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Audio signal clustering and separation using a stacked autoencoder
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ABSTRACT: This paper proposes a novel approach to the problem of audio signal clustering using a stacked
autoencoder. The proposed stacked autoencoder learns an efficient representation for the input signal, enables
clustering constituent signals with similar characteristics, and therefore the original sources can be separated based
on the clustering results. STFT (Short-Time Fourier Transform) is performed to extract time-frequency spectrum,
and rectangular windows at all the possible locations are used as input values to the autoencoder. The outputs at
the middle, encoding layer, are used to cluster the rectangular windows and the original sources are separated by
the Wiener filters derived from the clustering results. Source separation experiments were carried out in
comparison to the conventional NMF (Non-negative Matrix Factorization), and the estimated sources by the
proposed method well represent the characteristics of the orignal sources as shown in the time-frequency
representation.
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Fig. 1. Position of the convolutional window given the
time-frequency indices to generate the input to the
stacked autoencoder.
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Fig. 3. Block—-diagram of the proposed audio source
separation method using stacked autoencoder (2 source
case).
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Fig. 4. Reconstruction of the original sources by
constructing a mask from the clustering results. The
left boxes are sampled windows that belong to a specific
cluster. The numbers in the right table represents the
number of overlapped windows to a specific position.
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Fig. 5. Separation results of the proposed method and NMF for speech and jazz mixture input.
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Fig. 6. Separation results of the proposed method and NMF for speech and electric guitar mixture.
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