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ABSTRACT

Time-frequency masking is often used for source separa-
tion of underdetermined audio mixtures. It depends on the
fact that the sources can be represented disjointly in some
transform domain. The focus of this paper is on demixing
sources from instantaneous, two-channel mixtures by bi-
nary masking. We investigate trees of local cosine bases
from which a suitable transform may be generated—the
best basis is chosen by a computationally efficient algo-
rithm and is adaptively selected to match the time-varying
characterists of the signal. Our heuristically motivated
cost function maximises the energy of the transform co-
efficients associated with each estimated source.

Finally, we evaluate our proposed transform by com-
paring it against two well-known transforms: the short-
time Fourier transform and the modified discrete cosine
transform. We assume that the mixing parameters are
known. Our results show that in some cases, our method
can give better results than these fixed-basis representa-
tions.
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1 INTRODUCTION

This work deals with audio source separation of underde-
termined, instantaneous, two-channel mixtures of n > 2
audio sources:

ZT; :Zai’ij (1)
j=1

where s; is the jth source, z; is the ith mixture, a; ; is
the positive real amplitude (mixing parameter) of the jth
source in the ith mixture (observation), and 1 < j < n
and ¢ = 1, 2. If the mixing parameters a; ; are unknown,
the problem is called blind.

Permission to make digital or hard copies of all or part of this
work for personal or classroom use is granted without fee pro-
vided that copies are not made or distributed for profit or com-
mercial advantage and that copies bear this notice and the full
citation on the first page.

(©2006 The University of Liverpool

Mike E. Davies
IDCOM & Joint Research Institute
for Signal and Image Processing
University of Edinburgh
mike.davies@ed.ac.uk

The blind source separation problem may be split
conceptually into two successive subproblems [12]. Es-
timation of the a;; constitutes the identification phase,
while extraction of the s;, to yield estimated sources 3;
is called the filtering phase. This paper concentrates on
the demixing (filtering) phase. We assume that the mixing
parameters are known, or have already been estimated,
for example, by forming a histogram of mixing param-
eter estimates [13] or by clustering in high-dimensional
spaces [4].

The structure of this paper is as follows: In Sec-
tion 2 we introduce the method of source separation by
time-frequency masking. Section 3 introduces the cosine
packet (CP) tree approach, together with our proposed
cost functions for its use in source separation. In Sec-
tion 4 the proposed method is evaluated and compared to
the short-time Fourier transform (STFT) and the modified
discrete cosine transform (MDCT), and is followed by a
discussion of further work and conclusions.

2 TIME-FREQUENCY MASKING

One requirement of time-frequency masking methods is
that the sources have a disjoint representation [13]. We
apply a real- or complex-valued linear transform 7" to the
mixtures x; and x5 to give a pair of transformed mixtures
21 = Tz and o = T'x4. This represents the transformed
sources with the following same mixing structure as in
Equation (1):

Bi=) a3 2)
j=1

where Z; and §; are the respective transforms of the sig-
nals x; and s;.

If T" transforms the mixtures so that the sources have
(approximately) disjoint representations, then at any given
point in the time-frequency plane, indexed by +, the con-
tribution from at most one source, s; will dominate. Equa-
tion (2) then reduces to the following simple linear sys-
tem:

Zi(Y) = ai;8;(7)- 3)
at all time-frequency indices v where s; dominates. This
means that if we know a; ; and can estimate the points

at which s; dominates, then we can extract the source by
forming a binary time-frequency mask (Section 2.1).



To obtain a disjoint representation we use sparse trans-
forms [9, 10], in which most coefficients are very close to
zero and only a few coefficients are large. The probabil-
ity that two or more sources are simultaneously large is
very small. This means that a sparse transform will rep-
resent the mixtures with approximately disjoint support in
the transform domain. An initial study of the performance
effects of different transforms appears in [10].

Commonly used sparse transforms for time-frequency
masking include the STFT [13] and the MDCT [3, 10].
Each of these transforms has a fixed basis set. In order to
better match the time-varying characteristics of the mix-
tures and sources, we propose an adaptive transform [7],
whose bases and window lengths are adapted to the input
signals (Section 3.1). Examples of this sort of approach
include ICA-like techniques which use local cosine bases
and wavelet packets to represent the signals [5], and clus-
tering of wavelet packet coefficients [6].

2.1 Filtering the Sources

Given that we know or have estimated the ratios of mix-
ing coefficients, individual sources can be estimated from
1 and Zo by constructing binary time-frequency masks.
The ratio of mixing coefficients for the jth source can be
associated with an angle

f; = arctan <azj) @

alj

where the inverse tangent is computed in the first quadrant
of the plane. If the transform T's; = s, of the jth source is
sparse and real-valued, then the coefficients tend to clus-
ter along the line defined by 6; in Z:-Z2 space. A bi-
nary time-frequency mask My, ,, captures the coefficients
which fall ‘close’ to this line, that is, all coefficients whose
time-frequency points dominate at that angle, and discards
all others. For simplicity we define our masks as

M, . = 1 iff; — g < arctan (Z) <0; + g
0 otherwise.
(5)

This mask My, ,, estimates the mixture coefficients carry-
ing most of the energy for source j, for the given manually
set symmetric threshold wu.

Once the masks have been constructed, they can be
used to determine 5 7 an estimation of the transformed jth

source:
§j = My, o+ (T1 cosf; + T sin6);). )

Finally, we apply the inverse transform to recover the
time-domain sources s;.

3 ADAPTING THE REPRESENTATION

Local cosine transforms, in which the transform adapts to
the input mixtures, can give longer windows over inter-
vals requiring fine frequency resolution (at the expense of
coarser time resolution), and shorter windows over inter-
vals with broadband frequency content (giving finer time

resolution). This may give a sparser representation than
one obtained by a fixed-basis transform such as the STFT
or MDCT.

3.1 Trees of local cosine bases

The basis functions of the cosine packet transform [7]
are defined over dyadic-length (powers of 2) intervals
[¢p.d> Cp+1,4)- The endpoints are given by

epa=2""Np— )
where N is the length of the (time-domain) signal, and
these define a binary tree structure where the depth of a
node is given by d up to a maximum depth D (0 < d <
D), and the position of a node at level d is given by p
(0 < p < 2%). A pair of indices (p,d) corresponds to a
node in the tree, and identifies a signal space spanned by
an orthogonal local cosine basis:

2 1 _
{wp’d[n]\/TTNCOS [W (k - 2) m] } ®)

where 0 < k < 27%N indexes the functions in the ba-
sis. The smooth window w), 4 localises the basis func-
tions over the interval [cp 4, cp11.4], partly overlaps with
its immediately adjacent windows wp_1 4 and wy41,4, and
satisfies other special properties [7]. We use this adap-
tive framework to our advantage to attempt represent the
sources more disjointly. Moreover, this tree structure of-
fers a computationally efficient method for computing a
good basis.

3.2 Selecting the best basis

A complete binary tree provides a dictionary of more than
one orthogonal basis from which the optimal basis can be
adaptively chosen to represent the signal. The ' cost of
representing a length-N signal « in the basis B = {b,,}
is

o~ (. bun)|
C(x,B)=>_ ”Tﬂ” ©)
m=1
which provides a convenient measure of sparsity [1].
The best basis is the one which minimises this cost.
The computationally efficient Coifman-Wickerhauser al-
gorithm takes advantage of the binary structure and deter-
mines the best basis in O (N (log, N)?) time [2].

3.3 Adapting to the input

Our first method for adapting the basis attempts to max-
imise the sparsity of the average of the two mixtures

Ty = %(xl + x9) (10)

by minimising the /! cost described in Section 3.2. This
method will be referred to as CPI. Results for CP1 are
given in Section 4.



3.4 Adapting to a single source

One issue with the CP1 method is that it models mix-
tures of the sources rather than the sources themselves.
To overcome this limitation, we adapt one basis to each
source with the intention that each such basis will capture
the time-frequency structures of that source better than the
basis determined by CP1.

A heuristically motivated cost function maximises the
energy of the local cosine coefficients associated with a
particular source angle 0;. By selecting a basis which
maximises the energy of coefficients that cluster around
0; we would expect that a sparse representation will be
generated. The cost function is defined by

N
C(x1,22,B,05,u) = — Z (A@].’u

m=1

(21 cos 0; + zsin6;) bm>2) (11)

where

——

VRl

<3j 15 bm>

0 otherwise

(12)
and B = {b,,, } is a basis from the dictionary of bases de-
rived from the complete local cosine tree. The function
Aej’u masks local cosine coefficients in the basis B. The
Coifman-Wickerhauser algorithm [2] finds the best basis
corresponding to this cost function. This method will be
referred to as CP2. The CP2-based technique learns a ba-
sis from a dictionary of bases; however, its advantage over
techniques based on, for example, the matching pursuit
algorithm [7] stems from the applicability of the fast tree-
searching algorithm.

4 EVALUATION

We obtained eight pieces of multitracked music by sev-
eral artists with access to the original multitracked digital
audio data. (For details on these sources and more exten-
sive evaluation, see [8].) This provided us with sources
from which to synthesise instantaneous mixtures. For
each mixture, the pitched sources were harmonically re-
lated, so overlapping partial frequencies were expected.
Each source had a sample rate of 22.05 kHz at a resolu-
tion of 16 bits per sample. An extract of 2! samples was
taken from each source, giving approximately 11.9 s of
audio.

For each experiment, the mixtures x; and x, were
generated with the same instantaneous mixing parameters:

51
1y _ ( 0.83 0.60 0.40 0.83 52
x2 J \ 0.17 0.40 0.60 0.17 S3
54
(13)
The resulting mixtures are simulations of pan-potted
stereo mixing.

stcc | rans | K | D | u | SDR | SIR | SAR |

bm
1 ifﬂj—g<arctan (@2’>> <0;+ =

STFT | 16384 | - | 0.30 | 21.93 | 38.97 | 22.02
s MDCT | 16384 | - | 0.20 | 18.03 | 3448 | 18.14
! CP1 2048 7 1020 | 18.69 | 36.64 | 18.76
CP2 8192 5 1030 | 1690 | 27.43 | 17.31

STFT | 32768 | - | 0.39 | 9.82 | 38.26 | 9.83

s MDCT | 8192 - 1039 ] 691 | 2971 | 6.94
2 CP1 8192 5 1039 | 658 | 31.77 | 6.60
CP2 1024 8 | 039 | 7.82 | 3297 | 7.83

STFT | 32768 | - | 0.10 | 2.26 | 12.66 | 2.90

s MDCT | 16384 | - | 0.10 | -0.42 | 12.17 | 0.08
8 CP1 64 12 | 0.10 | -0.20 | 11.90 | 0.34
CP2 16384 | 4 | 0.10 | -1.72 | 9.56 | -0.93

STFT | 16384 | - | 039 | 1.52 | 20.88 | 1.60
MDCT | 16384 | - | 039 | 2.82 | 2044 | 294

54 CP1 16384 | 4 | 039 | 2.82 | 2044 | 2.94
CP2 512 9 | 039 | 349 | 22.29 | 3.57

Table 1: Separation results for one mixture, representative
of typical performance over all experiments. All numeri-
cal measurements are in dB.

4.1 Measuring performance

For each estimated source, we make numerical evalu-
ations of the contribution of unwanted sources (inter-
ference), by measuring the Source to Interference Ratio
(SIR), and the distortion due to the separation process
(artefacts), by measuring the Source to Artefacts Ratio
(SAR). In order to simplify direct comparisons, the Source
to Distortion Ratio (SDR) is computed; this combines both
the SIR and SAR into a single numerical measure of total
relative distortion. Methods for computing these measure-
ment criteria are explained in detail in [11].

4.2 Experiments

Time-frequency masks were constructed and applied to
the mixture channels z; and x5 represented by the follow-
ing transforms. For the STFT (Hamming-windowed with
half-block overlap) and MDCT transforms, block sizes
K = 2" withm = 6, 7,..., 15 were tested. (The
STFT is complex-valued, so the masks were determined
from the magnitude of the transform.) The CP1 and CP2
methods were evaluated with maximum tree search depths
D = 3,4,...,12. The lengths of the CP1 and CP2 basis
functions at each depth d in a local cosine tree correspond
to block sizes K = 2'8~7 (the length each input signal is
2'8 samples); this allows us to compare methods based on
the lengths of their analysis windows. Values of u tested
were 0.1, 0.2, 0.3, and 0.39.

Representative results from one of the mixtures are
presented in Table 1. They indicate that the effects of
the artefacts dominate interference, since the SAR values
are typically significantly lower than SIR. This is not too
surprising since we would expect the masking process to
introduce some artefacts.

The number of ‘best’ results for each transform are
shown in Table 2. Overall, the STFT showed best sepa-
ration performance for the majority of sources and pieces,
with our proposed CP2 showing best performance on most
of the remainder. Nevertheless, since the CP2 method
is a complete, orthogonal transform while the STFT is
an overcomplete, non-orthogonal transform, with double



trans. | SDR | SIR | SAR | total |
STFT 24 (75%) 18 (56%) 22 (69%) 64 (67%)
MDCT | 2 (6%) 5(16%) 1 (3%) 8 (8%)
CP1 0 (0%) 6 (19%) 0 (0%) 6 (6%)
CP2 6 (19%) 3 (9%) 9 (28%) 18 (19%)
total 32 (100%) | 32 (100%) | 32 (100%) | 96 (100%)

Table 2: Performance of the various transforms. Each cell
in the table indicates the number of times the transform
scored best for that performance measure.

the representation size of CP2, we consider these results
to represent competitive performance. We could find no
immediately apparent relationship between the nature of
an extracted source and the performances of the various
transforms.

Informal listening tests indicate that in general our
proposed CP2 method, when giving reasonable perfor-
mance, appears to produce less audible ‘pipe noise’ com-
pared to the STFT. These also suggest that the noise
is least objectionable for mid-range tree depths (around
D = 6, K = 4096), with more pipe noise for deeper trees
(large D, small K'), while shallower trees (small D, large
K)) are associated with pre-echo and apparent note timing
jitter. We intend to carry out other listening tests in future
to further investigate these effects.

S FURTHER WORK

Results have shown that adapting a local cosine basis to
the output can give good results. However, the energy-
based cost function (Equation (11)) is derived from heuris-
tic reasoning. It may be the case that a more subtle cost
function is required to represent the estimated source more
sparsely. In particular, the current energy-based cost func-
tion considers only coefficients of the estimated source
without regarding the coefficients of the other sources.

Finally, the performance measures, SIR, SAR and
SDR, may not correspond well to a subjective human as-
sessment of separation performance. Informal listening
tests show that each representation imparts a noticeably
different timbre to the extracted sources. Therefore, we
believe that listening tests would give a more meaningful,
practical measure of separation performance.

6 CONCLUSIONS

We have described a time-frequency masking approach to
stereo audio source separation using local cosine packet
representations. The CP2 method adapts the basis to the
time-frequency mask for each separate basis, is fast and
gives promising results.

We compared the performance of our proposed meth-
ods to the STFT and the MDCT on a set of instantaneous
stereo musical audio mixtures. The STFT gives the best
performance for separation of most sources from most
mixtures. Nevertheless, our results indicate that the per-
formance our proposed CP2 method is competitive, and
exhibits better performance than the MDCT. Informal lis-
tening tests suggest that the cosine packet method can ex-
hibit less objectionable noise than the STFT.
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