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ABSTRACT
A neighborhood-based source reassignment technique is
proposed for being used on time-frequency masking audio
source separation methods. This technique identifies all the
time-frequency clusters that form the separation masks in the
Short-Time Fourier Transform (STFT) domain, and labels
each time-frequency bin with a value that denotes the size
of their corresponding clusters. The bins corresponding to
clusters of small size are reassigned to the source which has
maximum likelihood in its time-frequency neighborhood. An
example is described using the DUET algorithm for underdetermined mixtures, showing that this technique improves
substantially the isolation of the estimated signals.
Index Terms— Audio source separation, time-frequency
masking, speech enhancement
1. INTRODUCTION
For several years, Blind Audio Source Separation (BASS)
has been receiving increasing attention. BASS deals with
the problem of recovering the source signals from their mixtures when the mixing process is unknown. The term blind
comes from the fact that very little information is needed to
carry out the separation, although some assumptions are always necessary. In this context, several techniques for solving the BASS problem have been developed, such as Independent Component Analysis (ICA) [1], Computational Auditory Scene Analysis (CASA) [2] or Sparse Decompositions
[3]. As audio signals are not sufficiently sparse in time domain, some transformations are applied for dealing with underdetermined mixtures, i.e. systems with more sources than
sensors. Rickard et al. [4] showed that speech signals are
sparsely distributed in time-frequency (TF) representations.
In fact, time-frequency masking methods have shown to provide better performance in the under-determined condition
than other methods based on ICA. The reason is that speech
signals in the TF domain only overlap in few points, being approximately orthogonal to each other. This property is usually
referred as the W-Disjoint Orthogonality property of speech
signals. The use of TF masks enables to emphasize regions of

the TF spectrum that are dominated by a specific source and
attenuate regions dominated by the other sources, resulting in
a better intelligibility of the separated sound [5] [6]. In this
work we propose a source reassignment technique that can
be applied as post-processing to the binary masks obtained
by TF masking algorithms. This technique allows to reassign isolated and small clusters of non-zero elements in the
masks to the source which has maximum likelihood in the TF
neighborhood of the elements. The proposed approach allows
reducing the residuals from other sources in the mixture.
The organization of the paper is as follows. Section 2 explains the conventional separation approach used by TF masking methods. Section 3 presents the proposed reassignment
technique. Experimental results and conclusions are given in
Section 4 and Section 5, respectively.
2. TIME-FREQUENCY MASKING
Next we describe the convolutive mixing model. Assuming N
sources and M sensors, this can be mathematically expressed
as:
xi (t) =

N X
X
j=1

hij (l)sj (t − l) i = 1, . . . , M,

(1)

l

where xi (t) are the observation mixture signals, sj (t) are the
source signals and hij (l) is the impulse response from source
j to sensor i. The goal of BASS algorithms is to obtain the
separated signals yj (t) that are estimations of sj (t). Sometimes, it is sufficient to estimate the image of source j in sensor i:
X
sij (t) =
hij (l)sj (t − l).
(2)
l

In the context of under-determined source separation, the
Short Time Fourier Transform (STFT) has been widely used.
In the STFT domain, the model of Eq.1 becomes:
Xi (k, m) ≈

N
X
j=1

Hij (k)Sj (k, m) i = 1, . . . , M

(3)

(4)

being Yi,j (k, m) the STFT of the image of sj in sensor i
and Mj (k, m) is the separation mask. The estimates of the
sources in the time domain are obtained applying the inverse
STFT operator.
Separation methods based on TF masking usually construct the masks from the Interaural Level Difference (ILD)
and Interaural Time Difference (ITD) of the mixture channels
xi (t). Although TF masking methods using more than two
microphones are available [7], stereo separation methods are
usually employed. In the case of two-channel separation, the
ILD and ITD are estimated as:
X2 (k, m)
,
X1 (k, m)

(5)

N X2 (k, m)
6
.
2πk X1 (k, m)

(6)

ILD(k, m) =
ITD(k, m) = −

where N is the FFT size. The clustering of TF bins to sources
is usually done by means of a likelihood function Lj (k, m)
that represents the closeness of a local estimation of the mixing parameters in each bin to the estimation with highest support given by the rest of TF points. Distances to peaks observed from a two-dimensional histogram analysis or to the
centroids of K-means clustering have been shown to be powerful [7].
3. NEIGHBORHOOD-BASED REASSIGNMENT
The estimation of the separation masks is not always perfect
in the sense that they differ from the ideal binary masks. Assuming Ei (k, m) the energy of source i in TF-bin (k, m) and
Nj (k, m) the energy of the j-th interfering signal in this TFbin, the ideal binary mask Ii (k, m) for target source i and a
threshold of 0 dB is defined as:

1 if Ei (k, m) − Nj (k, m) > 0 ∀j
Ii (k, m) =
0 else
(7)
In Figure 1a, the ideal binary mask (black represents zero
and white represents one) for the extraction of one source in a
two-channel anechoic mixture of three speech sources is represented. Figure 1b. shows the corresponding estimated mask
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using the DUET algorithm [4]. In the figure it is clear to see
that, whereas most of the non-zero elements in the ideal mask
are robustly clustered around harmonic partials and uniform
zones, the estimated mask has much more small elements
scattered around these areas. These scattered small clusters
contribute to musical noise and audible residuals from the
other sources when the mask is applied to recover the source.
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where Hij (k) is the frequency response from source j to sensor i, and Sj (k, m) is the STFT of the source sj (t). The indices k and m denote the frequency index and the time index, respectively. In general terms, the advantages of working with STFT representations are twofold. First, convolutive
mixtures can be approximated as instantaneous mixtures at
each frequency. The second one is the fact that the sparseness
is higher under this representation.
Time-frequency masking attempts to construct a set of
masks that can be applied to the mixtures in order to obtain
the estimates of the sources:
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Fig. 1. (a) Ideal binary mask. (b) DUET binary mask
In this paper, we propose to identify and reassign these
small elements using a neighborhood based criterion. In the
following subsections we will describe in detail how to carry
out the proposed reassignment.
3.1. Cluster Labelling
In the first step, the estimated masks corresponding to the
sources in the mixtures are analyzed for finding clusters of
non-zero elements in them. The clusters are formed by grouping 4-connected or 8-connected objects in the binary masks,
as described in [8]. When a cluster Cnj is found in a mask
Mj (k, m), the TF-bins in the mask that form the cluster are
labeled with the cluster size, forming a TF cluster map:
C(k, m) = NCnj

(k,m)∈Cnj

,

(8)

where NCnj denotes the number of elements in the cluster
Cnj . This way, isolated TF bins in a mask will be labeled as
1, while points in a cluster of 100 connected points will have a
label of 100. Figure 2a shows the cluster map of the example
mixture. It can be observed that TF bins with big labels are
predominant. Figure 2b. shows the TF bins that form clusters
with no more than 3 elements. As we will explain in the next
subsection, these elements will be the candidates for being
reassigned in the final masks.
3.2. Source Reassignment
From the observation of Figure 1a and Figure 1b, it is possible to see that TF bins forming small clusters are more likely
to appear in the estimated masks than in an ideal binary mask.
This fact is also graphically depicted in the histogram of Figure 3. The histogram shows the number of TF bins in C(k, m)
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final cluster centroids. Denoting Lj (k, m) the likelihood matrix related to source sj , the reassignment algorithm can be
described as follows.
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Fig. 2. (a) TF-bins labeled with the size of their corresponding cluster. (b) TF-bins with label lower than 4.
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Fig. 3. Histogram showing the number of TF bins with low
labels in an estimated mask and the corresponding ideal mask.
labeled with small numbers for the two masks shown in Figure 1. In the case of the DUET mask, a higher number of TF
bins form small clusters of nonzero elements.
In order to reduce the number of scattered nonzero elements, TF bins labeled with small numbers are selected
as candidates for being reassigned to a different source. A
threshold κ can be defined for setting the minimum cluster
size considered as having reliable non-zero elements in the
mask. Although this threshold can be modified, experimental
results suggest that good values for κ are from κ = 1 to
κ = 5. This can be also inferred from the histogram of Figure
3, which shows that the distribution of elements with label
below 5 are more easily found in an estimated mask than in
an ideal mask.
The reassignment of the selected TF bins is carried out exploring the TF neighborhood of the bin, i.e. its N -neighbors
in the TF plane. The span of the neighborhood in rows and
columns is defined by the γ parameter. This approach is powerful in the sense that, as small clusters are not easily found
in ideal masks, it is probable that the points of small clusters
belong to the source with maximum likelihood in their TF
neighborhood. The likelihood function should be chosen in
agreement with the TF method used. For example, the maximum likelihood function used by DUET enables to assign
each time-frequency point to the source with the mixing parameters that best explains the mixtures. However, if other
clustering techniques are used, such as K-means, the likelihood function can be chosen as the distance of the data to

5. Set Fj (k, m) = 0 and Fq (k, m) = 1.
6. If all the points were explored: end. Else, update (k, m) to
the next point and go to 2.
Outputs: Final masks Fj (k, m).

4. EXPERIMENTS
In this section we evaluate the proposed approach over the
masks obtained from a synthetic anechoic mixture using
the DUET algorithm. This mixture consists of three speech
sources mixed with different time delays and amplitude gains.
The source signals were obtained from the development data
used in the Stereo Audio Source Separation Evaluation Campaign [9], coded as 16-bit 16 kHz audio. For comparison
purposes, we will use the same objective performance measures used in the mentioned evaluation. These measures are
the Source to Distortion Ratio (SDR), the Source to Interference Ratio (SIR) and the Source to Artifacts Ratio (SAR)
[10].
The STFT of the mixtures was performed using time windows of length 1024 and 50% overlap. The reassignment of
the masks was carried out for different combinations of κ and
γ. Table 1 shows the SDR, SIR and SAR values obtained
for the different sources using different combinations of the
parameters. The last combination with γ = 0 means that
no reassignment is performed and the candidate points are
just eliminated. The best average performance (taking into
account the results obtained for all the sources) was found
for κ = 3 and γ = 1, obtaining a maximum SIR gain of
2.2 dB and 0.5 dB in SDR. The original masks and the reassigned masks for this case are shown in Figure 4. Similar improvements are found for a convolutive mixture with
RT60 = 50 ms. Although both listening tests and objective

Table 1. Performance Evaluation Measures.
Source

DUET
SIR
24,4
13,6
20,5

SDR
7,6
4,3
7,3

ŝ1
ŝ2
ŝ3

SAR
7,7
5,1
7,6

κ = 3, γ = 1
SIR
24,4
15,8
20,7

SDR
7,4
4,8
7,1

SAR
7,5
5,3
7,4

measures only show a slight improvement after the reassignment, we think that further work on new reassignment criteria
will make possible to obtain a more significative increase in
the quality of the separated sources. Examples can be found
at http://personales.upv.es/macoser1/iwaencdemos.html.
Source 1 Original Mask

Source 2 Original Mask

2

0

5

10

0

5

2

0

10

0

5

Time(s)

Time(s)

Time(s)

Source 2 Reassigned Mask

Source 3 Reassigned Mask

6

4

2

0

4

Source 1 Reassigned Mask

Frequency (kHz)

Frequency (kHz)

2

0

6

0

4

5
Time(s)

10

4

2

0

10

6
Frequency (kHz)

0

6
Frequency (kHz)

4

0

5

10

κ = 1, γ = 1
SIR
24,6
14,3
20,7

SAR
7,5
5,2
7,5

SDR
7,3
4,7
6,7

κ = 5, γ = 0
SIR
25,8
16,1
21,7

SAR
7,4
5,1
7,0
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5. SUMMARY AND CONCLUSIONS
Time-Frequency Masking has been shown to be a powerful
method for underdetermined Sound Source Separation. Although very acceptable results have been obtained using TF
masking algorithms, the estimated masks are sometimes corrupted by scattered nonzero points that cause a noticeable
degradation of the extracted sources. In this paper we have
proposed a source reassignment technique that can be applied
as post-processing to the binary masks obtained by TF masking algorithms. This technique allows to reassign isolated and
small clusters of non-zero elements in the masks to the source
which has maximum likelihood in the TF neighborhood of the
elements. A separation example using the DUET algorithm
has been presented, showing that the proposed approach allows reducing the residuals from other sources in the mixture.
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