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Abstract. For the difficulty of separation of accompaniment from mono music,
image filtering was applied into a novel approach to separate accompaniment
music. Our approach presents how single channel music manifests in the 2D
Fourier Transform spectrum. In image domain, the position of periodic peak
energy was determined by image filtering, and then masking matrix was con-
structed by rectangular window to extract the constituent of the accompaniment
music. We find that our system is more robust and very simple to describe. The
simulation experiments show that the method in this work has an advantage over
other separation algorithm.
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1 Introduction

In the information age, the demand for music signal processing technologies such as
music annotation, retrieval, and identification, under massive digital music is growing.
However, the correlation between accompaniment music and human voice makes it
difficult for accompaniment and vocals to be extracted separately, which brings huge
obstacles to music processing. The separation of vocal accompaniment in the music
signal, as a pre-treatment of these techniques, has drawn increasing attention and has
important research value.

In recent years, many experts have conducted in-depth research on music separation.
Li and Hsu et al. used pitch estimation [1–3] to generate a sound music template, and
Li used amplitude and phase information to further estimate the pitch [2] to generate
a more accurate template, and then used the template to extract singing voice from the
mixed music.

Using the sparseness of the vocal signal and the low rank property of the music
accompaniment, Huang separates the mixed signal amplitude spectrum into a sparse
matrix and a low rank matrix [4], and then uses the binary mask to realize the separation
ofmusic. REPETused the beat spectrum to extract backgroundmusic, based on the priori
knowledge of musical accompaniment with a certain periodicity [5–8]. Raffi based on
local self-similarity of the accompaniment music, proposed adaptive method [9]. And
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similar matrixes [10] are used to extract the model of the repeated background music,
which further improves the accuracy of the separation. The separation methods studied
by the above scholars can separate the accompaniment music to a certain extent, but the
robustness of the algorithm is poor, and the separation effect of different music segments
is different.

Inmusic information retrieval, 2DFT (2DimensionFourier Transform) has been used
for song recognition [11, 12] and music segmentation [13]. Stöter and Fabian Robert
[14] and others used 2DFT transform as input for sound source separation. Pishdadian
et al. [15] used a multi-resolution 2D patches instead of a fixed-size 2D patches to fur-
ther improve this separation method. Both approaches focus on distinguishing different
characteristics of the sound source (such as vibrato, etc.), to separate sources with the
same fundamental frequency from one to another in short audio. Both need to create
more complex multi-resolution filter banks using 2DFT. At present, most scholars use
the sparseness and periodicity of signals to separate music while few scholars use 2DFT
transform to separate the accompaniment music.

Based on the above analysis, we explored a novel accompaniment separationmethod
using image processing based on 2DFT. Our system is with high robustness and very
easy to describe and implement and competitive to existing music separation method.

2 Proposed Method

2.1 The 2D Fourier Transform on Single Channel Musical Signals

The 2DFT, like the IDFT in music analysis, is a popular technique in digital image
processing, and is used for image denoising and compression, among other things, but
2DFT cannot be applied on single channel audio. By taking the magnitude of the 2DFT
on the STFT (Short-Time Fourier Transform), we obtain a key-invariant representation
of the audio.

Let Xω,τ denote the constant Q transform (CQT) of the music signal f (t),Wω,τ =
∣
∣Xω,τ

∣
∣ is its amplitude spectrum, where and are variables representing frequency and

time respectively. The 2D Fourier transform is expressed as follows

F(u, v) = 1

MN

M−1
∑

ω=0

[
N−1
∑

τ=0

Wω,τ exp(− j2πvτ/N )

]

exp(− j2πuω/M) (1)

The vertical dimension and horizontal dimension of 2DFT domain are called scale
and rate. These terms are borrowed from studies of the auditory system in mammals
[16–18]. Figure 1 presents 2DFT spectrum of different music signals.

It can be seen from Fig. 1(b) that the energy of the pure singing voice mainly con-
centrates on the central region of the 2DFT transform spectrum, while the energy of the
singing voice is striped from the center of the 2DFT transform spectrum to the two sides
as shown in Fig. 1(c). The 2DFT transform spectrum of mixed music is a superposition
of pure vocal and pure music spectra as shown in Fig. 1(a). If the 2DFT transform spec-
trum of the mixed music can be separated into the forms of the two figures (b) and (c)
of Fig. 1, the accompaniment and the singing voice can be separated.
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(a) The 2DFT spectrum of mixed music

(b) The 2DFT spectrum of pure singing

(c) The 2DFT spectrum of pure accompaniment

Fig. 1. 2DFT spectrum of different music signals
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2.2 Accompaniment Music Separation

We separate accompaniment music by constructing time-frequency masking. In 2DFT
spectrum,we set 1 to the position of bright stripe, and 0 otherwise. By this way, we obtain
time-frequency masking. To pick bright stripe positions, we compare the difference
between themaximumandminimummagnitude values over a neighborhood surrounding
eachpoint in the scale-rate domainwith a certain threshold.When the difference is greater
than the threshold, the maximum point existing in the neighborhood is recorded. This
means there is a sharp increase in energy compared to other points.

In this work, we design our neighborhood shape to be a rectangle whose size along
the scale is 1. The size of our rectangle neighborhood along the rate axis varies from
15 to 50. If the neighborhood is too large, the singing will be easily leaked into the
accompaniment. On the contrary, the separated accompaniment will be more easily
leaked into the singing voice.

We denote the center point of our rectangle neighborhood by C = (sC , rC ), and
represent the length of the neighborhood. Set the standard deviation γ of Wω,τ for
the threshold and α for the difference between the maximum and minimum magnitude
values over a neighborhood, that is

α=max
N

|F(s, r)| −min
N

|F(s, r)| (2)

The vocal masking matrix can be derived from the following formula:

Mfg(sC , rC )=
{

1 α > γ |F(s, r)| = max
N

|F(s, r)|
0 otherwise

(3)

Figure 2 shows the masking matrix of the singing voice.

Fig. 2. The masking matrix of the song
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It can be seen in Fig. 2, the positions of the value 1 are basically consistent with
the positions of the singing value in mixed music matrix. Comparing masking matrix
and 2DFT spectrum in Fig. 1, we find the energy of accompaniment music is mainly
concentrated in the position of the center of the spectrum, and the vocal energy at this
position is relatively low. Therefore, the masking matrix is processed to remove the
center. The masking matrix after processing is shown in Fig. 3.

Fig. 3. Remove the center band of masking matrix

The masking matrix of accompaniment music can be calculated by the following
formula:

Mbg(s, r) = 1− M fg(s, r) (4)

Where represents inverse 2D Fourier transform, and denotes element-by-element
multiplication. The time-frequency masking can obtain by comparing the magnitude
spectrogram of accompaniment and singing.

Mbg(ω, τ ) =
{

1
∣
∣Xbg(ω, τ )

∣
∣ = ∣

∣X f g(ω, τ )
∣
∣

0 otherwise
(5)

The short-time Fourier spectrum of the accompaniment can be obtained by the two-
dimensional inverse Fourier transform by the masking matrix of the singing voice and
the 2DFT transform spectrum of the mixed music.

Finally, the time domain signal of the accompaniment can be obtained by time-
frequencymaskingMbg(ω, τ ) and the time-frequency spectrogramX(ω, τ) of themixed
signal.

xbg(t) = ICQT
{

Mbg(ω, τ) · X(ω, τ)
}

(6)

Where ICQT {·} is the inverse constant Q transform.
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3 Evaluations

The music data set in the experiment uses the music data set MIR-1 K [19] published by
Hsu Lab. The data set consists of 1,000 song clips in the form of split stereo WAVE files
sampled at 16 kHz, extracted from 110 karaoke Chinese pop songs, performed mostly
by amateurs, with the music and voice recorded separately on the left and right channels,
respectively. The duration of the clips ranges from 4 to 13 s.

In order to quantitatively evaluate the separation effect of the method in this work,
the Févotte Blind Source Separation Evaluation (BSS_EVAL) [20] was used to measure
the performance of the improved algorithm. The toolbox provides a set of measures
that intend to quantify the quality of the separation between the source signal and its
estimate. The principle is to decompose the estimated signal as follows:

ŝ(t) = st arg et (t) + einter f (t) + earti f (t) + enoise(t) (7)

Where st arg et (t) is the portion of the estimated signal that belongs to the source
signal, and einter f (t) is the estimated error caused by the other signal source, that is, the
portion of the estimated signal that is a mixed signal but does not belong to the source
signal. earti f (t) represents the system noise error due to the algorithm itself, and denotes
the noise interference error contained in the observed signal.

Since the effects of noise can be ignored in most music separations, enoise(t) can
be omitted directly. Therefore, we use the following performance indicators, namely
source-to-interference ratio (SIR) and source-to-artifacts ratio (SAR), which are defined
as follows:

SI R = 10 lg

[∥
∥st arg et (t)

∥
∥
2

∥
∥einter f (t)

∥
∥
2

]

(8)

SAR = 10 lg

[∥
∥st arg et (t) + einter f (t)

∥
∥2

∥
∥earti f (t)

∥
∥2

]

(9)

SIR represents the resolution of the algorithm, SAR represents the robustness of the
algorithm, and the higher the values of SIR and SAR, the better the performance of the
algorithm.

3.1 Comparative Results

A piece of music (geniusturtle_5_01.wav) in MIR-1 K was randomly selected, and the
accompaniment was separate by the method in this work.Waveforms comparison before
and after separation are shown in Fig. 4.

It can be seen from Fig. 4 that the waveforms of the separated accompaniment and
the original accompaniment are basically the same in shape, but the amplitude of the
separated accompaniment waveform is reduced, which is caused by the neighborhood
length being too small. It can be improved by adjusting the length of the rectangular
neighborhood.

After verifying that the method can effectively separate the accompaniment music,
the advantages of the method are explained. Five pieces of music in the MIR-1 K
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(a) Original accompaniment waveform

(b) Separated accompaniment with neighborhood is 15.

Fig. 4. Comparison of waveforms before and after separation
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(c) Separated accompaniment with neighborhood is 35. 

(d) Separated accompaniment with neighborhood is 50. 

Fig. 4. (continued)
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dataset are randomly selected and separated, and the SIR and SAR values are calcu-
lated. The extracted segment is ‘Ani_1_05.wav. ‘, ‘jmzen_3_05.wav’, ‘leon_6_07.wav’,
‘annar_1_06.wav’, ‘fdps_3_05.wav’), the result is shown in Fig. 5.

(a)Accompaniment separation indicator SIR (dB) contrast diagram 

 (b) Accompaniment separation indicator SAR (dB) contrast diagram 
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Fig. 5. Comparison diagram of random 5 music segment separation performance indexes

It can be seen from Fig. 5, our approach is superior to HPSS and REPET and its
improved algorithm in separating indicators SIR andSARwhen separatingmusic accom-
paniment. In thiswork, proposedmethod has at least 2 dB improvement onSIR compared
with other traditional algorithms. In SAR, our method keeps about 30 dB, which is at
least 15 dB better than other algorithms.
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The 500 pieces of music in MIR-1 K were separated by the 2DFT algorithm, and the
SIR and SAR averages were calculated and compared with HPSS algorithm, REPET
and its improved algorithm. The results are shown in Table 1.

Table 1. Separation performance (Average result)

Method Accompaniment

SIR(dB) SAR(dB)

HPSS 4.989 8.078

REPET 8.121 4.572

REPET-SIM 4.672 6.068

REPET-MFCC 7.346 5.278

2DFT 9.290 31.177

It can be seen from Table 1 that the 2DFT algorithm in this paper is about 4 dB
higher than HPSS in SIR when separating accompaniment. Compared with REPET and
its improved algorithm, SIR is improved by about 0.9–4 dB. In terms of SAR, the SAR
of this algorithm is 27 dB. Better than other algorithms.

4 Conclusion

Aiming at the accompaniment separation in music separation, we proposed an accom-
paniment separation approach based on 2DFT transform. The method firstly transforms
the single-dimensional music signal into a two-dimensional domain by 2D Fourier trans-
form, and then uses the image filtering method to process the spectrogram. Thus we used
the rectangular neighborhood to pick the position of the energy peak, and constructed the
masking matrix to extract the music accompaniment component. Finally time-domain
accompaniment was recovered by inverse transformation. Simulation experiments show
that the music accompaniment separation method based on 2DFT does not need to
create a complex filter bank and very easy to implement. We find that our system is com-
petitive with existing unsupervised music separation approaches that leverage similar
assumptions.
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