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Abstract

This paper presents a new method of sound segregation based
on zero-crossings generated from binaural filter-bank outputs.
In our approach, sound source directions are identified using
the spatial cues such as inter-aural time differences (ITDs)
and inter-aural intensity differences (IIDs). The estimation of
ITDs is performed using zero-crossings generated from binau-
ral filter-bank outputs to get more reliable ITD samples in noisy
environments. We also consider the estimation of ITDs with the
aid of IID samples to cope with the phase ambiguities of ITD
samples in high frequencies. As a result, the proposed method
is able to provide an accurate estimate of sound source direc-
tions which gives us a good masking scheme for sound segrega-
tion while offering significantly less computational complexity
compared to cross-correlation based methods.

1. Introduction
In the human auditory system, a sound source is localized by
disparity cues obtained from both ears. The main cues are the
inter-aural time differences (ITDs) and inter-aural intensity dif-
ferences (IIDs). Sound source localization plays an important
role in the selection of a specific sound source. Using the cues
of ITDs and IIDs, in the human auditory system a specific sound
source can be selected and well recognized even in noisy envi-
ronments. The cocktail party problem is one example of this
type of situation; however, in this case, exact sound source lo-
calization is required even in the noisy environment. For these
spatial cues, it is widely known that ITDs are the main cues
used at low frequencies less than 1.5 KHz while IIDs are used
in the high frequency range[1]. In these cues, ITDs can be eas-
ily affected by the background noise while IIDs are more robust
to background noise assuming that the background has uniform
power in both ears. However, sound source localization using
IIDs alone is not as accurate as the method using ITDs at low
frequencies and the best results may be obtained by combin-
ing both ITDs and IIDs[2]. For computing ITDs, Jeffress[3]
suggested a simple and intuitive hypothesis to measure ITDs in
the auditory system. Motivated by Jeffress’s model, Stern and
Colburn[4] suggested the sound source localization method us-
ing the cross-correlation between binuaral filter-bank outputs;
however, cross-correlation based methods require high com-
putational complexity involved in the computation of cross-
correlations, and they suffer from inaccuracies in estimating the
ITDs, especially in noisy multi-source environments since some

artificial peaks in addition to the major peaks corresponding to
sound sources are usually generated from the computation of
cross-correlations. In this context, we propose a method using
zero-crossings generated from binaural filter-bank outputs for
an accurate and efficient estimation of ITDs in noisy environ-
ments.

Zero-crossings can be used to find noise-robust speech fea-
tures. One example of such a feature is the zero-crossing peak-
amplitudes (ZCPAs) proposed by Kim et al[5]. They consid-
ered a model of the neural transduction of acoustic signals based
on two parallel mechanisms of auditory nerve fibers: rate and
temporal representations. They demonstrated that the auditory
model based on zero-crossing features is more robust in noisy
environments than other popularly used feature extraction meth-
ods, such as LPCC or MFCC. This is mainly due to the dom-
inant frequency principle[6] which states that the number of
zero-crossings per unit time is close to the frequency of the
dominant signal when one exists. From this observation, we
propose a method of estimating ITDs using the temporal differ-
ences of binaural zero-crossings of binaural signals generated
from the filter-bank outputs of the left and right sensors. This
approach is in accordance with Jeffress’s hypothesis in which
the time difference is actually measured using delay compo-
nents and coincidence detectors. In this approach, one of the
notable properties in the statistics of the ITD samples is that
their variances are closely related to the signal-to-noise ratios
(SNRs) of the measured samples, enabling us to identify reli-
able samples according to the variances of ITD samples. By
combining the ZCPA coding and the identification of reliable
samples, the suggested method is able to provide an accurate
estimate of ITDs. However, the estimation of ITDs is difficult
due to the phase ambiguities in high frequencies. From this
point of view, we consider a method of selecting ITD samples
according to the estimation of sound source directions using IID
samples. As a result, the proposed method is able to provide
an accurate estimate of sound source directions and is robust
to noise while offering significantly less computational com-
plexity compared to cross-correlation based methods. In our
approach, a specific sound source mixed with multiple sound
sources is segregated using the masking scheme in which sound
segments in the time-frequency domain originated from a spe-
cific sound source are selected and other sound segments origi-
nated from interfering sound sources are blocked. Through the
simulation of sound segregation, we have shown that the sug-
gested method of sound segregation is effective and comparable
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Figure 1: The ZCPA coding: the signal is represented by the
time at which upward zero-crossing occurs and the peak ampli-
tude within the zero-crossing interval.

to the segregation method using trained masks[2].

2. Estimation of ITDs using Zero-Crossings
The ZCPA coding of a speech signal was motivated by auditory
signal processing. In this coding, a synchronous neural firing is
represented by the upward-going zero-crossing event of the sig-
nal at the output of each bandpass filter. Each peak-amplitude
between successive zero-crossings is detected and used to sim-
ulate the neuronal firing rate. To explain the ZCPA coding, let
us denote xi(t) as the output signal of the ith channel of the
filter-bank. Suppose there are N (upward) zero-crossings, and
zero-crossing times are represented by tn, n = 1, 2, · · · , N
satisfying xi(tn) = 0. Then, the ZCPA coded signal x̃i(t) is
represented by

x̃i(t) =

{
max

tn−1<t≤tn

xi(t) if t = tn

0 otherwise
(1)

for n = 1, 2, · · · , N where t0 represents the starting time of
xi(t). The concept of ZCPA coding is illustrated in Figure 1.
Here, we assume that the sound source is captured by two sen-
sors, left and right. To distinguish the signal from the left and
right sensors, we use x̃L

i (t) and x̃R
i (t) as the ZCPA coded signal

at the ith channel of the left and right sensors, respectively.
We now describe the principle of determining the ITD us-

ing zero-crossings. First, let us consider the ZCPA coded sig-
nals x̃L

i (tLn) for n = 1, 2, · · · , N , and x̃R
i (tRm) for m =

1, 2, · · · , M , where N and M represent the number of zero-
crossings generated from the left and right sensors, respectively.
Here, we define the interaural time difference ∆ti(n) at the ith
channel as

∆ti(n) = tLn − tRk (2)

using the left sensor as the reference, and k is an index such that

||tLn − tRk || = min
m

||tLn − tRm||. (3)

In other words, ∆ti(n) is the minimum time difference from
time tLn in the left sensor signal to the nearest zero-crossing
time tRk in the right sensor signal. In general, there is perturba-
tion when we measure the value of (2) due to the environmental
noise and/or measurement error. This can be described by the
following equations:

tLn = t̄Ln + rLn and (4)

tRk = t̄Rk + rRk , (5)

where t̄Ln and t̄Rk represent the zero-crossing points without
noise in the left and right sensor signals respectively, and rL

n

and rRk represent the perturbation of zero-crossing points due to
noise in the left and right sensor signals respectively. Here, we
assume that both rL

n and rRk are identically and independently
distributed with mean zero.

Suppose there is an intrinsic time delay ∆ between two sen-
sors, that is,

t̄Ln = t̄Rk + ∆. (6)

Then, the mean and the variance of the time difference ∆ti(n)
are given by

E[∆ti(n)] = E[∆ + rLn − rRk ] = ∆ and (7)

V ar(∆ti(n)) = E[(∆ti(n) − ∆)2]

= V ar(rLn ) + V ar(rRk ) (8)

since we assume that rL
n and rRk are independent of each other

and have zero mean. Here, we need to analyze the variances of
perturbation, V ar(rL

n ) and V ar(rRn ). To analyze these, let us
assume that the ith channel of the filter-bank is an ideal band-
pass filter with center frequency wc and bandwidth 2b. In this
bandpass filter, we assume that a tone pulse is given and the
right sensor receives the attenuated and delayed signal com-
pared to the left sensor. That is, the ith filter-bank outputs of
the left and right sensors are given as follows:

xL
i (t) = A sin(wt + φ) + BvL(t) (9)

xR
i (t) = A

′
sin(w(t − ∆) + φ) + BvR(t), (10)

where vL(t) and vR(t) are white random noises having zero
mean and unit variance, and A and B are magnitudes of signal
and noise, respectively. Here, we assume that A

′
is the atten-

uated magnitude of A and w lies between wc − b and wc + b.
Then, we can show that the variance of ∆ti(n) is determined
by

V ar(∆ti(n)) ≈ 1

2w2
(

1

10SNRL/10
+

1

10SNRR/10
). (11)

If A = A
′
, that is, there is no intensity difference between two

sensors, the SNR of the filtered signal can be approximated as

SNR ≈ 10 log10

1

w2V ar(∆ti(n))
. (12)

The above equation implies that the SNR of the filtered signal
can be described by the variance of ITD samples and also the
frequency of the filtered signal. Using this estimation, reliable
ITD samples can be identified and the estimation of ITDs can be
robust to noise while offering significantly less computational
complexity compared to cross-correlation based methods[7].

3. Sound Segregation Algorithm
In this section, we describe the algorithm for sound segregation
based on the sound source localization using zero-crossings.
Here, we assume that the sound source is captured by two sen-
sors, L and R. Sensor L is used as the reference sensor, that is,
∆ti(n) is estimated from sensor L. In this estimation, the iden-
tification of the reliable ITD samples with high SNR is neces-
sary to determine the direction of the sound source accurately.



For this purpose, we can consider the identification of reliable
ITD samples using (12). Here, we assume that the sound source
localization using zero-crossings[7] is done so that we get ITDs
ITD(i), i = 1, · · · , K corresponding to K sound sources. Af-
ter the sound source localization, the sound segregation algo-
rithm based on the sound source localization using the binau-
ral zero-crossing time differences (ZCTDs) can be suggested as
follows:

Step 1. (ZCPA coding) The output of each channel of the filter-
bank is encoded by zero-crossings and peak amplitudes,
that is the ZCPA coding such as (1).

Step 2. (Measuring ITD values) For each zero-crossing point
in the left sensor, ITD values within a window of s zero-
crossings in the right sensor are measured. For each ITD
value, the source angle θITD is estimated from the plot
of ITD versus angle.

Step 3. (Measuring IID values) For each zero-crossing point in
the left sensor, the power within a window of s zero-
crossings is measured. Similarly, the power for each
zero-crossing point in the right sensor is measured. From
the power difference between zero-crossing points in the
left and right sensors, IID value can be measured. Then,
the source angle θIID is estimated from the plot of IID
versus angle.

Step 4. (Estimating ITD and IID values) For each zero-
crossing point in the left sensor, compare two types of
source angles θITD and θIID within a window of s zero-
crossings in the right sensor. Among them, select an ITD
and IID value pair which has the smallest difference be-
tween two types of source angles.

Step 5. (Estimating the power of target source) For each frame
at time τ and frequency w, the following procedure is
applied:

• For (ITDi, IIDi), i = 1, · · · , M value pairs as-
sociated with M zero-crossing points in a frame,
select the nearest sound source from the ITD
value. Then, the zero-crossing point is assigned
to the selected sound source, they are, ITD(i),
i = 1, · · · , K.

• For each zero-crossing point in a frame, the signal
power pi within a window of s zero-crossings are
calculated.

• For each sound source, the signal powers associ-
ated with the assigned zero-crossings are accumu-
lated:
for j = 1, · · · , K,
Pj ← 0
for i = 1, · · · , M ,
Pj ← Pj + pi

if |ITDi−ITD(j)| = mink |ITDi−ITD(k)|
Step 6. (Masking of frames) For each frame at time τ and fre-

quency w, the accumulated power for the selected sound
source (or target sound source) is compared with the
powers for other sound sources. If the power for the tar-
get sound source is larger than the sum of powers for
other sound sources, the masking value of the frame is 1
(passing). Otherwise, the masking value of the frame is

0 (blocking). Suppose the target sound source is the jth
sound source. Then,

M(τ, w) =

{
1 if Pj >

∑
i�=j Pi

0 otherwise
(13)

In principle, the suggested algorithm determines which source
is originated for each zero-crossing using ITD and IID value
pair. The masking is done by comparing the powers associated
with zero-crossings. In this approach, the advantages of using
zero-crossings[5, 7] are 1) the robustness to noise due to dom-
inant frequency principle and 2) the computational complexity
involved in estimating ITDs.

4. Simulation
For the simulation of sound segregation, the sound sources were
transformed by the Head-Related-Transfer-Function (HRTF)[8]
and decomposed by a gama-tone filter-bank composed of 128
channels, in which the center frequency of each channel was
between 0.08 and 5.0 KHz. Here, the sine waves correspond-
ing to the center frequency of each channel of the filter-bank
were generated and located at a certain angle from the frontal
axis of the head. Then, the ITDs at each channel of the filter-
bank were estimated and a plot of the sound source angle ver-
sus ITD was made. Similarly, the IIDs at each channel of the
filter-bank were estimated and a plot of the sound source angle
versus IID was made. In this simulation, we used the data set
collected by Cooke[9] which contains ten voiced speech sig-
nals and ten noise intrusions, encompassing a variety of com-
mon acoustic interferences such as telephone ring, rock music,
and other speech utterances. We assume that the target sound
source was located at the frontal axis, that is, 0 degree, and
the interfering sound source was locate at 5 or 30 degree in the
two source case while located at -5 and 5 degrees or -30 and
30 degrees in the three source case. The simulation of sound
segregation was made using the suggested ZCTD method and
cross-correlation based methods: 1) the ITD value consistent
with the IID value was selected among the ITD values corre-
sponding to the peak values of the histogram of ITD values
generated by the cross-correlation method and masking was de-
cided according the nearest sound source ITD value (CCNN),
and 2) the ITD value was estimated using the cross-correlation
method and masking was performed on the ITD-IID space us-
ing the previously learned masks[2] from sound samples with
the given spatial configuration (CCLM). To measure the perfor-
mance of sound segregation, the preserved-signal ratio (PSR),
signal-to-interference ratio (SIR), and W-disjoint orthogonal-
ity (WDO)[10] were considered. Here, for the given time-
frequency mask M(τ, w), the PSR and SIR were given as
follows:

PSR =

∑
τ

∑
w |M(τ, w)sT (τ, w)|2∑
τ

∑
w |sT (τ, w)|2 and (14)

SIR =

∑
τ

∑
w |M(τ, w)sT (τ, w)|2∑

τ

∑
w |M(τ, w)sI(τ, w)|2 (15)

where sT (τ, w) and sI(τ, w) represented the target and inter-
fering signals at time τ and frequency w respectively. The PSR
value described the portion of energy of the target source signal
remaining after segregation using the mask while the SIR value
described the output signal-to-interference ratio after using the
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Figure 2: Sound segregation for two sources (a) located at 0
and 5 degrees, and (b) located at 0 and 30 degrees: the white,
gray, and black bars represent the CCNN, CCLM, and ZCTD
methods respectively.

mask for segregation. The PSR and SIR can be combined into
one measure, the W-disjoint orthogonality (WDO) defined as
follow:

WDO = PSR − PSR/SIR (16)

For any mask M , the maximum attainable WDO value was 1,
that is, PSR = 1 and SIR = ∞ at which the mask M per-
fectly separates the target source from the interfering sources.
The simulation results of average PSRs, SIRs, and WDOs for
100 trials using the CCNN, CCLM, and ZCTD methods for
sound segregation were illustrated in Figures 2 and 3. These re-
sults showed that 1) the ZCTD method outperformed the CCNN
method in all aspects, 2) and gave some merits in PSRs and de-
merits in SIRs for three sources, and the similar performance
on WDOs for two and three sources compared to the CCLM
method. Overall, the ZCTD method showed the comparable
performance with the CCLM method without the need of learn-
ing masks for every spatial configuration.

5. Conclusion
We have suggested a method of sound source segregation us-
ing the masking method in which ITDs are estimated using
zero-crossings generated from binaural filter-bank outputs to
get more reliable ITD samples in noisy environments. We also
consider the estimation of ITDs with the aid of IID samples to
cope with the phase ambiguities of ITD samples in high fre-
quencies. As a result, the proposed method is able to provide
an accurate estimate of sound source directions which gives us
a good masking scheme for sound segregation while offering
significantly less computational complexity compared to cross-
correlation based methods. Simulation results for sound segre-
gation in various interfering sound sources show that the sug-
gested method gives us the better performance than the cross-
correlation based method and the comparable performance with
the masking method using trained masks which should be ad-
justed for every spatial configuration. The good features of the
suggested method are 1) the less computational complexity than
the cross-correlation based methods, 2) the robustness to noise,
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Figure 3: Sound segregation for three sources (a) located at
-5, 0, and 5 degrees, and (b) located at -30, 0, and 30 degrees:
the white, gray, and black bars represent the CCNN, CCLM,
and ZCTD methods respectively.

3) no need to train the masks before performing sound segre-
gation, and 4) the comparable performance with the masking
method using trained masks.
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