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ABSTRACT

This paper presents a technique for extracting multiple
source signals when only a single channel observation is
available. The proposed separation algorithm is based
on a subspace decomposition. The observation is pro-
jected onto subspaces of interest with different sets of
basis functions, and the original sources are obtained
by weighted sums of the projections. A flexible model
for density estimation allows an accurate modeling of
the distributions of the source signals in the subspaces,
and we develop a filtering technique using a maximum
likelihood (ML) approach to match the observed single
channel data with the decomposition. Our experimen-
tal results show good separation performance on simu-
lated mixtures of two music signals as well as two voice
signals.

1. INTRODUCTION

Extracting multiple source signals from a single channel
mixture is a challenging research field with numerous
applications. Various sophisticated methods have been
proposed over the past few years in research areas such
as computational auditory scene analysis (CASA) [1],
and independent component analysis (ICA) [2]. Sepa-
ration techniques of CASA are mostly based on split-
ting mixtures observed as a single stream into differ-
ent auditory streams, by building an active scene anal-
ysis system for the acoustic events that occur simul-
taneously in the same spectro-temporal regions. The
acoustic events are distinguished according to the rules
inspired intuitively or empirically from the known char-
acteristics of the sources. Example proposals of CASA
are auditory sound segregation models based on har-
monic structures of the sounds [3, 4], automatic tone
modeling [5], and psycho-acoustic grouping rules [6].
Recently Roweis [7] presented a refiltering technique
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to estimate time-varying masking filters that localize
sound streams in a spectro-temporal region. In his
work, sources are supposedly disjoint in the spectro-
gram and a “mask” whose value is binary, 0 or 1, ex-
clusively divides the mixed streams completely. These
approaches are however able to be applied to certain
limited environments due to the intuitive prior assump-
tions of the sources such as harmonic modulations or
temporal coherency of the acoustic objects.

Our work, while motivated by this concept of spec-
tral masking, is free of the assumption that the spec-
trograms are disjoint. The main novelty of the pro-
posed method is that the masking filters can have any
real value in [0,1]. The algorithm recovers the origi-
nal auditory streams by searching for the maximized
log likelihood of the separated signals, computed by
the pdfs (probability density functions) of the projec-
tions onto the subspaces. Empirical observations show
that the projection histogram is extremely sparse, and
the use of generalized Gaussian distributions [8] yields
a good approximation. We use ICA to provide dis-
criminative, statistically independent subspaces. The
theoretical basis of this approach is “sparse decom-
position” [9]. Sparsity in this case means that only
a small number of instants in the representation differ
significantly from zero. ICA maximizes the sparsity of
the subspaces and hence reduces the overlap between
the sources in the new coordinates.

The paper is organized as follows. In sec.2 we de-
fine the problem formally and describe the proposed
separation algorithm. We present the experimental re-
sults for the synthesized examples in sec. 3. Finally we
conclude our method in sec.4.

2. SEPARATION ALGORITHM

We first define the single channel separation problem,
and derive the separation algorithm based on a maxi-



yt —~ XM % @ WM{WM
@/K’ W e 2t
TR ) e
U]t( X/lzk m 325
ufk D/]ikv]f(

Figure 1. Block diagram of subspace weighting. (A) Input
signal y¢ is projected onto N subspace. (B) The projec-
tions v} are modulated by weighting signals A;; (real val-
ued between 0 and 1). (C) The separation process finally
terminates with summing up the modulated signals.

mum likelihood (ML) estimation and generalized Gaus-
sian pdf modeling. Second, we explain how to ob-
tain statistically independent subspaces. For simplic-
ity we only consider the case of binary sources and 1-
dimensional subspaces.

2.1. Subspace Decomposition

Let us consider a monaural separation of a mixture of
two signals observed in a single channel, such that the
observation is given by

1)

where z! is the t*" observation of the i*" source. Note

that superscripts indicate sample indices of time-varying
signals and subscripts indicate the source identification.

It is convenient to assume all the sources to have zero

mean and unit variance. The goal is to recover all z

given only a single sensor input y¢. The problem is too

ill-conditioned to be mathematically tractable since the

number of unknowns is 2x7T" given only T observations.

The proposed method decomposes the source sig-

nals into N disjoint subspace projections u},, each fil-

tered to contain only energy from a small portion of
the whole space:

yt =2t + b, vVt e [1,T],

tth

N
uly, = P(at;wy, dy) = Z wknxﬁ_d’“"‘" , (2)
n=1

where P is a projection operator, N is the number of
subspaces, and wg, is the nt? coefficient of the k** coor-
dinate vector wy whose lag is di. In the same manner,
we define the projection of the mixed signal as

(3)

Suppose the appropriate subparts of an audio signal lie
on a specific subspace over short times. The separa-
tion is then equivalent to searching for subspaces that

vf, = P(y's Wi, di) = uly + uby,
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Figure 2: lllustration of desired subspaces. The ellipses
represent the distributions of two different classes. The
arrows are the 1-dimensional subspaces along the max-
imum energy concentrations of the classes. Projecting
the mixtures onto each subspace provides minimum error
separation.

are close to the individual source signals. More gen-
erally, uf, is approximated by modulating the mixed
projections v}:

uly = Aigvy, uy = Aoy (4)
Aik € [0,1], Ap+Arar=1,

where “latent variables” A;;, are weights on the projec-
tions of subspace k, which is fixed over time. We can
adapt the weights to bring projections in and out of the
source as needed. The original sources z! are then re-
constructed by recombining ul, ut,, ..., uly and per-
forming the inverse transform of the projection. Proper
choices of the weights A;; enable the isolation of a sin-
gle source from the input signal and the suppression of
all other sources and background noises.

This approach, illustrated in fig. 1, forms the basis
of many CASA approaches (e.g. [4, 6, 7]). The results
of such an analysis are often displayed as a spectrogram
showing energy as a function of time and frequency.
For example, among musical instruments, it is possi-
ble to distinguish simultaneously produced violin and
cello sounds based on the energy distribution in the
spectrogram. The energy of a cello sound is usually
concentrated on the lower bands of the spectrogram,
and a violin sound is distributed in the higher bands.
The projections, shown in fig.1-A, act like low- and
high-pass filters in this case. Subspace weighting can
also be thought of as Wiener filtering. If the original
sources are known, “optimal” filters can be computed.
We might set A;; to be equal to the ratio of energy
from one source in subspace k to the sum of energies
from both sources in the same subspace.

2.2. ICA Subspaces

A set of subspaces that effectively split target sources
is essential in the success of the separation algorithm.
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(b) Projected distributions of learned ICA basis

Figure 3: Example plots of subspace projections. Projec-
tions of music signals are dark points, and those of speech
signals are bright points. (a) Fourier basis: (z,y) pair is
one of the outputs of 6 non-overlapping bandpass filters
that divide the range 625-1000Hz equally. The center fre-
quencies of the x and y axes are at the top of each 2D
plot. (b) (x,y) pair is one of the projected values of 6
subspaces obtained by the ICA learning algorithm. The
subspace numbers of the x and y axes are displayed at
the top of each 2D plot.

Fig. 2 shows an example of desired subspaces. Two el-
lipses represent two different source distributions, whose
energy concentrations are directed by the arrows. If we
project the mixture onto the arrows (1-dim subspaces),
the original sources can be recovered with the error
minimized by the principle of orthogonality.

To obtain an optimal basis, we adopt ICA, which es-
timates the inverse-translation-operator such that the
resulting coordinate can be statistically as independent
as possible [10]. ICA infers time-domain basis filters wy,
generating the most probable outputs. The learned ba-
sis filters maximize the amount of information at the
output, and hence they constitute an efficient repre-
sentation of the given sound source. Fig.3 displays
the distributions of subspace projections onto Fourier
and learned ICA bases for the same data. Although
the coordinates appear almost uncorrelated (the dis-
tributions are spread equally in all directions), there
are too much overlaps in Fourier subspaces between
two signals for the weighting in eq.4 to be applicable.
The ICA coordinates are not only uncorrelated but also
non-overlapping; the distributions of music signals are
broadened in the z axis and shrunk in the y axis, and
those of speech signals are configured conversely. At
the fourth column, the music distribution encloses the
speech distribution, meaning that the energy of speech
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is only very slightly concentrated on both subspaces in
this case.

2.3. Estimating Source Signals

The separation is equivalent to the estimation of the
weights \;r, which can be accomplished by simply find-
ing the values that maximize the probability of the sub-
space projections. The histograms of natural sounds re-
veal that p(ul,) is highly super-Gaussian [10, 11]. The
success of the separation algorithm for our purpose de-
pends highly on how closely the ICA density model
captures the true source coefficient density. The better
the density estimation, the more the basis features in
turn are responsible for describing the statistical struc-
ture. The generalized Gaussian distribution models a
family of density functions that is peaked and symmet-
ric at the mean, with a varying degree of normality in
the following general form [8]:

(5)

where the exponent ¢ regulates the deviation from nor-
mality. The Gaussian, Laplacian, and strong Lapla-
cian —natural sound— distributions are modeled by
putting ¢ = 2, ¢ = 1, and ¢ < 1 respectively. We
approximate the log probability density of the projec-
tions, log p(uf)), according to eq.4 — by substituting
the unknown variable uf, with the projections of the
single channel observation v} scaled by A:

p(u) o< exp (= [ul”) ,

qik A~y

/Ulf:lqik .

_\ 4%k
)‘ik

(6)

We constrain that Ay € [0,1] and Ajp+ Ao =1. The
value of Ay, then depends solely on Aqg, so we need to
consider A1 only. We define the object function ¥y
of subspace k by the sum of the joint log probability
density of u!, and ub,, over the time axis:

logp(uffk) X = |Ufk

1%

Ty, Et Ing(“tikvuék)

> llogp(ufy) +log p(usy)]
=M Cik — (1= Ag) 2+ Cop, (7)

where Cj, = 3, |vk|%*, whose value is nonnegative and
unaffected by Ai;. The problem is equivalent to con-
strained maximization in the closed interval [0,1]; we
can find a unique solution either at boundaries (0 or
1), or at local maximum. Fig.4 illustrates the different
locations of the solution according to the values of the
two exponents: (A) When both of the exponents are
positive, ¥ is convex, and the solution is local maxi-
mum such that

0¥y,
Ok

R

R

AL, Chy + (1-Aag) 2 Mg Oy

0, (8)
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Figure 4: The positions of optimal A;; according to the
exponents g1 and gz. (A) When both are positive, the
object function ¥y is convex and maximized when the
derivative is zero. (B) When both are negative, the object
function is concave and maximized at one of the bound-
aries. (C),(D) The object function is half convex and
half concave. The local maximum and boundary values
should be all examined to find the solution.

which is unique in [0,1] and can be found by New-
ton’s method [12]. (B) When both are negative, ¥y,
is concave, and the solution is located at one of the
boundaries, either 0 or 1. (C)-(D) When the signs
of the exponents are different, the solution is located
at either local maximum or boundaries. The computa-
tion of the weighting filter for each component is done
separately since the component pdfs are regarded in-
dependent in the ICA coordinates.

3. EVALUATION

We now present experiments and results that demon-
strate the performance of the proposed subspace filter-
ing technique. We compare our results with standard
Fourier basis results.

3.1. Experiment Setup

We have tested the performance of the proposed method
on single channel mixtures of four different sound types;
monaural signals of rock and jazz music, and male and
female speech. We used different sets of speech signals
for training the generalized Gaussian model parame-
ters and for generating the mixtures. For the mixture
generation, one sentence from each of the target speak-
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Figure 5: The flows of training data and testing data.
Training data are used to learn the ICA subspaces, and to
estimate the generalized Gaussian pdf parameters for each
source. Testing data are used to generate the mixtures
which are used in the separation experiments.

ers ‘mcpm0’ and ‘fdaw0’ was selected from the TIMIT
speech database. The training sets were designed to
have 21 sentences for each gender, 3 each from 7 ran-
domly chosen males and 7 randomly chosen females.
Half of the music sound was used for training, half
for generating mixtures. All signals were downsam-
pled to 8kHz, from original 44.1kHz (music) and 16kHz
(speech). Audio files for all the experiments are acces-
sible at the website!.

3.2. Implementation

As stated above, the data are divided into training and
testing data. The training data are used for learning
ICA subspaces, and estimating generalized Gaussian
parameters (g;x, variances, etc.) for modeling subspace
component pdfs. While learning the subspaces, all the
training data of source 1 and source 2 are used to re-
flect the statistical properties of both sound sources
upon the resultant subspaces. The pdf parameters are
estimated separately for each of source 1 and source 2.
The coordinate vector wy and the generalized Gaus-
sian exponents are used in separating the mixtures the
testing data. The data flows in our experiments are
illustrated in fig. 5.

The weighting filters are computed block-wise; that
is, we chop the input signals into blocks of fixed length
and assign different weighting filters for the individual
blocks. The computation of the weighting filter at each
block is done independently of the other blocks; hence

! http://speech.kaist.ac.kr/~jangbal/rbssie/



the weighting becomes more accurate as the block length
shrinks. However if the block length is too short, the
computation becomes unreliable. We performed sep-
aration experiments with varying block length to find
the optimal length.

3.3. Experimental Results

We generated a synthesized mixture by selecting two
sources out of the four and simply adding them. The
proposed separation algorithm was applied to recover
the original sources. The similarity between the input
and output signals is measured by signal-to-noise ratio
(SNR), which is defined by

2.5
POACE I

where s is the original source signal and § its estimate.
To qualify a separation result we define a performance
measurement function 7 as the sum of the increases in
the SNR values of the two recovered source signals:

snr(s, §) [dB] = 10log;,

(&1, &2; 21, 22) = snr(x1,21) + snr(za, T2),

Table 1: Calculated 7 values of the separation results,
with standard Fourier basis. ‘mix’ column lists the sym-
bols of the sources that are mixed to the input. {R, J, M,
F} stand for rock, jazz music, male, and female speech.
The other columns are the evaluated 7 values grouped by
block lengths (in milliseconds). The filters are computed
at every block. The last row is the average 7. Audio files
for all the results are accessible at the provided website.

mix | 500ms 100ms 50ms 25ms 10ms
R+ J 7.6 8.4 8.4 8.3 8.2
R+ M 0.3 2.1 3.1 34 3.2
R+ F 2.3 45 5.0 53 46
J+ M 49 6.3 6.9 73 7.5
J+F 3.0 5.4 6.0 6.4 6.5
M+ F 4.1 4.0 3.8 3.8 3.7
Average 3.70 5.11 554 b5.74 561

Table 2: Calculated 7 values of the separation results,
with learned ICA bases used.

mix | 500ms 100ms 50ms 25ms 10ms
R+ J 9.7 10.4 10.3 10.2 10.2
R+ M 1.1 2.8 3.9 4.6 4.1
R+ F 3.3 54 5.9 6.1 5.1
J+ M 6.1 7.3 7.9 8.2 8.4
J+F 3.3 6.0 6.5 6.7 6.8
M+ F 4.8 53 5.2 5.1 4.9
Average || 4.72 6.22 6.61 6.82 6.59
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Figure 6: Separation results of jazz music and male speech
with block length 25ms, ICA basis. The graphs plot the
spectrograms in logarithmic scale, time as z axis and fre-
quency as y axis. In vertical order the graphs in (a) and
(b) are for: original sources (z1 and z3), mixed signal
(z1 + x2), and the recovered signals. Only the largest
20% of the spectral components (in terms of magnitude)
are plotted.

where Z; and z; are the recovered sources and the orig-
inal source signals. Table 1 reports the separation re-
sults when Fourier basis is used, and Table 2 reports the
separation results of the same data, with the learned
ICA bases. The proposed method deals with binary
mixtures only. The possible pairs are {(R,J), (R,M),
R,F), (J,M), (J,F), M,F)}, where the symbols R, J,
M, F stand for rock and jazz music, male and female
speech. The performances are measured by 7 values
grouped by block length, and the optimal block length
was 25ms in both cases.

With learned ICA subspaces, the performances were
improved more than 1dB on the average in all block
lengths, compared to Fourier basis. In terms of the
sound source types, generally mixtures containing mu-
sic were recovered more cleanly than the male-female
mixture. Fig.6 plots the spectrograms of the original
sources and the recovered results for the mixture of jazz
music and male speech. The recovered signals look very
similar to the original sources.

4. CONCLUSIONS

We have presented a novel single channel signal sepa-
ration algorithm based on subspace decomposition and
maximum likelihood filtering. The original source sig-
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Figure 7: Separation results of male and female speech
with block length 25ms, ICA basis. The graphs plot the
spectrograms in logarithmic scale, time as z axis and fre-
quency as y axis. In vertical order the graphs in (a) and
(b) are for: original sources (z1 and z3), mixed signal
(z1 + z2), and the recovered signals. Only the largest
20% of the spectral components (in terms of magnitude)
are plotted.

nals are recovered by projecting the input mixture onto
the given subspaces, modulating the projections, and
re-combining the projected signals. The modulation fil-
ters are obtained by the ML estimation derived by the
generalized Gaussian expansion of the projection pdf.
The subspaces learned by the ICA algorithm achieve
good separation performance. Experimental results
showed successful separations of the simulated mix-
tures of rock and jazz music, and male and female
speech signals. The proposed method has additional
potential applications including suppression of environ-
mental noise for communication systems and hearing
aids, enhancing the quality of corrupted recordings,
and preprocessing for speech recognition systems. On
the theoretic end, We are currently working on alterna-
tive approaches to pdf modeling and object function,
enhancing discriminacy of the subspaces, and optimiz-
ing the ML estimation towards real-time processing.
On the practical end, we are interested in comparing
our methods to other single channel denoising methods.
Note that most denoising methods are not suitable for
comparison since they are not suited for non-stationary
signals such as speech or music mixed into the single
channel. We are also investigating the use of this ap-
proach in the AURORA 3 database evaluation task.
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