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ABSTRACT

Our research aims to separate multiple sound sources
from a single-channel audio mixture, and in this paper,
we present a framework featured by Non-negative Ma-
trix Factorization (NMF). Within this framework, we pro-
posed two approaches which are referred as Un-directed
and Directed NMF model. The Un-directed NMF model
decomposes the mixing data in an unsupervised manner
but requires human interaction for clustering. We have
developed a simple graphical user interface for this task.
Provided with isolated training data, the Directed NMF is
performed under the direction of pre-trained models and
therefore, does not need user interaction. Experimental
results show this framework is a feasible way to achieve
high quality separation. Successful separation of individ-
ual sound sources could assist with other tasks such as au-
tomatic music transcription, object coding, special sound
effects and so on.

Keywords: Single-channel separation, Non-negative
Matrix Factorization, Blind Source Separtion

1 INTRODUCTION

Real world audio signals, especially music, is often a
combination of a number of independent sound sources
such as various instrumental sounds, human voice, natural
sound and so on. Blind Audio Source Separation (BASS)
is the task of recovering those sound sources from the
given mixtures, and can contribute to speech/instrument
identification, automatic music transcription, special
sound effects and many other applications[14].

Generally speaking, the difficulty of the BASS prob-
lem increases as the number of mixtures is reduced. In
musical recordings, its very common to have multiple in-
struments playing at the same time and there is a high
possibility that some instruments play a same note at the
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same time. Furthermore, musical recordings usually re-
quire good fidelity, which means high perceptual quality
is needed after processing. Therefore, separating different
sound sources from single-channel musical audio is a very
challenging topic.

A general instantaneous Blind Source Separation
problem can be formulated as:

X = AS (1)

where X is the observed I mixtures: X(t) =
[21(t),z2(t), -+ ,z;(t)]T and S is the source signals to
be estimated: S(t) = [s1(t),s2(t), -+ ,s5(t)]T. A de-
notes a mixing matrix which is corresponding to the mix-
ing conditions. In the single-channel separation case, the
number of mixtures I drops to 1 and the formula can be
simplified as:

J
x(t) = Z s 2)
j=1

and our task is to extract s; from the give mixture x.

During the last decade, many BASS algorithms have
emerged, such as ICA[3], DUET[S8] and sparse coding[7].
However, most of these work only when there are at
least two mixtures. Many researchers have developed ap-
proaches specificly for the issue of single-channel mixture
by utilising additional training data, such as the refilter-
ing approach based on Factorial Hidden Markov Model
(FHMM) proposed by Roweis[9], Jang and Lee’s Maxi-
mum Likelihood approach[4], and the approach based on
an extension of classical Wiener filtering proposed by Be-
naroya et al[2].

This paper is organised as follows: in section 2, we
introduce Non-negative Matrix Factorization (NMF), the
core algorithm in our approach, followed by a detailed
analysis of our proposed framework and methods in sec-
tion 3. The experiments and results comparisons are pro-
vided in section 4.

2 NON-NEGATIVE MATRIX
FACTORIZATION

Non-negative Matrix Factorization, first proposed by Lee
and Seung [5], is a data-adaptive linear representation
method for 2-D matrices. Given an matrix V' € RZ0-MxN
(where RZ0-M >N js an M by N non-negative real-value



matrix), the algorithm represents V" as the product of two
non-negative matrices:

VaV=WH 3)

where W € R20MXFE ig called the basis matrix and
H ¢ R20EXN i the coefficient matrix. The parame-
ter R indicates the number of basis used to represent the
original matrix. To find such a pair of W and H which
minimises the error of the approximation in (3), two alter-
native cost functions are defined, Euclidean distance, C,
and Divergence, D:

C=|V-WH|= Z(m - (WH);)? @
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Both of these two measures are lower bounded by zero
and optimised if and only if V' = W H. To minimise (4)
or (5), standard gradient descent rules can be adopted. Lee
and Seung[6] have derived fast multiplicative update rules
for both of them. For more details see [6].

3 METHODS

Since a 2-D image can be regarded as a non-negative ma-
trix, NMF was first applied to parts-based representation
in image processing. However, by transforming a sound
wave into time-frequency domain, the magnitude of the
spectrogram meets all the requirements of NMF perfectly.
Based on spectrograms, Smaragdis [10] adapted NMF to
the polyphonic music transcription task. We use NMF in
a similar way to solve the single-channel musical audio
source separation problem.

3.1 Overview of the framework

Our method can be generalised to a framework consist-
ing of three steps: decomposition, separation and recon-
struction. It is based on the idea that music signal may
be represented by a set of basic components, which can
be notes or other general harmonic structures. We call
these components basis vectors and decompose the sin-
gle mixture into a number of basis vectors. If different
sound objects use different basis sets, the separation task
is equivalent to clustering those basis vectors into their
corresponding sources. By combining the clustered basis
set, we obtain estimated source signals. In this section, we
introduce these three steps in details.

3.2 Decomposition using NMF

According to basic matrix algebra, equation (3) can be re-
written as:

VaV=> wh (6)

where V' is the magnitude spectrogram of the mixture.
Vector w,. is the rth column of W = {wy,wa,...,wr},
which is the set of basis functions we are looking for.

Correspondingly, vector h, is the rth row of H =
{h1,ho,....,hg}T and are the coefficients or weights of
each basis. This operation is illustrated in Figure 1 for a
‘toy’ spectrogram containing only two different frequen-
cies.
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Figure 1: Decomposition of a simple spectrogram using NMF

When NMF is performed on the mixture without addi-
tional constraints, we call it an Un-directed NMF model.
The basis functions learnt from an un-directed model
are learnt from mixture instead of the sources, so, the
learnt basis can either be a component shared by multi-
ple sources, or a feature composed of them.

If we provide training data for each source, the un-
directed NMF can be guided with the information ac-
quired from training. We call this a Directed Decompo-
sition NMF model. A training step is performed before
decomposing the mixture with the same algorithm, and
echoes some other related methods [2, 4, 9]. At the in-
stance of two sources, x = s1 + Sa, basis sets W7 and W,
are learnt from training data 31, 55 according to (3):

Vl ~ WlHl
Vs ~ WaH, ™

where V7 and V5 are the magnitude spectrograms of 5; and
59 respectively. W, and Ws are then used to represent the
mixture by setting matrix I/ to be the combination of the
two basis sets:

W = [W1,W2] = [wu,wu . ~~w1p,w217~~w2q] ®)

where p and ¢ are the size of the two sets respectively.
This combined basis set forces the mixture to be repre-
sented by W, which is not further updated during decom-
position.

3.3 Separation

In order to reconstruct the original sources, the basis vec-
tors w, learnt during decomposition need to be grouped.
For the Directed Decomposition NMF model, this step is
very straightforward since the pre-trained basis W is al-
ready grouped and does not change during processing:

p

Vi= ) wh ©)
r=1

N p+q

Vo = ) whe (10)

r=p+1



where Vi, V; are the magnitude spectrograms of the esti-
mated sources.

Without the hint of additional data, the grouping prob-
lem is more difficult for Un-directed NMF model. The
user may have to manually cluster all the basis vectors
by viewing or listening to them. We developed a sim-
ple graphical user interface to make this job easier (Figure
2). Even with the help of GUI, manual grouping can be
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Figure 2: Graphical user interface for single channel separation

time consuming and inaccurate. If additional training data
is available, we can take advantage of it to help grouping
even if we did not use this during decomposition. Here we
suppose that all the bases from a certain source belong to
a subspace spanned by its corresponding trained basis set,
ws ... w) for instance. With this hypothesis, the bases in
W learnt from the mixture as in Un-directed NMF model
can be clustered by measuring their distance to those sub-
spaces, and classified into the closest subspace. We call
his the Directed Clustering NMF model.

3.4 Reconstruction

By multiplying the rows of W with the corresponding
columns of H, we obtain the magnitude spectrograms of
each basis as shown in Figure 3. Therefore, by adding
up the basis spectrograms for a particular source, we can
reconstruct the estimated source signals.

Figure 3: Separation of the spectrogram

As in many other time-frequency methods, our frame-
work operates on the magnitude spectrogram. It does not
involve any estimation about phase information which can

affect the perceptual quality of the estimated audio[1]. To
estimate the lost phases, we perform a binary masking in
time-frequency domain.

This idea is based on the assumption that over a small
time-frequency region, one instrument (or sound source)
dominates. In other words, the energies of different
sources are not heavily overlapped at a particular time-
frequency point. This is also the basic assumption of the
DUET [8] method. According to this, for each point in a
spectrogram, we allocate both the magnitude and phase to
the source which has higher energy by binary masking.

4 RESULTS

We evaluated the proposed methods on three datasets. The
first and second datasets are selected from the Blind Au-
dio Source Separation evaluation database' maintained
by E. Vincent et al[l11], in which examples are all ex-
tracted from multi-track recorded real music samples.
Dataset] includes guitar and tin whistling sounds with
similar melody. Dataset2 has a guitar as the leading in-
strument and repeated drums rhythm in the background.
The two sources in Dataset3 are flute and cello sound
samples from different music and manually mixed to-
gether, so they are not significantly harmonically related
to each other.

4.1 Evaluation methods

In our experiments, we use the SDR, SIR and SAR values
calculated by BSS_EVAL toolbox[13] to measure the per-
formance. Because of the assumption that time-frequency
masking methods are based on, there is always a minimum
error depending on the mixture data. This error indicates
the best performance achievable by the approach involv-
ing time-frequency masking and can be calculated by the
BSS_ORACLE toolbox [12]. Therefore, we also include
the “oracle estimation” of each dataset.

4.2 Experimental results

Table 1 shows the results averaged over 10 trials in which
32-basis NMF is chosen for decomposition. The oracle
result indicates that this approach can be further improved
if a better algorithm can be found, and when we listen
to one output, short sounds from another source can be
heard from time to time. Since the changing of SAR and

Table 1: Evaluation of Un-directed NMF model

[ (dB) [ SAR | SIR | SDR | SDR.Oracle |
Dataset]l | 13.62 | 33.53 | 13.51 31.07
Dataset2 | 14.40 | 34.15 | 14.33 22.16
Dataset3 | 8.06 | 22.24 | 7.65 18.88

SIR value has the same trend as SDR, we only use SDR in
the following comparisons. In Table 2, the Directed NMF
methods are evaluated with an additional 30 seconds of

"Data available at http: //bass-db.gforge.inria.
fr/BASS-dB/.
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training data from the corresponding music file provided
for each dataset. The Directed Decomposition (DD) ap-
proach brings a noticeable improvement (10dB in SDR)
for Datasetl but only a small increase for Dataset3 and
even a decrease for Dataset2. The difference corresponds
to the similarity between the source signal s; in mixture
and its training data s;. As the assumption of Directed
Decomposition implies, the more s; and §; are similar,
the more bases they have in common. Since the similarity

Table 2: Evaluation of Directed NMF model (UD denotes the
Un-directed NMF model, DD denotes the Directed Decomposition NMF model
and DC denotes the Directed Clustering NMF model)

[SDR(B) [ UD | DD | DC | Oracle |
dataset] | 13.51 | 23.75 | 13.60 | 31.07

dataset2 14.33 | 10.18 | 9.98 22.16
dataset3 7.65 8.26 6.13 18.88

affects the performance, this approach should achieve its
best result when the training data is identical to the orig-
inal source. Therefore, we tested this using the original
source signals as training data (Table 3). While there is
still a gap between Directed Decomposition method and
the oracle score, both Direct Decomposition and Cluster-
ing methods are greatly improved.

Table 3: Evaluation of Directed NMF model with original
sources

[ SDR(B) [ UD [ DD [ DC [ Oracle |
dataset]l | 13.51 | 24.68 | 13.67 | 31.07
dataset2 | 14.33 | 18.14 | 14.69 | 22.16
dataset3 | 7.65 | 13.30 | 7.48 | 18.88

S CONCLUSION

We have proposed a framework for single channel audio
separation and realized it using the Non-negative Matrix
Factorization algorithm. Three approaches are developed
and compared with different datasets. As expected, the
Directed NMF approach performs well when a proper
training set is provided. The Directed approach can ei-
ther be used to improve the overall performance by pre-
training the basis vectors, or providing a reliable cluster-
ing criterion. The results achieved by training with orig-
inal source shows that there are basis sets that can make
sound source separation distinct. Nevertheless, the prob-
lem of how to learn such a basis set from limited informa-
tion remains to be solved.
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