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Abstract—In this paper, a sparse method is proposed to
synthesize the note-specific atoms for musical notes of different
instruments, and is applied to separate the sounds of two
instruments coexisting in a monaural mixture. The main idea is
to explore the inherent time structures of the musical notes by
a novel adaptive method. These structures are used to
synthesize some time-domain functions called note-specific
atoms. The note-specific atoms of different instruments are
integrated in a global dictionary. In this dictionary, there is
only one note-specific atom for each note of any instrument,
resulting in a sparse space for each instrument. The signal
separation is done by mapping the mixture signal to the global
dictionary. The signal related to each instrument is estimated
by a summation of the mapped note-specific atoms tagged for
that instrument. Experimental results demonstrate that the
proposed method improves the quality of signal separation
compared to a recently proposed method.
Index Terms—acoustic signal processing, matching pursuit
algorithms, signal reconstruction, source separation, spectral
analysis.

I. INTRODUCTION
Musical signals are typically mixtures of several sources,
and separation of them is desired for audio processing tasks
such as extraction of instrument sound samples, music
transcription, and musical instrument identification.
Processing the mixed signals is difficult and it is preferred to
first extract the musical signal of each instrument and next,
process the extracted signal [1]. Human's auditory system is
able to extract meaningful structures in sounds by means of
an advanced process, through sending sound information to
the brain in meaningful structures that leads to decrease of
information redundancy [2].
The difference between the basic information of sounds
leads to discrepancy among them. This information can be
described in the form of some basis functions which are
called “Atoms” and a group of them called “dictionary” [3].
A dictionary can be constructed by means of orthogonal
bases [4] or using a tight frame [5]. These dictionaries can
be improved by previously developed dictionary learning
methods [6-7]. Signal representation using sparse
dictionaries are considered in several recently researches as
an efficient method for different audio processing tasks such
as audio quality enhancement [8], speech processing [9],
sparse coding [10] and audio source separation [11].

To separate signals in a mixture, it is firstly represented
into fundamental bases. There are two global methods of
representation of signals: complete and over-complete
representations. In complete representations such as Fourier
and Wavelet, orthogonal functions are used. Sparse
representation of signals cannot be done with these methods
[12]. But in over-complete, a signal is decomposed into the
atoms of a dictionary that are not necessarily orthogonal.
Therefore, there might be some atoms in the dictionary that
are not contributed in the representation of that signal;
hence, called over-complete. In order to choose suitable
atoms from the dictionary, the Matching Pursuit (MP)
algorithm is usually used [13-14].
The main purpose of this study is to improve the method
of extracting the inherent time structure of musical signal
sources for synthesizing time domain functions, called notespecific atoms, for each musical note of any instrument. We
extract the structural elements of a note by signal analysis in
the frequency domain by proposing a new adaptive method
employing the characteristics of musical notes in low and
high frequencies. Then, we use these elements to synthesize
the note-specific atom. Next, note-specific atoms of
different instruments are integrated in a global dictionary.
For the music signal separation, the mixture signal is
projected onto note-specific atoms existing in the global
dictionary. The proposed method is experimented for the
test signals which are mixtures of Piano and Clarinet, as
well as Guitar and Violin signals.
The structure of the paper is as follows: Section II
provides a brief review of audio signal source separation in
the time domain, Section III describes some principles,
Section IV introduces the proposed method to construct a
global dictionary for using in audio source separation, and
experimental results are presented in Section V.
II. RELATED WORKS
The single-channel source separation can be done in time,
frequency, or time-frequency domains. Whereas some
approaches use a priori information such as the number of
instruments and their type for better performance, some
others solve the problem via a Blind Source Separation
(BSS) scheme. We focus on approaches which employ a
priori information.
Different approaches have been developed so far to solve
source separation problems. In [15-16] a monaural mixture
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is decomposed into the product of basis spectra and timevarying gain factors using the Independent Component
Analysis (ICA) algorithm. Signal separation is then
performed by clustering the basis spectra into disjoint sets.
The clustering process can be done through different
methods using instrument-specific features [15] or statistical
distance measures [16]. The phase information of the source
signal is used to represent the source in the time domain.
However, clustering is a challenging task and the phase has
to be estimated for the signal representation [17-18].
The time structure of the sound sources has been obtained
in [19] through learning a set of functions in time domain.
These basic functions perfectly encode the sound signal
using statistical methods. First, some particular basis
functions are chosen and then their weights are determined
using the Maximum Likelihood (ML) method. Finally, each
sound source is estimated as a weighted linear summation of
the basis functions (Fig. 1). This method results in a sparse
representation of sources if each base has a high correlation
with one of the sources and low correlation with others.

Figure 1. Learning the basis functions using maximum likelihood [19]

A main challenge in the signal separation algorithms in
the time domain is signal representation. Signal separation is
done well, if the mixture signal is represented to the basic
elements of sources in a good manner. In [20], an autotagging system is developed for music that uses a “bag of
systems” representation based on generative modelling. A
rich dictionary of musical codewords is used, where each
codeword is a generative model that captures timbral and
temporal characteristics of music. Songs are represented as a
BoS histogram over codewords, which allows for the use of
traditional algorithms for text document retrieval to perform
auto-tagging.
Signal representation is done by means of mutual
information about sound sources in [21]. In this study, the
sparse representation of sources is done by optimizing a
criterion related to the mutual independence. Audio content
representation is used as a basic component for music
recommendation in [22]. They have used the traditional
local features, while adding a stage of encoding with a precomputed codebook and a stage of pooling to get compact
vectorial representations.
In [23-24] an algorithm is developed to separate music
signals from background signal such as speech or
environmental sounds. A source-specific representation of
audio signals is used in this method. For a mixture of music
and speech, it is assumed that monaural mixture signal can
be represented to the summation of a music signal and a
speech signal, where music and speech signals are
constructed from music and subspaces, respectively. The
music and the speech subspaces are subsets of a universal
audio space. Because the musical sound and the speech have
some characteristics of harmonic elements in common,
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some overlap exists between their corresponding subspaces.
So, the main challenge in their research is to determine a
finite set of basic elements, which is highly correlated to the
music signals and uncorrelated to the speech and another
finite set of basic elements which is highly correlated to the
speech and uncorrelated to the music signals.
An accurate mid-level representation of music signals is
needed for different applications such as information
retrieval and signal processing purposes. In [25], a new midlevel representation algorithm is presented which
decompose a signal into a small number of sound atoms or
molecules are tagged to musical instruments. Each atom is a
sum of harmonic parts whose amplitudes are specific to one
instrument, and each molecule is constructed from several
atoms of the same instrument. Efficient algorithms are
developed to extract the best correlated atoms or molecules.
An overview of dictionary-based methods (DBMs) in
audio and music signal analysis is provided in [26]. DBMs
provide novel ways for analyzing and visualizing audio
signals, creating multi resolution descriptions of their
contents, and designing sound transformations unique to a
description of audio in terms of atoms.
The authors in [27] propose a subband approach to blind
signal separation in time domain. The mixtures are split to
some predefined subbands and then time-domain source
separation is performed in each subband. The recovered
sources are then reconstructed from the subbands.
A novel time-domain algorithm is proposed in [28] that is
based on a complete unconstrained decomposition of the
observation space. The decomposition process is performed
by an independent component analysis (ICA) algorithm. The
components are then combined by an appropriate
reconstruction procedure. A similar research is done in [29],
uses unsupervised learning from musical sounds.
Representation of a mixture of singing voice and music
sound is accomplished by learned dictionaries in [30]. The
magnitude spectrogram of a song is considered as two
components, a sparse component and a superposition of a
low-rank component, which respectively correspond to the
vocal part and the instrumental part of the song. For
estimation of the subspace structures of music sources, some
dictionary learning algorithms have been used and a novel
algorithm is proposed that employs the learned dictionaries
for decomposition of the mixed signal.
The audio source separation is accomplished in [31] by
sparse representation of music signals using “sourcespecific” dictionaries. The main purpose in that research is
to separate music signals from background signals or
speech. First, the signal of each note is decomposed to some
elementary Gabor atoms using MP. Then, the Gabor atoms
which have higher correlation with the signal are selected
for synthesizing new ones. The source-specific dictionary is
then produced by integrating these new atoms. The signal of
each instrument can be represented using this dictionary.
There is one atom for each musical note in the resulting
dictionary, and therefore, a few atoms are used to represent
the musical signal of each instrument. The mixed signals are
decomposed into the atoms of this dictionary and thus only
those parts of the signals having large correlation with the
related atoms are extracted and background signals or
speech are omitted.
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III. BASIC CONCEPTS
In this section, details of the considered problem are
explained and the Matching Pursuit algorithm is reviewed.
A. Problem definition
In audio signal source separation problem, the final goal
is to extract the signal of each instrument from a mixture.
Assuming that the mixture signal X(t) is formed from the
signals of two different instruments S 1 (t) and S 2 (t), then:
(1)
X(t)= S1 (t)+ S2 (t)
in which X(t) is available and S 1 (t) and S 2 (t) should be
determined. Mathematically, this is an “underdetermined
problem” and there are numerous acceptable answers for
S 1 (t) and S 2 (t). Thus, a priori information should be used to
solve this problem. In the time domain approaches, it is
assumed that the signal of any instrument can be estimated
as the weighted sum of some limited basis functions that
have inherent features of the instrument, as follows:

S'i (t)=  m 1 AmGi,m (t)
M

atom. Generally, we assume that once an atom is included in
a dictionary, all atoms resulted from its time-delayed
functions also exist in that dictionary.
IV. THE PROPOSED METHOD
We propose a simple method to synthesize the notespecific atoms and apply it to audio signal separation. The
main idea is to explore the inherent time structures of the
musical notes by employing an adaptive method.
Synthesizing the note-specific atoms from a note signal is
performed in two steps, as depicted in Fig. 2.

(2)

where S′ i (t) is the estimated signal for source i, G i,m (t) is the
m-th basis function (atom) for source i, A m is the weight of
m-th basis function, and M is the number of basis functions
for source i. Therefore, the problem reduces to determining
the weights of basis functions of each instrument for
satisfaction of (1) by minimum error. However, the main
challenge is defining appropriate basis functions for each
instrument.
B. The MP algorithm for signal decomposition
Decomposition of signals into the atoms of a dictionary
has been done using the MP algorithm as described in
Algorithm 1 [9], which decomposes an input signal X into
the atoms of dictionary D in N steps. The existing atoms in
the dictionary D are expressed as G i . In the beginning, the
initial residual signal R 0 is set equal to X. Then
decomposition is performed for N steps. At step n, the
selected atom G n is the atom which has the highest
correlation to the last residual signal R n−1 . To update the
new residual R n , the selected atom weighted by the
correlation factor is subtracted from the last existing residual
signal.
Algorithm 1: MP algorithm for signal decomposition [9]
1) Start with the residual signal R(t) to be set
as the input signal X(t).
2) Repeat steps 3 to 5 for N stages.
3) Calculate the correlation factor between the
current residual signal and all atoms included
in the dictionary.
4) Select the atom which has the maximum
correlation with the residual signal as the
output of current stage.
5) Update the residual signal by subtracting the
selected atom in step 4 weighted by correlation
factor.

After decomposition, the original signal could be
reconstructed as:

X (t )   n 1 Rn 1 , Gn Gn (t )  RN (t )
N

(3)

It is noted that the dictionary used by the MP algorithm
implicitly includes all possible time-delayed functions of an

Figure 2. The steps of synthesizing note-specific atoms

Fig. 3 shows an example of the clarinet note F3 which
will be followed in different stages.
If we assume the original note signal to be expressed as
S(t), it can be reconstructed using its FFT components as:

S '(t ) 

1 d
 An cos  2 f n  n 
d n 1

(4)

in which A n , f n and φ n stand for amplitude, frequency, and
phase of FFT components of the note signal, respectively,
and d is the number of FFT components used for
reconstruction. In an exact and complete representation, d is
chosen as the length of spectrum and thus S'(t) will be the
same as S(t), but a sparse representation is not achieved. A
detailed look into the long term spectrum of the note signals
reveals that a few components have considerable amplitude.
For example, in the normalized spectrum of the clarinet note
F3 in Fig. 4, the components around four frequencies have
considerable amplitudes (178, 533, 888, and 1243 Hz) and
other components are negligible. Thus, to achieve a sparse
representation, we can employ only these components and
ignore the rest.
A. Definition of the primary atoms
“Primary atoms” are defined from the FFT components of
the note signal. We define a primary atom as:
hA, f , (n)  A cos  2 fn    ; 0  n  ( N  1) (5)
in which A, f and φ stand for the amplitude, frequency and
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the phase of an FFT component of the note signal,
respectively, and n is the sample number. The length of a
primary atom, N, could be set to different numbers to
achieve the best representation quality, as discussed in the
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next section.
In order to avoid the FFT components in reverse phase
due to the symmetry, the number of primary atoms is set to
half the length of the original signal.

Figure 3. Clarinet note F3 signal and a zoomed view

Figure 4. The spectrum of the clarinet note F3 and its more details around 178Hz

B. Selection of the basic atoms
We synthesize the note-specific atoms using only the
primary atoms corresponding to the main components of the
frequency spectrum, called “basic atoms”, which are in the
peaks of the long term spectrum. We believe that the basic
atoms contain the main inherent structure of the note signal.
Since there are only a few basic atoms in a note signal
spectrum, the note-specific atom is sparse. For example, the
number of the basic atoms for clarinet F3 note (Fig. 3) will
be 3 to 5, depending on the absolute threshold we use for the
amplitude.
We use an efficient and robust procedure for the
computation of the main peaks in the note signal spectrum.
This task is also performed in other related algorithms such
as CFAR [32]. In the proposed algorithm, the primary atom
which is a candidate to be a basic atom should meet three
conditions to assure finding accurate atoms and avoid
redundant ones: First, it must be higher than an absolute
threshold. Second, it must be greater than the lateral cells
within a specified neighborhood, and third, the average of its
106

lateral cells in the specified neighborhood must be greater
than a lateral threshold. These conditions can be
summarized as follows:
(6)
An  TH A

An  Am ; n  L  m  n  L

(7)

1
n L
Ai  TH L

2L  1 nL

(8)

where A n is the amplitude of the primary atom, TH A is
absolute threshold, TH L is lateral threshold, and L is
neighborhood distance from each side.
The first condition is surveyed to select the primary atoms
which have large amplitude. The amplitude should be
greater than an absolute threshold (TH A ) as the first input
parameter of the algorithm.
The purpose of the second condition is that only one atom
is selected in a neighborhood. By checking this condition,
we only select the atom having the highest peak in a
frequency neighborhood. Surveying this condition is
important to achieve sparsity. For example, consider the
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spectrum details of the clarinet F3 note around 178 Hz as
depicted in Fig. 4. The FFT resolution is 0.168Hz
(=11025/65536). So there is more than one primary atom
around the 178Hz which have large amplitude, but it is
desired to select only one atom as basic atom to meet
sparsity conditions. The second condition, select the primary
atom whose amplitude is the highest (about 178.7 Hz in Fig.
4), and other atoms around it are omitted. The neighborhood
distance around the peak atom (L), is the second input
parameter of the algorithm.
Finally, the third condition should be satisfied to ensure
that the signal energy is sufficient around the basic atom.
So, we suggest that the integration of amplitudes around the
test cell be greater than a lateral threshold (TH L ) as the third
input parameter of the algorithm.
Implementation of this proposed algorithm for selecting
the basic atoms is shown in Fig. 5. A sliding window sweeps
the spectrum (primary atoms) and detects the cells that
satisfy the conditions in Equations (6-8). Note that before
applying the algorithm, the spectrum must be normalized so
that the total energy of spectra is 1.
The parameters TH A , TH L and L should be determined as
the inputs of the proposed algorithm. These parameters can
be set in order to achieve the best performance in signal
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representation. In the following, an adaptive algorithm is
proposed to set these parameters in order to obtain the best
efficiency in note signal representation.
C. Synthesizing the note-specific atoms
The note-specific atoms are calculated as:

H (n)  k w(n) m1 hm (n); 0  n  ( N  1)
M

(9)

in which H(n) is a note-specific atom, w(n) is a signal
processing window, M is the number of basic atoms, h m (n)
is the m-th basic atom chosen from primary atoms as
described in the previous section, and k is normalizing factor
such that the total energy of atom is 1. The length of signal
processing window, w(n), is the same as the length of the
note-specific atom, N.
The length of a note-specific atom in the time domain, N,
could be set depending on the note frequency. The best
length for note-specific atom is not identical for different
notes. Our experiments demonstrated that this length
typically should be longer for low frequency notes and vice
versa. So, for each note we synthesize note-specific atoms in
three different lengths and let MP to choose the atom with
the best length in the decomposition stage.

Figure 5. Peak detection by the proposed algorithm for selecting basic atoms

Common signal processing windows can be used to
synthesize note-specific atom. Hamming, Gaussian and
Rectangular windows are employed to synthesize three
different types of note-specific atoms, and each type
participates in a distinct global dictionary.
One of the challenges in the construction of dictionaries is
the overlap between the instruments. The overlaps take
place where the basis functions used to synthesize the atoms
are source independent [31]. In the proposed algorithm, in
addition to the note-specific atoms that are instrument
dependent, the primary atoms which are used in
synthesizing them are also note dependent. Therefore, the
overlap between instruments will be minimal in the
proposed method.
D. Adaptive method for selection of the basic atoms
To achieve the best performance, an adaptive algorithm is
proposed to set the input parameters for the algorithm of
basic atom selection. These parameters are optimized in
order to yield the best efficiency in note signal
representation.
The quality of signal representation is expressed by the

Signal to Distortion Ratio (SDR), defined as follows [33]:

SDR  10 log

S
S ' S

(10)

in which S′ and S represent the extracted and original
signals, respectively, and the operator ||.|| denotes the sum of
the squared signal samples.
For each note signal S(t), firstly, the input parameters are
set to some defaults. Then, the basic atoms are extracted
using this parameter set and the note-specific atom is
calculated as in Equation 9. A simple dictionary is
constructed from this single atom and its possible timedelayed ones. In the next step, the original signal is mapped
to this simple dictionary, using the MP algorithm for a
predefined iteration number of N. Then, the note signal is
represented by the decomposed atoms as:

S '(t )   n 1 Rn 1 , Gn Gn (t )
N

(11)

where G n (t) is the atom resulted from MP at step m (a
possible time-delayed function of note-specific atom H n )
and Rn 1 , Gn is its corresponding correlation to the
residual signal at step m. The optimization criterion is the
107
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maximization of the SDR of the representation. The
procedure is repeated for all defined input parameter sets
and the note-specific atom corresponding to the maximum
SDR is selected as the optimum one for the current
processed note.
E. Music signal separation
The global dictionary is constructed from a set of notespecific atoms synthesized for different notes of
instruments. In this work, we assume that there are atoms
for two instruments in the global dictionary. We synthesize
note-specific atoms in three different lengths for each note.
Also, more than one training data may be used in
construction of global dictionary. It is notable that each
atom in the dictionary is tagged with its corresponding
instrument, which will be used in the separation stage. We
construct global dictionaries for three types of rectangular,
Hamming and Gaussian windows and use them in
experiments.
Separation of music signals coexisting in a mixture is
done by mapping to the atoms of a global dictionary through
MP, as described in section III. We use some a priori
information to achieve the best performance. We assume
that the mixed signal is composed of only two known
instruments signals and so we use a global dictionary
constructed from those two Our proposed method works for
the mixed music signals of the desired numbers of the
instruments. However, the SDR of separation decrease when
the number of instruments increases, as a result of
increasing the overlap between the sources [31].
In the first step, the mixed signal is decomposed to the
note-specific atoms exist in the global dictionary. Then,
extracted atoms are classified into two classes according to
their instrument tags. Finally, the estimated signals of two
instruments will be computed by weighted summation of
atoms specified to the corresponding instruments
considering their time position, as follows:

S 'i (t )   m i 1  m ,i g m ,i (t ); i  1, 2
M

(12)

where g m,i is the m-th note-specific atom classified to
instrument i and β m,i is the correlation factor for this atom.
The quality assessment of the separation algorithm is
performed by the SDR criterion.
V. EXPERIMENTS AND PERFORMANCE EVALUATION
For the experiments, we used the RWC musical
instrument sound dataset [34] and the Global Sound Bank
[35] to evaluate the proposed algorithm. In the RWC, there
are three variations of different musical notes, each one is
made by different composer and the Global Sound Bank
contains musical samples for different instruments.
Test signals were synthesized by mixing original signals
and performance of separation was evaluated in SDR, by
comparing original and estimated signals. We examined the
separation of mixed signal of the piano and clarinet, as well
as mixtures of classical guitar and violin to evaluate our
proposed method.
A. Synthesizing note-specific atoms
We synthesized the note-specific atoms for all three
variations of piano, clarinet, classical guitar and violin notes
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in the RWC dataset using our proposed method. The number
of notes in the RWC is 88, 40, 64 and 78 for piano, clarinet,
violin and classical guitar, respectively. The sampling
frequency in the dataset is 44100 samples per second. It was
reduced to 25% of the original, i.e. 11025 samples per
second. The highest frequency note we used in our
experiments is C8 with fundamental frequency of 4186 Hz
which is less than half the sample rate, i.e. 5512.5 Hz. So the
Nyquist frequency limitation is satisfied.
For each note signal, the spectrum was computed firstly.
The length of the note signals we used in the experiments is
lower than 65536 after down-sampling. Therefore, to
calculate the long term spectrum, we equalized the lengths
of all note signals to 65536 samples by zero-padding,
resulting in the spectrum resolution of 0.168 Hz. After
computing the spectrum, it was normalized so that the total
energy is 1.
Following, the main components of the note signal
spectrum was detected by the proposed algorithm. We used
the proposed adaptive method to capture the best input
parameter set for each note signal. The parameter set swept
the range of absolute and lateral threshold value (TH A and
TH L ) from 0.001 to 0.005 in steps of 0.001 and the neighbor
distance (L) from 100 to 300 in steps of 50, resulting in 125
(=5×5×5) different combinations for input parameters.
There is not any efficient parameter set out of these ranges.
Note-specific atoms computed for all 125 input parameter
sets. The note signal, then, is represented using each of these
atoms by means of MP. The iteration number of MP is set to
be 1200. According to the results achieved in Section V, this
iteration number is sufficient for a meaningful SDR of
representation. Finally, the note-specific atom which can
represent the original signal with the best SDR is selected as
the final atom for the current processing note. This
procedure is repeated for three types of signal processing
windows.
The note-specific atom computed for the clarinet F3 note
using different windows for length of 1024 samples is
shown in Fig. 6. Compared to the spectrum of this note at
Fig. 4, Gaussian and Hamming windows demonstrate better
characteristics in the frequency domain. However,
considering the experimental results, we have not observed
any preference in choosing these two windows.
B. Constructing the dictionaries
We constructed global dictionaries for two instrument
pairs, one for piano and clarinet and the other for classical
guitar and violin. In the experiments, the lengths of the notespecific atoms are selected as N = 512, 1024, and 2048.
According to our experiments, the representation
performance does not increase by choosing atoms with
lengths larger than 2048 and smaller than 512. Moreover,
our observations showed that the best representation can be
typically achieved in lengths of 2048 for lower frequencies,
and in lengths of 512 for higher frequency notes. So, lengths
of 512, 1024 and 2048 are used to synthesize note-specific
atoms, lead to the time periods of 46.4, 92.9, and 185.8 ms,
respectively, for the sample rate of 11025 Hz.
For each instrument pair, different types of dictionaries
are made using different windows. We choose two training
data and for each note signal we synthesized note-specific
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atom in three lengths. For comparisons, we also constructed
source-specific dictionaries (SSD) [31]. We used a Gabor
atom dictionary to extract new atoms. To perform a fair
comparison, all these new atoms were synthesized in three
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different lengths for two training data. The global
dictionaries and the source-specific dictionaries were used
for evaluation of signal separation algorithms.

Figure 6. Atoms obtained for the clarinet note F3: a) Rectangular window, b) Hamming window, c) Gaussian window

C. Separation of the musical signal sources
We used the constructed dictionaries to separate mixed
music signals of two instruments. In the first experiment, we
produced mixed signals by weighted summation of note
signals from two instruments. These signals were chosen
from the RWC dataset. Since two variations of datasets are
used in the learning process (for making the global
dictionary), we used the third for making test signals. Test
signal are fed to the MP algorithm with different dictionaries
to evaluate different methods.
A sample of the test signals and the mixture are depicted
in Fig. 7. In this sample, we synthesized the test signals for

piano and clarinet and then, these signals were mixed
together. The results of signal separation for this sample
using global dictionary with Hamming window and sourcespecific dictionaries are shown in Fig. 8. In this experiment,
we continued the MP algorithm for 1200 iterations.
The quality of signal separation for this sample is shown
in Table I. As seen, our proposed method demonstrated
better efficiency. The SDR of extracted signals versus the
iteration number of MP algorithm for this test signal is
shown in Fig. 9. As depicted, there in not a sensible
difference in the SDR for iteration numbers above 1200.

Figure 7. A sample test signal used for evaluation of the algorithm: piano signal sample (a), clarinet signal sample (b), and the mixed signal (c)

We produced different mixed signals and used them as
inputs to the separation algorithm. Since we have three
variations of the signals in the RWC datasets, we performed

a cross validation. Each time two variations of note signals
were used for making the dictionaries and the other is used
for making the test signals. We compared our proposed
109
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algorithm using the method developed in [31] which uses
source-specific dictionary. We aimed to propose a new
adaptive source dependent method for sound representation
and source separation. Therefore, we compared the results
with source-specific dictionaries as a relevant baseline, and
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showed that our algorithm outperforms the SSD method.
Thus, comparison with source independent methods is out of
the scope of this paper, since this comparison has been done
previously and effectiveness of source dependent algorithms
is proved in [31].

Figure 8. The Estimated signal for piano (top) and clarinet (bottom): a) proposed global dictionary, b) SSD
TABLE I. SDRS OF THE EXTRACTED SIGNALS FROM A MIXTURE OF THE
PIANO AND CLARINET
Instrument
SSD[31]
Proposed method
using Hamming window
Piano
2.9
5.6
Clarinet
5.7
7.9

The average SDRs achieved by different dictionaries are
presented in Tables II and III for the mixtures of pianoclarinet and guitar-violin, respectively. It is clear that the
proposed approach enhances the separation efficiency by 3
dB on average in the sense of SDR.

Figure 9. The SDR of the extracted signals versus the iteration number of MP algorithm for the test signal of Fig. 7

Using the signal processing windows improved the
quality of the signal separation significantly. As seen in
Tables II and III, the Hamming and Gaussian windows
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when used in synthesizing the note-specific atoms,
improved the quality of signal separation, averagely 1.6 dB
in the SDR criterion compared to rectangular window.
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Enhancement in the quality of separation is resulted due
to the following reasons. To construct the SSD, Gabor atoms
are used as primary atoms for all notes of any instrument
and new atoms are synthesized for each note using these
global atoms. The Gabor atoms are inherently defined
independently of the source. So the primary atoms are noteindependent and instrument-independent, and the timeconsuming MP algorithm is used to select relevant atoms for
each note among global Gabor atoms. However, in our
method, primary atoms are not global and are defined
specifically for each note of any instrument from the FFT of
note signal. Therefore, the primary atoms are more relevant
to each note.
TABLE II. AVERAGE SDRS OF THE EXTRACTED SIGNALS FROM THE
MIXTURES OF THE PIANO AND CLARINET
Proposed method
Instrument
test
SSD
data
Rect.
Gauss.
Hamm.
1
3.9
4.8
6.7
6.9
Piano
2
2.7
3.9
5.5
5.4
3
3.4
4.6
6.0
6.3
1
5.9
6.9
8.8
8.8
Clarinet
2
4.6
5.8
7.8
7.7
3
5.4
6.0
8.3
8.1
TABLE III. AVERAGE SDRS OF THE EXTRACTED SIGNALS FROM THE
MIXTURES OF THE CLASSICAL GUITAR AND VIOLIN
Proposed method
Instrument
test
SSD
data
Rect.
Gauss.
Hamm.
1
1.8
2.8
4.1
4.4
Classical
2
2.1
3.2
4.4
5.2
Guitar
3
3.3
4.2
5.3
5.4
1
1.1
3.3
3.0
3.5
Violin
2
2.5
3.5
4.5
5.0
3
3.0
4.0
5.7
5.7

We also select the basic atoms from the primary ones by a
simple algorithm. Basic atoms are the most effective
primary atoms that describe the structure of the signal note
very well. In other words, for each note we find only a few
basic atoms, resulting in a good sparsity. Another reason for
this enhancement is due to the proposed adaptive algorithm
used for synthesizing note-specific atoms. This algorithm
tracks the input parameters for the appropriate selection of
basic atoms which leads to the best efficiency. Thus, any
inefficiency occurred due to the estimation of input
parameters is eliminated or minimized.
In the next experiment, we evaluated the ability of our
proposed algorithm in the separation of the musical signals
from a mixture of samples recorded in more real condition.
Original real samples were obtained from the Universal
Sound Bank [35]. After down sampling to 11025 Hz, two
types of mixtures were built, one from the piano and clarinet
and the other from the guitar and violin. The global
dictionary for each pair was constructed using all three
variations of signal notes in the RWC dataset. The
Hamming window was used to synthesize the note-specific
atoms. The average SDRs for the extracted signals from the
mixtures are depicted in Table IV. As seen, the separation
performance decreases comparing to the results of Tables II
and III. The single note signals in RWC are recorded at
laboratory. So, there is not any noise or background signals
in the test samples which are made by summation of single
note signals and consequently, separation process for those
test signals yields better results.
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TABLE IV. AVERAGE SDRS FOR THE EXTRACTED SIGNALS FROM THE
MIXTURES OF SAMPLES RECORDED IN MORE FACTUAL CONDITION
Mixture
SSD
Proposed Method
A
B
A
B
Piano (A) + Clarinet (B)
1.5
3.2
3.5
5.0
Guitar (A) + Violin (B)
1.6
0.5
3.8
2.2

Finally, we examined the extraction of the musical signals
from the signals with the background sounds. Test signals
are generated by mixing the musical signals and other
recorded sounds taken from the Universal Sound Bank [35].
We select the animals, trains, machine and doors sound to
mix to the instrument sounds. The average SDRs of the
separation process for different mixtures are shown in Table
V. The results demonstrate the efficiency of the proposed
algorithm.
TABLE V. AVERAGE SDRS FOR EXTRACTION OF THE BACKGROUND SOUND
FROM THE MUSICAL SIGNALS
Instrument Signal Mixed
SSD
Proposed Method
By Background Sound
Piano
7.1
8.6
Guitar
9.0
10.8
Clarinet
10.3
11.9
Violin
8.8
9.4

The execution time of the algorithm, also, can be
measured for different methods. The execution time in the
separation stage is not related to the method (SSD or
proposed). This is due to the fact that both of our proposed
and SSD methods use the same algorithm in the separation
stage, namely, the MP algorithm. Thus, the execution time is
depended on the instruments existing in the mixture. Since
the number of the notes of different instruments is not equal
and consequently the size of their corresponding dictionary
is different, the required time for projecting the mixture to
the dictionaries is not the same. For example, the required
time for separation of the sources in a mixture of piano and
clarinet with the length of 8 minutes is 24.0 seconds when
MP procedure iterates 1200 times, while this time is 30.8
seconds for a mixture of classical guitar and violin.
The execution time of different methods is different in the
stage of synthesizing dictionaries. This stage is offline and is
done only once for each pair of instruments and so, is not a
critical and important factor. We measured this execution
time for our proposed method and compared it to the SSD
method in table VI. We used an Intel Core2 CPU, 2.2GHz,
32-bit PC to implement the algorithm. The operating system
was windows7 and we used MATLAB 2015.
TABLE VI. CONSUMING TIME IN SECONDS FOR CONSTRUCTING
DICTIONARIES
Instrument Pair
SSD
Proposed Method
Proposed Method
(Non-Adaptive)
(Adaptive)
Piano - Clarinet
120.0
10.3
124.6
Guitar - Violin
134.4
11.4
138.5

According to the results, the time needed for constructing
dictionaries is greatly reduced if we use constant algorithm
parameters. However, if we use adaptive method to obtain
optimum parameters, the execution time is comparable.
VI. CONCLUSION
In this paper, a sparse method was introduced to
synthesize the note-specific atoms which are used in music
111
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signal separation. We have proposed a structural method
based on the long term spectrum analysis to synthesize the
note-specific atoms of different instruments, and suggested
an adaptive algorithm to compute input parameters. In this
algorithm, we changed the parameters of the algorithm
adaptively to achieve the best separation performance in the
sense of SDR. Moreover, we used shorter atoms for highfrequency and longer ones for low-frequency notes for the
sake of better representation. In addition, we investigated
the effects of using different signal processing windows on
the algorithm efficiency.
Comparisons of the experimental results of the proposed
method with a previously suggested source-specific
dictionary technique indicated that our method yields a
better performance in the SDR criterion for the test signals
constructed from summation of single notes (See Table II
and Table III). The observations also demonstrated that
using the signal processing windows to synthesize the notespecific atoms, outperforms the efficiency of signal
separation.
The ability of proposed method is examined in the
separation of realistic music signals and also, separation of
an instrument signal from background sounds. The results,
demonstrated the efficiency of proposed method.
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