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Abstract

One of the most widely used cues for sound source localiza-
tion is the interchannel phase differences (IPDs) in the fre-
quency domain. However, the spatial aliasing makes the uti-
lization of the IPDs in the high frequencies difficult, especially
when the distance between the microphones is high. Recently,
the phase replication method which considers the direction-of-
arrival (DoA) candidates corresponding to all the possible un-
wrapped phase differences in all frequency bins was proposed.
However, high frequency bins with possible spatial aliasing
contribute more when constructing initial DoA histograms com-
pared with low frequency bins, which may not be desirable for
source localization. In this paper, we propose to utilize the IPDs
in all the frequency bins with equal weights regardless of max-
imum number of phase wrapping in that frequency for dual mi-
crophone sound source localization. We applied spectral masks
based on local signal-to-noise ratios and coherences between
microphone signals to exclude time-frequency bins without di-
rectional audio signal from the DoA histogram construction.
Experimental results show that the proposed method results in
more distinct peaks in the DoA histogram and outperforms the
conventional method in various noisy and reverberant environ-
ments.
Index Terms: multiple sound source localization, interchannel
phase difference, spatial aliasing

1. Introduction
Sound source localization (SSL) plays a crucial role in many
of the multichannel speech processing such as speech enhance-
ment and recognition [1–13]. One of the most widely used spa-
tial cues of many SSL algorithms in the frequency domain is
interchannel phase difference (IPD) [2–13]. However, spatial
aliasing makes it difficult to utilize the IPDs in high frequen-
cies for direction-of-arrival (DoA) estimation. Many SSL algo-
rithms [2–8] assume that the minimum distance between micro-
phones is short enough so that the whole frequency bins are free
from spatial aliasing, which is not achievable for some of the de-
vices such as modern smartphones. On the other hand, several
SSL algorithms [9–12] try to unwrap the phase differences to
overcome spatial aliasing problem, with the assumption that the
number of microphones is greater than the number of sources.
Chen et al. [13] proposed a phase replication method consider-
ing all the possible unwrapped phase difference candidates in all
frequency bins for multiple source localization. Based on theo-
retical analysis that the correct DoA estimates would be present
in many frequency bins while the aliasing DoAs would be es-
timated only in a limited number of bins, the DoA histogram
is constructed for which the peaks in the histogram after post-
processing are regarded as DoA estimates.

In this paper, we propose to improve the phase replication
method in [13] so that each frequency bin with directional au-
dio signal contributes equally when constructing the DoA his-
togram. Specifically, we have applied spectral masks based on
the estimated local signal-to-noise ratios (SNRs) and the coher-
ence between two microphone signals to rule out the T-F bins
with diffuse noise only. Each of the survived frequency bins
contributes equally to the construction of the DoA histogram by
probabilistic voting to the possible DoA candidates correspond-
ing to the IPDs in that frequency. Experimental results show the
proposed SSL outperformed the conventional method in terms
of the minimum root mean square error in various noisy and
reverberant environments.

2. Spatial aliasing and
phase replication method

LetX1(n, k) andX2(n, k) denote the short-time Fourier trans-
form (STFT) coefficients of the primary and secondary micro-
phone signals for the k-th frequency bin in the frame n, respec-
tively. The observed IPD ∆φ(n, k) is defined as the difference
between phases of X1(n, k) and X2(n, k):

∆φ(n, k) = ∠{X1(n, k)X∗2 (n, k)}. (1)
Under the far-field assumption, the relationship between IPD
∆φ̃(n, k) and the DoA θ with respect to the broadside direction
is given as

∆φ̃(n, k) =
2πfk| sin θ|d

c
, (2)

where d denotes the distance between microphones, c is the
speed of sound, and fk represents the center frequency for the
k-th frequency bin. ∆φ̃ in the equation (2) can be outside the
principal range, [−π, π], for high frequencies, which results in
the wrapping of the phase, i.e., ∆φ = ∆φ̃− 2πl for an integer
l. The phenomenon that multiple DoA candidates exist for a
given observed IPD due to the phase wrapping is called spatial
aliasing. The lowest frequency affected by the spatial aliasing is
dependent on the DoA θ and the distance between microphones
d. Given d, the lowest frequency that may be affected by spatial
aliasing for the signal coming from any DoA, fa0, becomes

fa0 = min
θ

c

2| sin θ|d =
c

2d
, (3)

and the STFT bin index corresponding to fa0 = c/2d is de-
noted as Na0.

Although spatial aliasing makes the use of the IPDs in high
frequencies more complicated, the IPDs in the high frequencies
still have useful information on the DoAs of the input signals.
Chen et al. [13] proposed a phase replication method consid-
ering all the possible unwrapped phase difference candidates in
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Figure 1: Block diagram of the proposed multiple sound source localization system.

all frequency bins. As the first step of this method, a replicated
IPD matrix Π(n) ∈ R(2AK+1)×K is constructed as follows:

Π(n) =

∅ · · · ∅ · · · ∆φ(n,K)− 2πAK
...

. . .
...

. . .
...

∅ · · · ∆φ(n,Na0)− 2π · · · ∆φ(n,K)− 2π
∆φ(n, 1) · · · ∆φ(n,Na0) · · · ∆φ(n,K)
∅ · · · ∆φ(n,Na0) + 2π · · · ∆φ(n,K) + 2π
...

. . .
...

. . .
...

∅ · · · ∅ · · · ∆φ(n,K) + 2πAK


,

(4)

where K denotes the number of frequency bins, and Ak is the
maximum number of unwrapping l for the k-th frequency bin,
which is given as

Ak = dk −Na0
2Na0

e. (5)

It is noted that the “∅” entries are just place holders that will be
omitted when constructing the DoA histogram. The replicated
IPD matrix Π(n) can be easily converted into a DoA matrix
Θ(n), for which the k-th column Θk(n) becomes

Θk(n) = arcsin

(
c ·Πk(n)

2πfkd

)
, (6)

where Πk(n) denotes the k-th column of the replicated IPD
matrix Π(n). The DoA histogram hk for the frequency k is
constructed by counting the number of entries in Θk(n) that
falls in the specific ranges of DoA for all frames. Then, the
utterance-level DoA histogram h is given by

h =

K∑
k=1

hk, (7)

in which the peaks are regarded as the estimates for the DoAs.
The theoretical background is that many T-F bins will produce
the DoA estimates at the true DoAs, while the DoA estimates
due to the spatial aliasing may differ for each frequency.

Furthermore, two post-processing are proposed in [13]. Af-
ter finding more number of peaks than the number of sources
in the initial histogram h, a subvector selection method is ap-
plied to select one DoA candidate for each frequency for each
of the peaks, assuming that the peak corresponds to one of the

true DoAs and thus the correct phase difference unwrapping
is known. By taking the maximum among the modified his-
tograms of the selected subvectors after applying soft masks
depending on the DoAs, a modified histogram is constructed.
Final DoA estimates are the peaks in the modified histrogram
after some smoothing.

3. Proposed method
In this paper, we propose two modifications on the method in
[13] for more robust SSL. The block diagram of the proposed
method is shown in the Figure 1. Firstly, we propose to ap-
ply spectral masks to exclude the T-F bins for which the IPDs
are corrupted by the background noises and interfering sources
severely, as in [1]. To use the frequency bins with high local
SNRs only, we estimate the SNR-based mask MSNR(n, k) as

MSNR(n, k) =

{
1, λ(n, k) > λTH
0, otherwise

, (8)

in which λTH is a predefined threshold and

λ(n, k) = min

(
Px1(n, k)

Pv1(n, k)
− 1,

Px2(n, k)

Pv2(n, k)
− 1

)
, (9)

is the estimate of the local SNR where Pxm(n, k) =
|Xm(n, k)|2 denote the power of the m-th microphone signal,
and Pvm(n, k) denotes the estimated power of the noise in the
m-th microphone signal obtained by the method in [14]. We
also use the coherence-based mask to only use the frequency
bins where two microphone signals are coherent:

Mcoh(n, k) =

{
1, γ(n, k) > γTH
0, otherwise

, (10)

in which γTH is a predefined threshold, and

γ(n, k) =

∣∣∣∣ E [X1(n, k)X∗2 (n, k)]

E [X1(n, k)X∗1 (n, k)]E [X2(n, k)X∗2 (n, k)]

∣∣∣∣
(11)

is the coherence, where the expectationE[·] is approximated by
a time average as

E [α(n, k)] =
1

C + 1

n∑
n′=n−C

α(n′, k), (12)

in whichC denotes the number of consecutive time frames. The
final spectral mask MTF (n, k) is constructed as a product of
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(a) (b)

Figure 2: DoA histograms for (a) applying the spectral masks
only, and (b) applying both the spectral masks and probabilistic
voting when two sources are located at −30◦ and 30◦.

two masks:

MTF (n, k) = MSNR(n, k) ·Mcoh(n, k). (13)

Then, the DoA histogram for the masked DoA matrix in the
frequency k, ĥk, is constructed only with Θk(n) for which
MTF (n, k) is 1.

In the construction of the initial histogram h in (7), the k-th
frequency bin provides 2Ak + 1 candidate DoAs, which means
that the high frequencies suggests more number of DoA candi-
dates than the low frequencies. Although theoretical analysis is
provided in [13] for clean scenarios, it may not be desirable for
high frequencies to contribute more for the histogram construc-
tion in noisy and reverberant environments. Also, the subvector
selection method that selects one phase difference unwrapping
for given peaks in the initial DoA histogram may also be erro-
neous in the adverse environments. In this paper, we propose to
modify the DoA histogram so that each frequency contributes to
the DoA histogram equally by probabilistic voting to the DoA,
which is equivalent to modify the histogram as

hprop =

K∑
k=1

1

2Ak + 1
ĥk, (14)

where hprop is the modified histogram. It can be considered
to the midway between the traditional methods that disregards
IPDs for the frequencies affected by spatial aliasing and the
phase replication method that allows high frequencies provide
multiple DoA candidates. It can also be interpreted as reducing
the effect of the high frequency components where the speech
signal may be weak.

Figure 2 shows a comparison between ĥ =
∑K
k=1 ĥk with

spectral masks only and hprop with both spectral masks and
probabilistic voting when the two sound source sources are lo-
cated at -30 and 30 degrees, respectively. We can see that the
true peaks are emphasized and the false peaks due to the spatial
aliasing and interference are suppressed through the probabilis-
tic voting of the DoA in the high frequencies.

We estimated the number and the DoAs of multiple sound
sources using the peak search algorithm [15, 16] from the DoA
histogram hprop. To smooth the DoA histogram and empha-
size the peaks, we apply linear predictive coding (LPC) coeffi-
cient approach [16] to hprop to produce h̃prop. In the smoothed
histogram, the DoA corresponding to the highest peak θ̂1 is re-
garded as the DoA for one source. If the next peak h̃prop(θ̂i+1)

is higher than a threshold, βh̃prop(θ̂i) for a factor β, the num-
ber of estimated sources is increased by 1 and θ̂i+1 is regarded
as the corresponding DoA. The peak search continues until the

Figure 3: The room configurations and the locations of the mi-
crophones and sound sources in the experiments.

next peak is lower than the threshold or the maximum number
of sources PN is reached.

4. Experimental results
The sound source localization performance was evaluated for
the proposed and the conventional methods under various envi-
ronments. To analyze the contributions of the proposed spectral
masks and the probabilistic voting schemes for the performance
improvement, we also investigated the performance with the
spectral masks and conventional histogram construction. The
room configurations and the locations of two microphones and
two sound sources are illustrated in Figure 3. We simulated
an office room of 6 × 6 × 3 m using the image method [17].
Two microphones are located at the center of the room, 14 cm
away from each other, which is a typical distance between mi-
crophones for modern smartphones. Spatial aliasing would be
severer for this form factor, and thus it needs to be taken care
of to localize the sound source in the frequency domain. The
reverberation time RT60 ranged from 200 ms to 1 s with 200
ms intervals. The first sound source was located at the DoA
of −30◦, 2 m away from the center of two microphones. The
second sound source was also 2 m away from the center of two
microphones, and the DoAs were −10◦, 10◦, and 30◦. We se-
lected 5 male and 5 female speech utterances from the TIMIT
corpus [18] as the signals from the first sound source, while an-
other 10 utterances from different 5 male and 5 female speakers
were used as the signal from the second sound source. The
powers of two source signals were set to be the same with each
other. In addition, diffuse noises were generated by using the
arbitrary noise field (ANF)-generator [19], in which the babble
noise from the NOISEX-92 database [20] was employed. The
diffuse noise was mixed with two source signals with the SNRs
from 0 dB to 20 dB at 5 dB intervals. The parameters were set
as K = 257, λTH = 5 dB, γTH = 0.9, β = 0.5, C = 5, and
PN = 2, and the histogram was constructed for the DoA bins
with 5 degree intervals.

We compared minRMSE [8] for the proposed and the
conventional methods [13]. As the number of sound sources
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Table 1: Average minRMSE’s for the conventional method ([13]), that with spectral masks only (mask), and the proposed method
(Prop.) depending on the SNR and the DoA of source #2 when RT60 = 200 ms.

source#2 −10 ◦ 10 ◦ 30 ◦ Average
method [13] mask Prop. [13] mask Prop. [13] mask Prop. [13] mask Prop.

SN
R

0 dB 21.51 15.23 5.19 11.71 7.59 7.42 5.99 9.74 5.60 13.07 10.85 6.07
5 dB 22.04 12.35 1.87 9.78 7.41 6.52 5.61 5.84 4.04 12.47 8.53 4.14

10 dB 17.60 9.11 1.85 7.71 6.22 5.11 5.46 4.02 3.07 10.26 6.45 3.34
15 dB 11.29 6.67 2.03 7.00 6.08 4.83 5.32 3.00 3.21 7.87 5.25 3.36
20 dB 8.87 5.23 2.11 6.79 5.55 4.68 5.26 2.38 3.38 6.97 4.39 3.39

Average 16.26 9.72 2.61 8.60 6.57 5.71 5.53 5.00 3.86 10.13 7.10 4.06

Table 2: Average minRMSE’s for the conventional method ([13]), that with spectral masks only (mask), and the proposed method
(Prop.) depending on the reverberation time and the DoA of source #2 when SNR = 20 dB.

source#2 −10 ◦ 10 ◦ 30 ◦ Average
method [13] mask Prop. [13] mask Prop. [13] mask Prop. [13] mask Prop.

R
T

6
0

1.0 s 22.63 15.60 13.96 10.52 8.91 8.79 10.05 13.44 10.66 14.40 12.65 11.14
0.8 s 22.86 14.35 12.00 10.76 8.42 8.67 9.99 12.59 9.92 14.53 11.79 10.19
0.6 s 22.98 11.64 10.49 10.56 8.34 8.10 9.85 11.38 7.87 14.46 10.45 8.82
0.4 s 23.99 7.82 8.30 9.48 8.17 7.33 8.75 8.05 5.48 14.07 8.01 7.04
0.2 s 12.14 5.23 2.11 6.35 5.55 4.68 5.49 2.38 3.38 7.99 4.39 3.39

Average 20.92 10.93 9.37 9.53 7.88 7.51 8.83 9.57 7.46 13.09 9.46 8.12

is two and the number of estimated sources is also two for the
most of the cases, the minRMSE is defined as the minimum
of the RMSEs for the possible source assignments:

minRMSE = min(RMSE12, RMSE21), (15)

where

RMSE12 =

√(
(θ1 − θ̂1)2 + (θ2 − θ̂2)2

)
/2, (16)

RMSE21 =

√(
(θ2 − θ̂1)2 + (θ1 − θ̂2)2

)
/2, (17)

in which θ1 and θ2 denote the true DoAs of the two sources.
If the number of estimated sources was 1, which was 0.7%
of the cases, we used θ̂1 instead of θ̂2. If the number of esti-
mated sources was more than 2, which was 1.4% of the cases,
minRMSE was computed for first two DoA estimates.

Table 1 shows the average minRMSE depending on the
SNR and the DoA of the second source when the RT60 was
fixed at 200 ms. 1500 utterances were used in this experi-
ment in total (10 utterances for source 1 × 10 utterances for
source 2 × 5 SNRs × 3 positions of source 2). The 95% confi-
dence intervals for the average of all the cases in the first exper-
iment were 0.370, 0.448, and 0.266 for [13], that with spectral
masks only, and the proposed method, respectively. We can see
that the proposed method outperformed the phase replication
method in [13] in all the cases, especially when two sources
are located close to each other. It is noted that the performance
of two source localization gets better when the DoA difference
between two sources gets bigger, and when the sources are lo-
cated near the broadside direction. These two effects made the
minRMSE not a monotonic function of the DoA for the sec-
ond source. By applying spectral masks, we could obtain better
performance than [13] except a few cases with low SNRs. The
proposed method with both spectral masks and modified his-
togram with equal contribution from all frequency bins further
improved the performance. Table 2 shows the performance ac-
cording to the RT60 and the DoA of the second source when

the SNR was fixed at 20 dB. As in the first experiment, 1500
utterances were used in total. The 95% confidence intervals for
the average of all the cases in the second experiment were 0.363,
0.433, and 0.385, respectively. We can see that the proposed
method showed superior performance for most of the cases. As
in the first experiment, applying spectral masks improved per-
formance for most of the cases and the probabilistic voting fur-
ther enhance the performance. From the experimental results,
we could confirm that the proposed spectral masks and the prob-
abilistic voting enhanced the performance of the SSL using the
phase replication method.

5. Conclusions

In this paper, we propose a sound source localization method to
improve the phase replication method so that each frequency bin
with a directional audio signal contributes equally when con-
structing the DoA histogram. Spectral masks based on the local
SNR and the coherence between microphone signals were con-
structed to exclude the T-F bins without directional audio sig-
nals. The probabilistic voting scheme was also applied so that
high frequencies with spatial aliasing do not contribute more
to the sound source localization than low frequencies. Experi-
mental results showed that the proposed method outperformed
the conventional approach under various noisy and reverberant
environments.
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