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1. Introduction

Human perception of acoustic mixtures results from the vibration
of the ear drum by superposition of different air pressure signals

3. Clustering  stage

In this stage, we estimate the mixing matrix using the a clustering
algorithm based on the short time Fourier transform (STFT)

6. Subjective experimental results

We used two groups of speech sources in evaluations, with one
group containing four male speech signals and the other group

9. Blocking  result

The effect of the block size L on the computational efficiency and 
separation performance of the proposed algorithmof the ear drum by superposition of different air-pressure signals

that are emitted from diverse audio sources at the same time.
The representative is cocktail party problem. Human auditory
systems can distinguish the sources from the mixtures quite
efficiently. It is, however, a difficult task for machines to separate
them robustly with no or very limited prior information about the
sources and the mixing environment.

Several techniques including blind source separation (BSS)

algorithm based on the short-time Fourier transform (STFT)
coefficients.

group containing four male speech signals and the other group
four female speech signals.

separation performance of the proposed algorithm.

(a) Source 1 (b) Source 2 (c) Source 3 (d) Source 4

Several techniques including blind source separation (BSS)
have been employed to address the problem which can be
described as X=AS, where A is unknown M×N mixing matrix, X
is M×T observed data matrix. A widely used technique for BSS is
independent component analysis (ICA) which has good
performance for an over- or exactly-determined case which is
M>N or M=N. In practice, however, an underdetermined problem
is usually encountered, where the number of the sources is
greater than that of the mixtures which is M<N

The four audio sources (a), (b), (c), (d) and the two mixtures (e), (f) K-means clustering algorithm to compute the final cluster centres.

The scatter plots of two mixtures of four speech sources in the 
time (a) and the frequency (b) domain.

The effect of different block length on the computational 
efficiency of the proposed algorithm.

(e) Mixture 1 (f) Mixture 2

(a) Estimation 1 (b) Estimation 2 (c) Estimation 3 (d) Estimation 4

(a) Time domain (b) Frequency domain

. . . .

. . . .
 

. . . .

. . . .
 

greater than that of the mixtures, which is M<N.

Our method for this problem is to use the so-called sparse signal
representation, assuming that the sources are sparse or can be
decomposed into combinations of sparse components. Based on
such a representation, a block-based compressed sensing
approach is presented for the underdetermined speech
separation problem. Especially, an adaptive learning dictionary is
used in our method to replace a fixed one

4. Separating stage

In the separating step, with the estimated mixing matrix, we 
formulate the signal recovery problem as a compressed sensing 
model.

used in the experiment. The horizontal and vertical axises are the 
time instants (in seconds) and amplitude respectively,

7. Objective experimental results

These centre vectors are the column vectors of the estimated
mixing matrix. The effect of different block length on the separation 

performance measured by SDR and SIR respectively.

10. Performance of adaptive dictionaries
SDR,SIR (IN DB) MEASURED FOR EACH ESTIMATED SPEECH SOURCE BY 
USING FIXED AND LEARNED DICTIONARIES.

BP  MP  L1LS L0RL2
Female speech 1  7.50  5.67  7.51 6.75
Female speech 2  0.85  0.05  2.14 0.86
Female speech 3  6.38  5.84  6.91 6.25
Female speech 4  4.69  4.81  5.79 5.22

TABLE I

BP MP L1LS L0RL2
Female speech 1  17.38 23.99 21.11 22.05 
Female speech 2  5.12 18.52 11.72 13.33
Female speech 3  10.89 16.98 13.02 12.10 
Female speech 4  8.05 20.37 12.28 12.01

TABLE II

FFT DCT HAAR KSVD GAD
Female speech 1 8 72 7 52 1 60 4 78 2 70

FFT  DCT  HAAR  KSVD  GAD 
Female speech 1 22 46 17 29 7 22 8 49 9 18used in our method to replace a fixed one.

2. The Proposed method

8. Comparison with other algorithmsThe proposed algorithm consists of multiple stages. First, the 
mixing matrix is estimated in the transform domain by a clustering 
algorithm. Then a dictionary is learned by an adaptive learning 
algorithm instead of the traditional fixed dictionary obtained by e g  An approach for estimating f from b is to solve the following l 

SDR , SIR(in dB) measured for each signal within the two groups of 
speech sources. The performance of adaptive dictionaries for noisy mixtures.
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TABLE I 
SDR(IN DB) MEASURED FOR EACH ESTIMATED SPEECH SOURCE 

 

TABLE II
SIR(IN DB) MEASURED FOR EACH ESTIMATED SPEECH SOURCE 

 

Female speech 1 8.72 7.52 1.60 4.78 2.70
Female speech 2 2.25 0.85 ‐4.59 ‐3.48 ‐4.18
Female speech 3  6.40 6.41 2.35 3.93 3.61
Female speech 4 5.53 4.69 0.78 2.10 1.93

 

Female speech 1  22.46  17.29  7.22  8.49  9.18 
Female speech 2  9.06  5.07  ‐0.53  ‐1.54  0.16 
Female speech 3  10.81  10.90  7.89  7.23  8.18 
Female speech 4  9.57  8.03  4.83  3.95  5.43 

 

DCT noise‐free DCT noisy KSVD noise‐free KSVD noisy  GAD noise‐free  GAD noisy 

Female speech 1 7.51 5.07 4.52 2.40  2.67  0.55 
Female speech 1 0.86 ‐1.90 ‐3.73 ‐5.35  ‐4.21  ‐6.07 
Female speech 1  6.41 ‐15.68 3.87 ‐9.42  3.59  ‐10.57 
Female speech 1  4.70 ‐27.93 1.75 ‐9.57  1.92  ‐10.90 

TABLE V 
SDR(IN DB) MEASURED FOR EACH ESTIMATED SPEECH SOURCE 

5. Dictionary learning stage

A transform such as FFT, DCT, HAAR wavelet transform,
is used to decompose the signals to a linear combination of

11. Conclusion

algorithm instead of the traditional fixed dictionary obtained by e.g. 
the discrete cosine transform (DCT). Using the estimated mixing 
matrix and the learned adaptive dictionary, the sources are 
recovered from the blocked mixtures by a compressed sensing 
approach. The separated source components from all the blocks 
are concatenated to reconstruct the whole signal.

–norm minimization problem  

 

 min 1 . . Ф  

DCT noise‐free DCT noisy KSVD noise‐free KSVD noisy  GAD noise‐free  GAD noisy 

Female speech 1 17.32 15.23 7.61 6.77  9.21  7.86 
Female speech 1 5.10 3.14 ‐2.06 ‐2.83  0.18  ‐1.45 
Female speech 1 10.92 ‐13.25 7.04 ‐7.35  8.18  ‐6.89 
Female speech 1 8.05 ‐25.58 3.35 ‐8.27  5.45  ‐15.61 

TABLE VI 
SIR(IN DB) MEASURED FOR EACH ESTIMATED SPEECH SOURCE 

 

is used to decompose the signals to a linear combination of
prespecified signal components (atoms), where the linear
coefficients are sparse. In this paper, instead of using a fixed
transform to obtain the dictionary, as in our previous work, we
apply a dictionary learning algorithm to design an adaptive
dictionary and evaluate its performance for speech separation.

We have presented a multi-stage system for underdetermined 
blind speech separation using block-based compressed sensing 
with adaptive dictionary learning. Numerical experiments have 
shown the competitive. separation performance by the proposed 
method, as compared with several recent underdetermined
BSS approaches reported in the recent source separation 
evaluation campaigns. Ф
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Comparison between the proposed algorithm and four recent 
algorithms.

The proposed method builds a framework to link compressed 
sensing with underdetermined BSS, and offers great potential to 
accommodate the signal recovery algorithms in compressed 
sensing to the source separation problems.

Flow chart of the proposed system for separating four speech 
sources from two mixtures.

we reformulate the two mixtures to a matrix T in which each column 
contains one of the training signal. All training signals are chosen 
from two mixtures by a certain overlap. After the training process, 
we can get the dictionary which matches the input signal features.


