Musical Genre Classification
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The standard statistics of the datasets

# of employed

Author Year Neural Network datasets Employed Dataset Input Type Evaluation Metric Ref.
Massoudi 2021 CNN 1 Urban Sound Classification Challenge MFCC Accuracy (1]
Ghildiyal 2020 CNN 1 GTZAN Mel-Spectrogram Accuracy [2]
Palanisamy 2020 CNN 3 ESC-50, GTZAN, UrbanSound8K Log Mel-Spectrogram Accuracy (3]
GTZAN,
Yu 2019 CNN 2 Extended Ballroom STFT Spectrogram Accuracy [4]
MagnaTagATune,
Won 2020 CNN 3 Million Song Dataset, Mel-Spectrogram ROC-AUC, PR-AUC (5]
MTG-Jamendo
Bisharad 2019 CNN 1 GTZAN Mel-Spectrogram Precision, Recall, [6]
F1 score
Zhang 2019 RNN 1 GTZAN MFCC, chromagram Accuracy [7]
Chillara 2019 CNN 1 FMA-SMALL Spectrogram Accuracy (8]
Zhang 2016 CNN 1 GTZAN STFT Spectrogram Accuracy 9]
Choi 2017 CRNN 1 Million Song Dataset Log Mel-Spectrogram AUC-ROC [10]
Su 2019 CNN 1 UrbanSoundsk Log Me'ﬁﬁggrogram' Accuracy [11]
. MagnaTagATune, Mel-Spectrogram, )
Choi 2016 CNN 2 Million Song Dataset MFCC, STFT AUC-ROC [l
Li 2018 CNN 3 ESC-10, ESC-50, UrbanSound8k Log Mel-Spectrogram Accuracy [13]
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