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ABSTRACT

Our research is to develop a methodology for separating
musical audio into streams of individual sound sources,
such as instruments or voice. In this paper, we show the
current progress of our research and a system built on the
Non-negative Matrix Factorization (NMF) algorithm. The
system was tested on both artificially mixed audio and real
musical recording. This work is closely related to the task
of blind source separation, computational auditory scene
analysis and automatic music transcription. It will con-
tribute to the areas such as music information retrieval,
digital audio effects, and musical audio coding.
Keywords– Blind Source Separation, Non-negative Ma-
trix Factorization, Automatic Music Transcription

1. INTRODUCTION

Humans have the ability to perceive multiple numbers of
separate signals in certain environments consisting of dif-
ferent sources. Sometimes those individual signals can
also be located, denoised or recognised successfully. This
ability helps us to retrieve the information even it is not
in its original form. For instance, we can recognize the
singer’s voice from the accompanied music, or read words
embedded in a picture. For an audio signal, Bregman
[4] called thisauditory scene analysis. The practical re-
alization of this problem by building a certain computer
model is known ascomputational auditory scene analy-
sis (CASA) [8]. Typically, we have no prior knowledge
about the sources and how they are mixed. We extract or
separate the required information only based on the given
mixtures, so this is also a Blind Source Separation (BSS)
problem.

The BSS problem exists widely in many fields such
as audio and video signal processing, biomedical engi-
neering, econometrics, and data mining. Focusing on au-
dio processing, many applications that can benefit from
the solution of BSS include automatic speech recognition,
speech enhancement, automatic music transcription, mu-
sic information retrieval, audio stream re-mixing and so
on. Therefore, it has attracted a great deal of attention
in the recent decade and plenty of methods have emerged
[7], [13], [15]. There are mainly two crucial features in
methods developed so far. One is the relation between the
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number of the given observed mixtures (which are also
known as sensors) and the number of sources, and the
other one is the way how source signals are mixed. In
terms of the relation between the number of source sig-
nals, mixtures can be overdetermined, determined or un-
derdetermined [9]. Certain methods require a determined
mixture, such as most Independent Component Analysis
algorithms [7], [3], [5], [2]. Since it is not always possible
to know how many sources are present in our observation
and acquire an equal number of sensors, separation of un-
derdetermined mixtures seems more useful (but difficult).
An extreme situation of this problem is the separation us-
ing only one single observation [6], [16]. In most cases
we assume that the mixtures were linearly mixed from the
source signals, corresponding to certain artificial mixtures
and music produced in the studio. But in the real world, a
non-linear mixing model will be more suitable consider-
ing the reflection, attenuation and delay.

The aim of our research is to develop a methodology
for separating musical audio into streams of individual in-
struments. In musical audio, it is very common that many
instruments are played at the same time. Therefore, the
task is particularly challenging since the mixture is highly
under-determined and the recording condition may vary
from the studio to the real world. Furthermore, there is a
high possibility that some instruments play the same note
at the same time. Since they will share many common
frequencies and this makes the task difficult to solve in
the frequency domain.

The approach presented in this paper was inspired by
automatic music transcription [14]. Intuitively, if the re-
sults of transcription can provide us all the individual notes
of each instrument, then the separation can be achieved by
classifying these notes into channels of individual instru-
ments. Sometimes we call these notesbasesand call the
whole set of notes adictionary because they are the ba-
sic elements that make up musical audio. However, in our
task, the bases in the dictionary are not necessarily as ex-
plicit as notes in a transcription problem, because all the
bases will be grouped together eventually. So as long as
each inferred basis comes from one particular instrument,
the separation can be realized after correct classification
of the bases. Thus, a looser criterion than transcription
can be adopted.

In our current system, we use the non-negative ma-
trix factorization (NMF) algorithm to decompose the input



signal in time-frequency domain. Then we generate time-
frequency masks by comparing the energies of decom-
posed bases and apply those masks to the spectrogram.
Finally, grouping of bases is made in the time domain to
produce separated audio streams. In following sections,
We explain the NMF algorithm and the masking method
in section 2 and 3. The experimental results is given in
section 4. More discussion about improving the perfor-
mance and future work will be addressed in the end.

2. NON-NEGATIVE MATRIX FACTORIZATION

Non-negative Matrix Factorization, first proposed by Lee
and Seung [11], is a data-adaptive linear representation
method. The goal of this algorithm is to decompose a
matrix V ∈ <≥0,M×N (where<≥0,M×N is anM by N
non-negative real value matrix) into the product of two
non-negative matrices: a basis matrixW ∈ <≥0,M×R

and a coefficient matrixH ∈ <≥0,R×N . Lee and Seung
[12] also developed two fast multiplicative algorithms for
NMF.

2.1. Definitions and learning rule

Given anM by N non-negative matrixV , we wish to ap-
proximateV by the product of two non-negative matrices
W andH:

V ≈ WH (1)

whereW is anM by R matrix andH is R by N , respec-
tively. The goal of NMF is to find such a pair ofW and
H which minimizes the error of reconstruction. In terms
of different measure of error, there are two cost functions
defined. The first cost function is the Euclidean distance
betweenV andWH:

C = ‖V −WH‖ =
∑

ij

(Vij − (WH)ij)
2 (2)

An alternative measure is the divergence betweenV and
WH:

D =
∑

ij

(
Vij log

Vij

(WH)ij
− Vij + (WH)ij

)
(3)

Both of these measures are lower bounded by zero and
optimized if and only ifV = WH.

Setting vectorwr to be therth column ofW and vector
hr to be therth row ofH, that is,W = {w1, w2, ..., wR},
H = {h1, h2, ..., hR}T , then equation 1 can be re-written
as:

V ≈
R∑

r=1

wrhr (4)

Regarding each vectorwr as a basis feature inV , the cor-
respondinghr is the vector of coefficients or encoding of
this feature.

To minimize equation 2 or 3, standard gradient descent
rules can be adopted, although Lee and Seung also derived
fast multiplicative update rules for both of them. More de-
tails including proof of convergence can be found in their
paper [12].

2.2. NMF on music

In section 2.1, we can see that NMF method can decom-
pose the original signal into the sum of different basis.
Depending on what these bases are, various applications
benefit from the result. Dealing with music, Smaragdis
[18] showed that the components in basis matrixW can
be individual notes and proposed an approach of poly-
phonic music transcription using NMF. Therefore, if there
are multiple instruments presented, we can separate them
by doing separation among those notes.

The NMF method was initially developed for image
signal processing since a 2-D image can be regarded as
a non-negative matrix. Time domain audio signals are
not suited for this method since they include both positive
and negative values. However, the magnitude of the spec-
trogram meets the non-negative requirement perfectly. A
spectrogramS(t, ω) is calculated by dividing the time do-
main signals(τ) into small frames and performing Dis-
crete Fourier Transform (DFT) on each frame:

S(t, ω) = DFT
{

s(τ)γ(τ − t)
}

(5)

whereγ(τ − t) is a small time window. The magnitude
of spectrogram is‖S(t, ω)‖.

Figure 1 shows the result of decomposition of the spec-
trogram of an artificial signal using NMF. The bases in
W matrix are features in frequency domain which can be
notes in a certain situation, and theH matrix records their
locations along time.

Figure 1. Decomposition of a simple spectrogram using NMF

3. SEPARATION AND RECONSTRUCTION

Having achieved the decomposition result in section 2, we
can easily separate the two different frequencies by multi-
plying the rows ofW with the corresponding columns of
H, that is,wrhr. As shown in figure 2, the separated ob-
jects are the magnitudes of spectrograms as well, since the
whole processing are constrained to be non-negative. If
we want to recover the original audio, we also need phase
information.



Figure 2. Separation of the spectrogram

To overcome this problem, we can estimate the phases
for the outputs by probabilistic inference, but this method
is computationally expensive [1]. In this paper, we obtain
the phases from the original mixed signal.

From equation 4, we can see thatwrhr is a part ofV
and it is contributed only by basisr. We compare each
time-frequency point among all the bases, and generate
masks for each bases. If one point were the maximum one
in all the basis’ spectrograms at the same position, it will
be marked as 1 in its related masker. Otherwise, zero will
be assigned. This is illustrated in formula 6:

M
(k)
ij =

{
1 if k = arg max

r
(wrhr)ij

0 others
(6)

whereMk is the mask for basisk. By putting these bi-
nary masks on the original spectrogram, we have both the
magnitude and the phase.

This idea based on the assumption that over a small
time-frequency region, one instrument (or sound source)
dominates. In other words, the maximum of the individ-
ual spectrograms over each region is approximately equal
to the sum of all the spectrograms. This is also the core
assumption of DUET [15] method.

4. EXPERIMENTAL RESULTS

In this section, we show the performance of our system on
both a manually made mixture and real music audio.

4.1. Artificial musical audio

In experiment one, we tested on a manually mixed au-
dio input so we have the knowledge of the original sig-
nals. The input signal is sampled at 22,050Hz and lasts
for 10 seconds. 32 bases were learned by NMF, which
we grouped into two streams. Figure 3 shows the compar-
ison between the original signal and the recovered ones.
A small difference between the original and the recovered

signals is slightly visible from their waveforms. Listen-
ing to the results, we found the recovered flute sound had
better quality while the piano sound suffered some inter-
ference towards the end.

A simple evaluation was done by comparing the recov-
ered signals with the original ones. The signal-to-noise ra-
tio (SNR) expressed in decibels (dB) is used and the noise
is calculated by least square error:

SNR(i) = 10 log10

∑
t[xi(t)]2∑

t[xi(t)− ri(t)]2
(7)

wherexi(t) is the ith input signal andri(t) is the sep-
arated counterpart. We ran the algorithm several times
with different initial value and bases number so the SNR
varied. The experiment results are shown in table 1, from
where we can see that the flute sound has higher SNR than
the piano sound. The result matches what we expected
from our listening tests.

SNR (dB) flute piano
32 bases NMF 15.2± 3.0 11.6± 3.0
56 bases NMF 21.7± 1.9 18.0± 1.9

Table 1. Evaluation of results
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Figure 3. Separation of artificial mixture

The sound sources above are completely independent
since there is no relation between the content. However,
in real music, instruments often play the same note at the
same time or share common harmonics, which is likely to
make instrument separation more difficult.

4.2. Real musical audio

In experiment two, the test recording is a music clip
played by flute and guitar. The flute is the main instrument
and the guitar is played as an accompaniment. The flute



sound ends before the guitar. The input data is real mu-
sical audio where the original individual sources are not
available, so only subjective analysis can be given. From
figure 4, we can see visually that the flute sound is not
completely zero at the end. When we listen to it, the noise
is actually some guitar sound leaking into the flute chan-
nel. Since the flute dominates most of the time, it is more
likely that energy will be allocated to the flute channel
rather than the guitar channel. The result sounds accept-
able on the whole and the rhythm is clearly extracted as
confirmed visually in figure 4.
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Figure 4. Separation of real music

5. DISCUSSION

One problem of performing NMF in practice is how to
choose a proper value of the number of basesR, because
most of the time we will not know this beforehand. Even if
we do know the total amount of the notes appearing in the
mixture, this is not enough to tell us the size of dictionary
since we may need several bases to present one note.

It was known that an over-complete basis dictionary
with a sparse coefficients matrix has greater flexibility in
matching structure in the provided data [13]. So one fea-
sible way is settingR with a value greater than the real
number of the notes appearing in the data. Although we
can not have a dictionary of notes, as long as each basis
comes from one single instrument, the separation task is
achievable. This can be benefit from over-complete rep-
resentation solutions and leads Hoyer [10] to propose a
sparse constrained NMF version which enhances the per-
formance when the sparseness is set appropriately.

Smaragdis [17] developed a convolutive NMF model
to take advantage of the temporal structure in the spectro-
gram (see also related work by Virtanen [19]). In his sys-
tem, repeated features are well extracted and it has been
shown to be suitable for percussive music.

In our current system, the recovered bases are till man-
ually classified. An automatic grouping method will make
it more practical when the number of bases increases.

Other work to be done in the near future includes quanti-
tative evaluation of our system on real music input which
means that the source signals are required. Some digital
music using Creative Commons lincense are distributed
along with the individual tracks before being mixed, us-
ing these, a more objective evaluation can be performed.

6. CONCLUSION

As shown in our current progress, non-negative matrix
factorization is a possible way to find individual com-
ponents in mixed data. Although it may not be robust
enough to achieve a basis set corresponding directly to
notes, NMF and binary masking works well for our sep-
aration task. Since sparse representation has been proved
very useful in polyphonic music transcription [14], in fu-
ture work we will investigate combining these two meth-
ods.
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