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ABSTRACT

In this paper, the problem of blind separation of underdetermined
noisy mixtures of audio sources is considered. The sources are as-
sumed to be sparsely represented in a transform domain. The spar-
sity of their analysis coefficients is modelled by the Studentt dis-
tribution. This prior allows for robust Bayesian estimation of the
sources, the mixing matrix, the additive noise variance as well as
hyperparameters of the Studentt priors, using a Gibbs sampler (a
standard Monte Carlo Markov Chain simulation method). The per-
formances resulting from the use of various transforms, orthonor-
mal as well as overcomplete, are compared. More precisely, we
present extensive separation results of2× 3 mixtures of various sets
of sources (speech, musical and percussion sources) using various
orthonormal transforms - Discrete Cosine Transform (DCT), Mod-
ified Discrete Cosine Transform (MDCT), Discrete Wavelet Trans-
forms (DWT), and overcomplete transforms - Short-Time Discrete
Cosine Transform (STDCT) and union of MDCT and DWT. In gen-
eral, the MDCT is found to be a good transform to use on the various
types of audio signals. However, the DWT is the best transform to
use on the percussion signals as they contain more transients than
tonals. The provided results show that the separation performance
is indeed correlated to the sparsity of the analysis coefficients of the
sources in the transform domain. Our results also show that the use
of overcomplete transforms does not lead to significant improvement
in performance, because they fail to improve the sparsity measure.

1. INTRODUCTION

Blind Source Separation (BSS) consists of estimatingn signals (the
sources) from the sole observation ofm mixtures of them (the obser-
vations). In this paper we consider linear instantaneous mixtures of
time series: at each time index, the observations are a linear combi-
nation of the sources at the same time index. The (over)determined
problem (m ≥ n) has been widely studied, in particular within the
field of Independent Component Analysis (see [1] for an overview).
In this paper, we consider the underdetermined case. This case is
very challenging because contrary to (over)determined mixtures, es-
timating the mixing system is not sufficient for reconstruction of the
sources, since form < n the mixing matrix is not invertible. Then,
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it appears that separation of underdetermined mixtures requires im-
portant prior information on the sources to allow their reconstruc-
tion. Prior information is also helpful for reconstructing the sources
in noisy environments.

A now common approach to BSS, in particular for mixtures pos-
sibly underdetermined and noisy, is the use of source sparsity as-
sumptions (see [2]). The assumption of sparsity means that only
a few coefficients of the sources are significantly non-zero. If the
sources are not sparse in their original domain (e.g, the time domain
for audio signals), they might be sparse in a transformed domain
(e.g, the Fourier domain, wavelet transform).

In this work we are interested in studying the influence of the
choice of the transform over audio source separation quality. We ap-
plied a source separation algorithm to the analysis coefficients of the
observations of a noisy2×3 mixture with 4 different sets of sources.
The first set is composed of speech sources, the second set of musical
sources, the third set of percussion sources and the fourth set is com-
posed of a speech source, a musical source and a percussion source.
Various real-valued orthonormal transforms are considered, namely
the Discrete Cosine Transform (DCT), the Modified Discrete Cosine
Transform (MDCT), Discrete Wavelet Transforms (DWT), as well
as overcomplete transforms, namely the Short-Time Discrete Cosine
Transform (STDCT) and an hybrid transform (MDCT + DWT).

The separation algorithm applied to the observation analysis co-
efficients (that is, the coefficients yielded by the transform applied
to each of the observations) is described in [3]. It is a Bayesian
method in which the source analysis coefficients are given a Student
t prior, which leads to a sparse prior for low degrees of freedom. A
Gibbs sampler is used to sample from the posterior distribution of
the sources, the mixing matrix, the additive noise variance as well as
hyperparameters of the Studentt priors.

In general, the MDCT is found to be a good transform to use on
the various types of audio signals. However, the DWT is the best
transform to use on the percussion signals as they contain more tran-
sients than tonals. The provided results show that separation perfor-
mance is correlated to the sparsity of the analysis coefficients of the
sources in the transform domain. Our results also show that the use
of overcomplete transforms does not lead to significant improvement
in performance, because they fail to improve the sparsity measure of
the source coefficients.

This paper is organized as follows: in Section 2 we introduce
the linear instantaneous noisy model and the source and noise as-
sumptions, in Section 3 we describe briefly the separation scheme,
Section 4 describes the experimental framework and Section 5 gives
results. Conclusions and perspectives are presented in Section 6.



2. MODEL AND ASSUMPTIONS

2.1. Mixture model

We consider the following standard linear instantaneous model:

xt = Ast + nt, 1 ≤ t ≤ N (1)

wherext = (x1,t, . . . , xm,t)
T is the vector of sizem containing the

observations,st = (s1,t, . . . , sn,t)
T is the vector of sizen contain-

ing the sources andnt is an additive noise vector.A is them × n
unknown full rank mixing matrix (with possiblym < n). Variables
without time indext denote whole sequences or samples, for exam-
ple, x = (x1, . . . ,xN ). As a consequence, (1) can be rewritten
more succinctly as

x = As + n. (2)

The goal is to estimate the sourcess and the mixing matrixA up to
the standard BSS indeterminacies on gain and order [1].

2.2. Assumptions

2.2.1. Transform domain

Given an analysis operatorΨ ∈ RN×K corresponding to a chosen
linear real-valued transform, the sequence of analysis coefficients of
a signalx ∈ R1×N is the sequencẽx ∈ R1×K given by

x̃ = xΨ (3)

with possiblyK > N (overcomplete transform). Denoting̃x =
x̃Ψ ands̃ andñ accordingly, in the transform domain equation (2)
reads

x̃ = As̃ + ñ. (4)

2.2.2. Model of the sources

The underlying assumption of the following work is that the se-
quences̃s1, . . . , s̃n are sparse. Following the work in [3] the source
analysis coefficients are given a Studentt prior which gathers most
of its probability mass around zero and exhibits heavy tails for small
degrees of freedom, and is thus a relevant model of sparsity (see
details in [3]). Each sequencẽsi is modeled as an identically and in-
dependently distributed sequence, and the sequencess̃1, . . . , s̃n are
modeled as mutually independent.

2.2.3. Noise assumptions

We assume that̃n is a i.i.d Gaussian noise with covarianceσ2 Im,
and withσ unknown. We point out that when an orthonormal basis
is used (i.e, K = N andΨ−1 = ΨT ), n is equivalently a Gaussian
i.i.d noise with covarianceσ2 Im.

3. METHOD

The Gibbs sampler presented in [3] allows to decompose the datax̃
as:

x̃ = bA b̃s + b̃n (5)

where bA andb̃s are Minimum Mean Squared Estimates (MMSE) of
A ands̃. Time domain estimates of the sources can be obtained by
applying the synthesis operatorΦ = ΨT (ΨΨT )−1 ∈ RK×N to b̃s:

bs = b̃sΦ (6)

Note that whenK = N , Ψ = Φ−1.

4. EXPERIMENTAL FRAMEWORK

We present separation results of2 × 3 mixtures of various sets of
sources using various transforms. The sources, mixtures and esti-
mates obtained with all the transforms for each data set can be lis-
tened to athttp://www-sigproc.eng.cam.ac.uk/˜cf269/
spars05/sound_files.html .

4.1. Audio data

The sets of sources are: speech sources{ssp
1 , ssp

2 , ssp
3 }, musical

sources{smu
1 , smu

2 , smu
3 }, percussion sources{spe

1 , spe
2 , spe

3 }, and
the combination{ssp

1 , smu
2 , spe

3 }. The signals are sampled at 8kHz,
with N = 65536 (approx. 8s). The same mixing matrix was used
to generate synthetic mixtures of the above sets of sources, and we
used:

A =

»
0.8 cos(−π/3) 0.9 cos(−π/8) 0.8 cos(π/4)
0.8 sin(−π/3) 0.9 sin(−π/8) 0.8 sin(π/4)

–
(7)

≈ 16dB i.i.d Gaussian noise was added to the observations (in the
time domain).

4.2. Transforms

We used orthonormal as well as overcomplete transforms. Because
the method [3] is implemented for real-valued data, we used real-
valued transforms. See [4] for an overview of the transforms used.
The orthonormal bases are:

1 - DCT Discrete Cosine Transform,

2 - MDCT Modified Discrete Cosine Transform (a local cosine trans-
form) used with a sine bell window and 50% of overlap, and
with a time resolution of 64ms (half the window length),

3 - DWT-Vai Discrete Wavelet Transform with Vaidyanathan filter
(with good properties for speech coding),

4 - DWT-Sym Discrete Wavelet Transform with Symmlet filter of
orderp = 8,

5 - WPBB Wavelet Packet Best Basis applied tox1 with minimum
l1 norm criterion,

6 - NT No transform (the time samples are processed).

The overcomplete transforms are:

1 - STDCT Short-Time Discrete Cosine Transform (with a window
length of 128ms and 25% overlap),

2 - HT Hybrid Transform: union of MDCT and DWT transforms.

4.3. Sparsity measure

To quantify sparsity, we use the sparsity index for a signal vectors̃i

defined by

ξ
4
=
‖s̃i‖1
‖s̃i‖2

. (8)

The smallerξ is the sparser the signal vectors̃i.

4.4. Numerical criteria for source separation evaluation

We used the criteria described in [5]. Basically, the SDR (Source to
Distortion Ratio) provides an overall separation performance crite-
rion, the SIR (Source to Interferences Ratio) measures the level of
interferences from the other sources in each source estimate, SNR
(Source to Noise Ratio) measures the error due to the additive noise



Fig. 1: Sparsity Indices for Sources using Orthonormal Bases a)
Speech Sources, b) Musical Sources, c) Percussion Sources, d) Com-
bination of Sources; Transform method: 1-DCT, 2-MDCT, 3-WT-
Vai, 4-WT-Sym, 5-WPBB, 6-NT, 7-WPBB on sources (optimal)

Fig. 2: Performances of the various transforms onSpeech Sources;
Performance Indices: 1-SDR, 2-SIR, 3-SAR, 4-SNR; Sources: blue-
ssp
1 , green-ssp

2 , brown-ssp
3

on the sensors and the SAR (Source to Artifacts Ratio) measures the
level of artifacts in the source estimates. The higher are the ratios,
the better is quality of estimation.

5. SEPARATION RESULTS

5.1. Orthonormal transforms

Fig. 1 gives the values of the sparsity indices of the analysis coeffi-
cients sequences obtained by applying the above orthonormal trans-
forms to the 4 sets of sources. In addition to the above transforms
we also give the sparsity index of the coefficients obtained from the
best basis algorithm applied toeach source. It hence give an optimal
value ofξ for each of the source. Fig. 2, 3, 4 and 5 give the SDR,
SIR, SAR and SNR of the source estimates provided by the source
separation algorithm applied to the analysis coefficients of the data,
obtained from the various orthonormal transforms and using the var-
ious sets of data. Fig. 1 shows that sparsest representations of
speech signals are obtained with MDCT or WPBB applied tox1,
and Fig. 2 shows that the best separation results are obtained with
these transforms too. Sparsest representations of music signals were
obtained with either the DCT, the MDCT or the WPBB, which led to
best separation results too. Sparsest representations of percussions
signals were obtained using DWTs, which led again to the best sep-
aration results. MDCT performed rather well too. Fig. 5 shows that,
when dealing with a mixture of sources of various types, best results
are obtained with the MDCT.

Fig. 3: Performances of the various transforms onMusical Sources;
Performance Indices: 1-SDR, 2-SIR, 3-SAR, 4-SNR; Sources: blue-
smu
1 , green-smu

2 , brown-smu
3

Fig. 4: Performances of the various transforms onPercussion
Sources; Performance Indices: 1-SDR, 2-SIR, 3-SAR, 4-SNR;
Sources: blue-spe

1 , green-spe
2 , brown-spe

3

Fig. 5: Performances of the various transforms onCombination
of Sources; Performance Indices: 1-SDR, 2-SIR, 3-SAR, 4-SNR;
Sources: blue-ssp

1 , green-smu
2 , brown-spe

3



Fig. 6: Sparsity Indices for Sources using Overcomplete Dictionar-
ies a) Speech Sources, b) Musical Sources, c) Percussion Sources,
d) Combination of Sources; Transform method: 1-STDCT, 2-HT

Fig. 7: Performances of the two Overcomplete Dictionaries on
Speech Sources; Performance Indices: 1-SDR, 2-SIR, 3-SAR, 4-
SNR; Sources: blue-ssp

1 , green-ssp
2 , brown-ssp

3

5.2. Overcomplete transforms

Fig. 6 gives the values of the sparsity indices of the analysis co-
efficients sequences obtained by applying the above overcomplete
transforms to the 4 sets of sources. Fig. 7, 8, 9 and 10 give the SDR,
SIR, SAR and SNR of the source estimates provided by the source
separation algorithm applied to the analysis coefficients of the data.

Fig. 6 shows that the overcomplete transforms fail to improve
the sparsity of the source coefficients, when compared with the or-
thonormal transforms. The separation performance obtained with
the various sets of sources does not increase.

6. CONCLUSIONS

This work leads to four conclusions:

• the MDCT basis yields good separation results for audio sig-
nals of various types,

• it is a good idea to apply the WPBB algorithm to one of the
observations, this can lead to better results than those ob-
tained with the MDCT when the sources belong to the same
class of signals (in particular for percussion sources)

Fig. 8: Performances of the two Overcomplete Dictionaries onMu-
sical Sources; Performance Indices: 1-SDR, 2-SIR, 3-SAR, 4-SNR;
Sources: blue-smu

1 , green-smu
2 , brown-smu

3

Fig. 9: Performances of the two Overcomplete Dictionaries onPer-
cussion Sources; Performance Indices: 1-SDR, 2-SIR, 3-SAR, 4-
SNR; Sources: blue-spe

1 , green-spe
2 , brown-spe

3

Fig. 10: Performances of the two Overcomplete Dictionaries on the
Combination of Sources; Performance Indices: 1-SDR, 2-SIR, 3-
SAR, 4-SNR; Sources: blue-ssp

1 , green-smu
2 , brown-spe

3

• our experimental results tend to show that the separation qual-
ity is correlated with the sparsity of the source coefficients
- however a rigorous proof of this observation is still to be
given,

• it does not appear to be necessary to use overcomplete trans-
forms as they fail to improve the sparsity of the source anal-
ysis coefficients and do not improve the separation results.
Note however that it does not mean than overcomplete dictio-
naries are useless to source separation. Indeed, a good strat-
egy would be to model the sources as sparse linear combina-
tions of atoms in an overcomplete dictionary, and thus try to
estimate the synthesis coefficients instead of the analysis co-
efficients. These models lead to more complicated separation
schemes that are still to be developed.

7. REFERENCES

[1] Hyvärinen, A., Karhunen, J. and Oja, E.,Independent Compo-
nent Analysis, 1st ed. Wiley Interscience, 2001.

[2] M. Zibulevsky, B. A. Pearlmutter, P. Bofill, and P. Kisilev,
“Blind source separation by sparse decomposition,” inInde-
pendent Component Analysis: Principles and Practice, S. J.
Roberts and R. M. Everson, Eds. Cambridge University Press,
2001.

[3] C. Févotte and S. Godsill, “A Bayesian approach to blind sep-
aration of sparse sources,”IEEE Transactions on Speech and
Audio Processing, 2005, in press. Preprint available at http:
//www-sigproc.eng.cam.ac.uk/∼cf269/Journals/ieeesap06.pdf.

[4] Mallat, S.,A Wavelet Tour of Signal Processing. San Diego,
CA: Academic Press, 1999.

[5] R. Gribonval, L. Benaroya, E. Vincent, and C. Févotte, “Pro-
posals for performance measurement in source separation,” in
Proc. 4th Symposium on Independent Component Analysis and
Blind Source Separation (ICA’03), Nara, Japan, Apr. 2003.


