 K.
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Fig.6 Accuracy and loss curve during training
4 FHER 545 (Experimental results and

analysis)
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Tab.4 Experimental results, o

t classifiers

Git'S SR B
1 Kir4F(KNN) 81.6%
2 Yesfikt(Decision Tree) 73.8%
3 384589 (Logistic Regression) 81.6%
4 FhEE - (Naive Bayes) 78.8%
5 F AR PVL(SVM) 87.5%
6 2R 2% (NN) 93.12%
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