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Acoustic scene classification based on joint optimization of NMF and CNN
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Abstract: To solve the problem of feature representation of complex acoustic environment in acoustic scene
classification task, an optimization algorithm of joint training feature extraction and classification model is
proposed. In order to learn more discriminative and supervised features, non-negative matrix factorization is
combined with convolution neural network training, and the loss value of network is used to realize feature
extraction and network parameters updating. The logarithmic spectrogram is extracted from the TUT2017
dataset as the basic feature. And the deep convolutional neural network is built for experimental verification.
The simulation results show that the recognition accuracy of the proposed algorithm is improved by 3. 9%

compared with that before optimization, and is superior to the other two commonly used acoustic features,
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which proves that the algorithm can effectively improve the overall classification effect.
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Flow chart of joint optimization algorithm
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Table 2 Accuracy of different feature dimensions

SNMF Foldl Fold2 Fold3 Fold4 -1
K=64 0. 781 0.795 0.771 0. 824 0.793
K=128 0. 805 0. 837 0.793 0. 854 0.822
K=256 0. 827 0. 839 0.814 0.863 0. 836
K=512 0.818 0. 831 0. 807 0. 855 0. 828
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Table 3  Accuracy of different model layers

LT Fold1 Fold2 Fold3 Fold4 S
CNN8 0. 808 0. 807 0.778 0. 806 0. 800
CNN10 0.827 0.839 0.814 0.863 0. 836
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Table 4 Comparison of recognition accuracy of different features
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