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The localization performance of the source localization algorithms degrades in reverberant
conditions. The performance of one such localization algorithm, the localization–extraction
(LE) algorithm, was measured systematically as a function of the number of reflecting
surfaces in a cubical enclosure. Localization was qualitatively measured using a localization
plot and quantized using two objective parameters. A broad-band noise burst and a speech
signal were used as stimuli. The degradation of the localization performance was monotonic
but not uniform with an increase in the number of reflectors. The performance was found to
be proportional to the bandwidth of the stimulus. The performance of the LE algorithm was
benchmarked against that of a commonly used signal-subspace technique—multiple signal
classification (MUSIC). The LE algorithm was less affected by reflections than the MUSIC
algorithm. Degradation of the source localization under high reverberation was found to be
more severe at low frequencies, which resulted in the detection of a “phantom” source at 0°
for the speech signal.

0 INTRODUCTION

Reverberation severely affects human listening as well
as the performance of binaural hearing aids. The perfor-
mance of a binaural target-extraction algorithm for hearing
aids degrades in reverberant conditions [1], [2], which can
lead to poor performance of hearing aids. The binaural
hearing-aid performance critically depends on the perfor-
mance of the source localization algorithm in the hearing
aids. Source localization is known to be adversely affected
by reflections and reverberation [3]–[6]. Reflections from
a reflecting surface interact with the source signal and
affect the acoustic cues that are necessary for source lo-
cation. In the presence of multiple reflecting surfaces,
multiple reflections of sound result in a reverberant tail
after the early reflections [7], making the acoustic scene
more complex and the task of source localization more
difficult. The human localization performance was mea-
sured quantitatively and found to degrade in the presence
of one reflector [8] and six reflectors [9]. Such a system-

atic measurement of the effect of multiple reflecting sur-
faces on the performance of a localization algorithm is not
available. In this study the source localization was mea-
sured as a function of the number of reflecting surfaces.

The localization–extraction (LE) algorithm [10] was
primarily used to measure the source localization. A
source localization algorithm can estimate the spatial dis-
tribution of coherent acoustic energy [11]. We call the
graphical representation of this distribution a localization
plot. The interaural cross correlation [12], the intermicro-
phone phase correlation [13], and a histogram of the de-
tected direction of arrival [10], [14], [15] represent func-
tionally similar information. Visual inspection of the
localization plots and a statistical analysis of the error in
the detected location of the source peak are the two com-
monly used techniques for analyzing localization perfor-
mance [5], [10], [14], [16]. In order to compare the source
localization for different conditions, it is necessary to
quantify the localization performance. While there is no
consistently used standard metric for quantifying localiza-
tion performance, parameters such as percentage of correct
responses [10], source peak amplitude [11], [15], [16], and
standard deviation [4], [16] have been used in the past.
Two such objective parameters (the peak amplitude and
the variance, see Section 1.4) estimated from the localiza-
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tion plots were used in this study to quantify and compare
the localization performances.

The effect of reflectors on source localization was ana-
lyzed quantitatively using the signals recorded with two
microphones in an acoustically controlled environment.
The analysis was restricted to localization in azimuth only.
The process of generating localization plots and calculat-
ing objective parameters was completely automated using
MATLAB code. The performance of the LE algorithm was
compared against that of a commonly used signal-subspace
technique, multiple signal classification (MUSIC) [11]. Both
localization algorithms showed monotonic degradation with
increasing reverberation and the appearance of a “phan-
tom” source for speech signals under high reverberation.

1 METHOD

1.1 Recording Setup
The microphone signals were recorded inside a ply-

wood cube. The cube of size 1.83 m × 1.79 m × 1.83 m
was constructed from approximately 1-inch-thick plywood
panels. A loudspeaker and a pair of microphones were
placed near the opposite corners of the cube at approxi-
mately 1.50 m from each other [Fig. 1(a)] to minimize the
near-field effect of the loudspeaker. The playback of

sounds and recording of the microphone signals were both
controlled using MATLAB code on a laptop computer
(Sony-VIAO, P4, WinXP). A power amplifier (ADCOM,
GFA-535II) amplified the signals to drive the loudspeaker
(ADS-L200e). The output of a pair of omnidirectional
microphones (Sennheiser, MKE-2GOLD) was connected
to the sound recording device (Sound Devices Inc.,
USBPre), which was interfaced to the laptop through a
USB port. Both playback and recording were done at CD
quality (16 bit, 44.1 kHz). Recorded signals were stored as
WAV files and analyzed off line.

The acoustic output of the loudspeaker may induce vi-
brations in the loudspeaker stand, which can adversely
alter the loudspeaker response. Therefore a piece of acous-
tic foam was placed between the stand and the loudspeaker
to minimize the mechanical coupling between the two. A
similar technique was used to isolate the microphones me-
chanically from the microphone stand. The microphones
were separated by 0.15 m and were adjusted to be in the
horizontal plane of the loudspeaker.

The walls of the cube, including floor and ceiling, were
converted into sound absorbers by fixing a 2-inch-thick
layer of acoustic foam on plywood material inside the
cube. Table 1 shows the absorption coefficient � of the
foam as a function of frequency. The actual measurements
indicated that the overall absorption coefficient of the
foam was 0.85, that of the plywood was 0.19. The foam
was removed from the walls, one at a time, to obtain the
following six acoustically different conditions [see Fig. 1(a)]:

• No reflector (R � 0): All six surfaces with absorbing
foam (RT60 ≈ 0.18 s)

• One reflector (R � 1): One (CD) reflecting surface
(RT60 ≈ 0.18 s)

• Two reflectors (R � 2): Two (AB, CD) reflecting sur-
faces (RT60 ≈ 0.25 s)

• Three reflectors (R � 3): Three (AB, BC, CD) reflect-
ing surface (RT60 ≈ 0.28 s)

• Four reflectors (R � 4): Four (AB, BC, CD, DA) re-
flecting surfaces (RT60 ≈ 0.60 s)

• Six reflectors (R � 6): Six reflecting surfaces, including
ceiling and floor (RT60 ≈ 1.0 s).

The approximate values of the 60-dB reverberation
times (RT60) were obtained from the room impulse re-
sponse (RIR) estimated using a maximum length sequence
(MLS) signal [17]. The RIRs hit the noise floor after a
15–20-dB decay. The 60-dB decay point was therefore
obtained by extrapolating from the early decay in the RIR
by manually fitting a straight line to the decay curve. The
RT60 values indicate the degree of reverberation for dif-
ferent acoustic conditions inside the plywood cube.

Table 1. Frequency-dependent absorption coefficient (�) of acoustic foam (melamine RPG ProFoam™) per
technical specifications.

Frequency (Hz) 100 160 200 250 315 400 500 625
� 0.14 0.13 0.16 0.30 0.42 0.66 1.08 1.26

Frequency (Hz) 800 1000 1250 1600 2000 2500 3150 4000
� 1.14 1.11 1.00 0.96 0.99 0.99 1.03 1.01

Fig. 1. (a) Top view of plywood cube used for recording signals.
Shaded region near corner A shows entrance to cube. (b) Refer-
ence for determining source azimuth with respect to microphones.
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Due to the small size of the plywood cube, it was not
possible to change the source azimuth by moving the loud-
speaker. Instead, three source azimuth positions were ob-
tained by rotating the microphone pair. The microphone
pair was initially oriented parallel to side AB [Fig. 1(a)],
so that the loudspeaker was at −45° with respect to the
frame of reference, shown in Fig. 1(b). The microphone
pair was rotated to achieve orientations of 0° and +45°.

1.2 Signals
A speech signal (“The North Wind and the Sun,” US-

English female talker from narrative recordings of Inter-
national Phonetic Association) and a broad-band Gaussian
white-noise signal (cutoff at 20 kHz) were used as input
sounds at the source. The signals and their spectra are
shown in Fig. 2. The energy in the speech signal is con-
centrated at frequencies below 11 kHz. White Gaussian
noise of 0.3-ms duration was generated using the randn
function in MATLAB. Both signals were stored in 16-bit
44.1-kHz WAV format.

In addition to the two signals, an MLS signal was also
played for calibration. The sound pressure level (SPL) for
the MLS signal was measured using a sound level meter
(B&K 2260 Investigator) and was 78.5 dB SPL with uni-
form frequency weights. Using the measured SPL for the
MLS signal, the playback level of white noise and speech
was determined to be 65.5 and 65.0 dB SPL, respectively,
in the absence of reflectors. The ambient noise level was
38.2 dB SPL in the absence of reflectors and 43.2 dB SPL
in the presence of six reflectors. The increase in the am-
bient noise was due to noise leakage from outside the

plywood cube after removal of the acoustic foam. Thus the
average signal-to-noise ratio (SNR) was about 25 dB. Fur-
thermore the spectral analysis of the noise showed that
76.5% of the background noise energy was at frequencies
below 200 Hz. Thus the background noise was negligible
with respect to the signal at frequencies above 200 Hz.

1.3 Localization Algorithms

1.3.1 Localization–Extraction (LE) Algorithm
The LE algorithm [10] is based on a delay-line model of

the localization mechanism in the human midbrain, pro-
posed by Jeffress [18]. LE localizes sources in the frontal
half of the horizontal plane and extracts the selected
sources. We used only the localization part of the algorithm.

The LE is a frequency-based algorithm, that is, the
source is localized independently in each frequency bin. In
each frequency bin a dual delay line adds phase delays to
the signal in one channel and advances the phase of the
signal in the other channel, in uniform steps, and subtracts
the pairs of phase-modified outputs. When the phase dif-
ference between the two channels, introduced by the delay
lines, compensates for the intermicrophone phase delay,
the difference between the pair of phase-modified outputs
is minimum. Thus each subtraction unit corresponds to a
particular intermicrophone phase difference (IPD), which
in turn is mapped to intermicrophone time difference
(ITD). This mapping is not one to one for wavelengths
smaller than twice the intermicrophone distance, and so
multiple ITDs can result in the same IPD [10]. The ITD,
however, has a one-to-one mapping with the azimuth in

Fig. 2. Signals used. (a) White noise and speech. (b) Corresponding power spectral densities.
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the frontal horizontal plane. Thus a source at a particular
azimuth will give rise to “ambiguous” sources at all those
azimuths that yield the same IPD as that yielded by the
true azimuth. The number and location of the ambiguous
sources depend on the frequency, giving rise to the ambi-
guity contours in the coincidence plot [Fig. 3(a)], which is
a plot of detected source azimuth in each frequency bin.
When the coincidence plot is summed over frequency, we
get an ensemble of detected source locations, called the
localization plot [Fig. 3(b)]. The multiple contours, visible
in the coincidence plots, are due to the phase ambiguity.
The contour corresponding to the correct source location is
almost a vertical line because the ITD for the actual source
location is constant at all frequencies. The ambiguity con-
tours are curved as the phase-ambiguous ITDs change
with frequency. There are more phase ambiguities at
higher frequencies than at lower frequencies.

It should be noted that although the LE algorithm is
biologically inspired, it deals only with IPD and does not
take into account the intermicrophone intensity difference
(IID), which is an important localization cue for mammals.
Interaural intensity cues, primarily caused by the head
shadow, are particularly helpful at higher frequencies,
where IPD produces location ambiguities. IID information
may be useful in applications such as the binaural hearing
aid, but is not relevant to localization using the free-field
microphones.

In the MATLAB implementation of the LE algorithm that
was used in this study, the azimuth in the frontal plane
(−90° to +90°) was divided into 361 ITD bins with equal
time-delay increments. When the intermicrophone dis-
tance d is very small compared to the source–microphone
distance, the intermicrophone time difference � is related
to the azimuth � by the trigonometric relationship

� =
d

c
� sin � (1)

where c � 343 m/s is the speed of sound. The azimuth
corresponding to each bin varies nonlinearly from −90° to

+90°, with the best angular resolution available in the
medial plane, that is, at 0°, where the ITD is also zero.

The signals were windowed using a 5-ms Hamming
window with 1.25-ms overlap. The windowed signals
were filtered in 1024 equally spaced frequency bins via a
2048-point fast Fourier transform. A coincidence plot and
a localization plot were obtained for each time frame.

1.3.2 Multiple-Signal-Classification
(MUSIC) Algorithm

MUSIC [11] is a covariance-based localization algo-
rithm that estimates the direction of arrival (DOA) of wave
fronts arriving from multiple sources using the eigenstruc-
ture of the covariance matrix of the input signal. MUSIC
models the data as a superposition of point sources and
uncorrelated noise. If there are M sensors and D sources,
then the covariance matrix has D nonzero eigenvalues, and
the eigenvectors corresponding to them constitute the sig-
nal subspace. The remaining N eigenvectors that corre-
spond to the zero eigenvalues constitute the noise sub-
space, where N = MD. If E(�) is the M × N matrix of the
eigenvectors in the noise subspace and if a(�) is the steer-
ing vector that characterizes the amplitude and the phase
of a wave front arriving from azimuth � (that is, the DOA),
then the energy is given by

P��� =
1

a*��� � E��� � E*��� � a���
(2)

where * represents the complex conjugate. The contour
P(�) is, by definition, the localization plot.

A frequency-based MUSIC localization algorithm that
localizes the sources independently in each frequency bin
was used for this study. For P(�) to resolve D sources, the
condition D < M should be met, and because the value of
M, that is, the number of sensors, for this experiment is 2,
the maximum value that D can have is 1. In other words,
with two microphones the frequency-based MUSIC local-
ization algorithm cannot localize more than one source in
each frequency bin. However, it can detect different
sources in different frequency bins, depending on the dis-
tribution of the spectral strength of the sources.

A MATLAB implementation [19] of the two-dimensional
MUSIC algorithm was used for this study. The number of
ITD bins was set to 361 in order to be consistent with the
implementation of the LE algorithm.

1.4 Localization Plot and Objective Parameters
Localization plots have been used commonly to quali-

tatively report the performance of localization algorithms.
A localization plot is an ensemble of detected source lo-
calizations as a function of azimuth and is obtained by
summing the coincidence plot over frequency. Therefore
the localization plots obtained by integrating over different
frequency ranges and different lengths of the signal cannot
be compared directly. However, a localization plot, when
normalized to have unit area under the curve, becomes an
empirical probability distribution of detecting a source as
a function of azimuth and can be compared across differ-
ent conditions. The ordinate to the normalized localization

Fig. 3. (a) Typical coincidence plot for white-noise signal, no-
reflector condition. (b) Corresponding localization plot. Ordi-
nate-Relative detection amplitude (RDA).
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plot is labeled relative detection amplitude (RDA) [Fig.
3(b)]. In this study the localization performances of both
algorithms were quantized using a set of two objective
parameters that were extracted from the localization plot.
The two objective parameters are as follows.

1) Relative detection amplitude (RDA) of source peak
PS RDA is the amplitude of the source peak in the nor-
malized localization plots and is equivalent to the param-
eters normalized peak height [15] and percent correct
score [10], used in the past. A higher RDA value of the
source peak indicates a greater likelihood of localizing the
source.

2) Normalized variance of source peak VS The nor-
malized variance of the source peak located in the Sth ITD
bin is defined as

VS =
1

PS
�

1

����2 � V�S (3)

where

V�S =
1

2N + 1 �
n=S−N

S+N

Pn � ��n − S� � ���2 (4)

Here �� is the ITD bin width, that is, the time delay
between consecutive bins, and Pn is the relative detection
amplitude in the nth ITD bin. VS� is an estimate of the
centralized second moment of the source peak within ±N
bins about the detected source peak. The value of VS� de-
pends on the amplitude of the source peak. Because the
purpose of this parameter is to capture the shape, in par-
ticular, the width of the source peak, the effect of the
height of the source peak is removed by normalizing the
values of Pn, that is, dividing by the source amplitude PS.
Note that the factor PS can be taken out of the summation.
Finally, to make the quantity VS� dimensionless and inde-
pendent of the ITD bin width, it is normalized by dividing
by (2N + 1) to get the normalized variance VS. The value
of N is decided using the localization plot, so that (S ± N)
covers the source peak but avoids the adjoining peaks. The
value of N depends on the ITD bin width, and N � 15 was
used in this experiment. The normalized variance is a mea-
sure of the width or the spread of the source peak. The
spread of the source peak indicates the sharpness of the
source as perceived by the localizer. Thus the value of the
normalized variance of the source peak indicates the
sharpness of the localized source peak.

Calculating the objective parameters requires the azi-
muth of the detected source peak. Though it was easy to
visually locate the source peak in the localization plots, a
peak detection scheme was necessary to automate the pro-
cess. Peak detection became particularly difficult in rever-
berant conditions when the source peak in the localization
plot was not sharp. Also, it was necessary to distinguish
the source peak from the peaks that correspond to phase-
ambiguous locations. A simple peak detection algorithm
was used to detect the source peak location and was found
to be working effectively even in reverberant conditions.
The peak detection algorithm selected the highest peak
within ±30 ITD bins of the approximate source ITD (that

is, the ITD bin corresponding to one of the three source
locations −45°, 0°, and 45°) to be the detected source peak.

2 RESULTS

2.1 Effect of Signal Spectrum
Fig. 3(a) shows a typical coincidence plot for a white-

noise signal, and Fig. 3(b) shows the corresponding nor-
malized localization plot. The plots were obtained using
the LE algorithm in the absence of reflectors, with the
source (the loudspeaker) located at −45° azimuth and at a
distance of 1.50 m from the center of the microphone pair.
The source was localized at the correct azimuth for fre-
quencies up to 20 kHz for white noise [Fig. 3(a)] and up
to 11 kHz for speech [Fig. 4(a)], which matches the upper
cutoff of the bandwidths of the two signals (Fig. 2). Above
these frequencies there was very weak spectral energy in
the signals, and the source detection of the LE algorithm
was unreliable. When the coincidence plots were summed
over the entire frequency range, the localization plot for
the white-noise burst [Fig. 3(b)] showed a sharp peak at
the correct source azimuth, whereas the localization plot
for speech [Fig. 4(b)] showed a relatively smaller peak at
the correct source location. If the coincidence plot for speech
was summed over the frequency range of 0–10 kHz, then
the normalized localization plot showed a stronger source
peak [Fig. 4(c)]. Hence the coincidence plot was summed
from 0 to 10 kHz for further analysis with the speech
signal. Note that the localization plots were normalized
and hence could be compared directly, even if the coinci-
dence plots were summed over different frequency ranges.

Because the localization decisions in the LE algorithm
were based only on the ITDs and not on the IIDs, the
localization was not affected by the intensity of the signal.
This can be observed clearly in Fig. 5 The relative detec-
tion amplitude of the source peak PS was high when the

Fig. 4. (a) Typical coincidence plot in a time frame for speech
signal, no-reflector condition. (b), (c) Corresponding localization
plots when coincidence plot was summed; (b) over entire fre-
quency range; (c) from 0 to 10 kHz.
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spectrum was spread over a wide frequency range, inde-
pendent of the intensity of the signal.

2.2 Effect of Reflectors
Fig. 6 shows the time-averaged localization plots gen-

erated using LE for a source at −45°. It can be observed

that for both noise and speech, the source peak decreased
when the number of reflectors was increased, and it almost
diminished for two or more reflectors. As evident from the
objective parameters, the degradation of the source peak
was of two types: 1) the peak broadened and 2) it de-
creased in amplitude.

Fig. 5. Speech signal x(t), square of its amplitude |x(t)|2, spectrogram f (Hz), and corresponding RDA values PS(t). For calculating
RDA, coincidence plot was summed over 0–10 kHz. Solid lines at bottom show the approximate intervals when PS(t) is relatively
high.

Fig. 6. Time-averaged localization plots for six acoustic conditions. (a) White noise. (b) Speech. Source azimuth ≈ −45°. R denotes the
number of reflecting surfaces in each condition. Dashed vertical lines denote locations of detected source peaks. Note the difference
in ordinate limits of the localization plots for two signals.
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Figs. 7 and 8 show the means and the standard devia-
tions of the objective parameters for the three source azi-
muths (−45°, 0°, +45°) as a function of the number of
reflectors. The dotted lines with * markers show the ob-
jective parameter values at the intended source azimuth
when the source was off. This was the baseline perfor-
mance of the LE localizer. In the absence of any source,
the probability of detecting the source should be uniform
over all azimuth, and the localization plot should ideally
be flat with the amplitude equal to 1/(# azimuth bins) �
1/361 � 2.77 × 10−3. So theoretically, the baseline values
of the relative detection amplitude and the normalized
variance should be 2.77 × 10−3 and 80, respectively. The
mean values of the objective parameters for the LE algo-
rithm in the absence of a source were very close to the
theoretically expected values. This was a sanity check for
the localizer.

For white noise (Fig. 7) the mean value of the relative
detection amplitude decreased from about 0.014 in the
absence of reflectors to about 0.007 for six reflectors, a

change of 50%. In the presence of six reflectors, the mean
RDA value was close to the baseline performance. Com-
paratively, the mean value of the normalized variance of
the source was farther from the baseline performance. The
degradation of the objective parameters was greatest be-
tween one and four reflectors for white noise.

For the speech signal (Fig. 8) the change in the mean of
the normalized variance was within one standard deviation
for all conditions, but the mean RDA value decreased
significantly from one to two reflectors. The normalized
variance of the source peak for speech was always greater
than that for white noise, indicating that the source forms
a sharper peak with white noise. For the no-reflector and
one-reflector conditions, the relative detection amplitude
of the source peak was greater for white noise than for
speech.

For both signals the degradation of the objective param-
eters was relatively less when the source was at 0°. This
effect was more prominent for the speech signal. A closer
analysis of the localization plot revealed the appearance of

Fig. 7. Means and standard deviations for objective parameters. (a) RDA. (b) Normalized variance of source peak, obtained using LE
for white noise and for three source azimuths. * indicates baseline performance in ambient condition (absence of source).

Fig. 8. Means and standard deviations for objective parameters. (a) RDA. (b) Normalized variance of source peak, obtained using LE
for speech.
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a weak peak centered at 0°. This peak was particularly
significant for the speech signal in the presence of four or
more reflectors. The position of this “phantom” source
was always at 0°, irrespective of the source azimuth.

2.3 Comparison with MUSIC
The contours in the coincidence plots for MUSIC (not

shown) were almost identical to those for the LE algo-
rithm. Hence the coincidence plots were summed from 0
to 10 kHz for speech and over the entire frequency range
for white noise. As described in Section 1.3, the coinci-
dence plots for LE have the detected source azimuths,
whereas the coincidence plots for MUSIC have the am-
plitudes of cross correlation between the signal from one
microphone and the time-delayed signal from the other, as
a function of the time delay. The time delays are mapped
to the DOA according to Eq. (1). However, coincidence
plots and localization plots for both algorithms represent
the same information as far as localization is concerned.

MUSIC showed worse source localization (Fig. 9) than

LE (Fig. 6). The phantom source peak at 0° for the speech
signal is stronger and wider than that for LE, which masks
the localization in the adjacent ITD bins. The appearance
of the phantom source peak at the same location for the
speech signal is independent of the source azimuth and is
observed for both localization algorithms, although with
different magnitudes. This suggests that the phantom
source is a characteristic of the speech signal corrupted by
multiple reflections and reverberation, and not of the lo-
calization algorithm.

Implementation of the MUSIC algorithm used for this
study generated a single coincidence plot averaged over
the entire duration of the signal, which was then summed
over frequency to obtain a localization plot. Thus there
was only one objective parameter value per condition for
each of the two signals, and therefore there are no error
bars in the graphs of the objective parameters (Figs. 10 and
11). Also, the implementation of MUSIC was designed to
localize only when significant source energy was present.
So the baseline performance of MUSIC in the absence of

Fig. 9. Localization plots, obtained using MUSIC, for six acoustic conditions. (a) White noise. (b) Speech. Source azimuth ≈ −45°.
Dashed vertical lines denote locations of detected source peaks.

Fig. 10. Objective parameters. (a) RDA. (b) Normalized variance of source peak obtained using MUSIC for white noise and for three
source azimuths. * indicates theoretically expected value of baseline performance in ambient condition.
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a source could not be measured, and the theoretically ex-
pected values in the absence of a source are plotted for
reference (dotted line, * marker) on the objective param-
eter graphs.

Unlike LE, there was a significant change in the nor-
malized variance for both signals. However, similar to LE,
most of the degradation of the objective parameters was
between one and four reflectors for white noise and be-
tween one and two reflectors for speech. For speech, the
RDA value dropped below the baseline performance;
however, in the absence of error bars it was not possible to
know the significance of this effect. For white noise the
values of the objective parameters for MUSIC were al-
ways closer to the baseline performance than those for LE.
But for speech the localization parameters showed very
high performance when the source was at 0°. The high
performance in this case was not due to the actual source
peak, but to the phantom source peak that is generated at
0° by default.

3 DISCUSSION

The effect of the number of reflectors on source local-
ization was measured using the localization plots and
quantified using two objective parameters. There was a
monotonic degradation of the localization performance
with an increasing number of reflectors. The degradation
effect is of two types: the probability of correctly detecting
the source azimuth (given by RDA) decreased, and the
source appeared to “broaden” in azimuth, as suggested by
the increase in normalized variance. Both effects indicate
that qualitatively, early reflections and reverberation re-
duce the coherence in the source signal, making it appear
more diffused. Moreover, by quantifying the shape of the
source peak in terms of the objective parameters, it is now
possible to calibrate the localization performance in a re-
verberant room.

The performance of the frequency-based localization
algorithm depends on the bandwidth of the source signal.
Restricting the frequency range of summation for the co-

incidence plot to match the bandwidth of the speech signal
helped improve the localization performance for the
speech signal. However, the probability of localizing the
correct source azimuth was greater and the source image
was sharper for white noise than for the speech signal,
even after adjusting the frequency range of summation of
the coincidence plot for speech. The white noise, being a
wide-band stationary signal, spans the entire frequency
range of summation, resulting in consistently sharp source
peaks in the localization plot. Speech, however, is a quasi-
stationary signal, and its spectrum changes with time (Fig.
5). When the spectrum was wide enough in frequency to
cover the range of summation, which was 0–10 kHz, the
localization plot showed a strong source peak with a high
relative detection amplitude. However, when the speech
signal spectrum was narrow, the source peak had low am-
plitude, even if the speech signal was strong. Monitoring
the speech spectrum over time and changing the frequency
range of summation dynamically to match the time-
varying speech spectrum may improve the localization
performance for speech. Though human localization is
much more complex because of nonlinear effects such as
the precedence effect, human localization shows similar
patterns. For example, humans have higher localization
accuracy for wide-band noise or spectrally dense complex
tones than for low-frequency, slow-onset tones, both in an
absorbing room as well as in the presence of reflectors [8],
[9]. The source peak amplitude in a localization plot is
very high during the speech onset (∼0.1 s in Fig. 5), which
is characterized by a transient with broad spectrum. It is
known that the speech onsets also play an important role in
human localization [20]. The most likely reason for these
similarities is that the mammalian auditory system inte-
grates the localization information over frequency, and so
does a frequency-based localization algorithm. It should
be noted, however, that human localization performance is
much superior to the localization algorithms in reverberant
conditions due to complex operations in the human audi-
tory system, such as echo suppression and the ability to
latch on to a source after detecting its onset.

Fig. 11. Objective parameters. (a) RDA. (b) Normalized variance of source peak obtained using MUSIC for speech.
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Using an auditory filter bank instead of a Fourier trans-
form could be an alternative for improving the localization
of speech signals. This is because in an auditory filter bank
covering 0–20 kHz, with the center frequencies of the
filters given by the Greenwood function [21], about 82%
of the filters span the frequency range of 0–10 kHz while
the remaining filters span frequencies from 10 to 20 kHz.
Thus the frequencies up to 10 kHz, where the speech
energy is high, contribute much more to the localization
plot than the frequencies above 10 kHz. Using such a filter
bank may improve the localization performance for
speech, but it will adversely affect the localization of sig-
nals such as high-frequency tones, broad-band chirps, and
white noise. It may also boost the phantom source phe-
nomenon.

The reduction in localization performance, as quantized
by the objective parameters, was not uniform with the
increase in the number of reflectors. The reduction was
greatest from one to four reflectors for white noise, but it
was concentrated between one and two reflectors for
speech. The relative detection amplitude of the source
peak dropped very close to the baseline performance in the
presence of six reflectors. One of the important differences
between one reflector and two reflectors was that the two-
reflector condition had a pair of reflectors facing each
other, which creates persistent standing waves with a fre-
quency that depends on the distance between the reflec-
tors. There are two and three such pairs under four-
reflector and six-reflector conditions, respectively, which
gives rise to more complex normal modes or eigentones of
standing waves [22]. Higher eigentone density results in a
longer reverberation decay. This can be observed in the
relatively high jumps in the approximate reverberation
times (RT60) from one to two reflectors, from three to four
reflectors, and from four to six reflectors. A longer decay
causes more temporal smearing of the localization cues,
resulting in poorer localization performance.

The appearance of a phantom source at 0° azimuth for
speech in the presence of two or more reflecting surfaces
was the most interesting and intriguing result of this study.
The separation of the curves for �S � 0° from those for the
other two values of �S is much greater for the speech
signal than for the white noise, because the phantom peak
phenomenon was dominant for speech. No phantom
source was observed for white noise, suggesting that this
phenomenon must be dominant at lower frequencies,
where the speech energy is concentrated, while leaving the
higher frequency signals relatively less corrupted.

This argument was found to be true when the coinci-
dence plots for different conditions were compared (Fig.
12). In the presence of the two reflectors, the source is
localized at the correct location above 7 kHz, indicated by
the thick vertical strip at −45°, but the coincidence plot is
smeared out over the azimuth below 7 kHz. There is also
a faint vertical line at 0° from 2 to 7 kHz, which hints at
the formation of the phantom source. The phantom source,
though seen in the coincidence plots, is not seen in the
localization plots for white noise because the coincidence
plot is summed over the entire frequency range of 0–22.05
kHz for white noise and the phantom source phenomenon

is limited to a relatively small range of frequencies. How-
ever, the phantom peak is noticeable in the localization
plots for speech because the range of summation of the
coincidence plots for speech is limited to 0–10 kHz. The
absorption coefficient for plywood is small at low frequen-
cies [23], and the reverberation in the plywood cube has
longer decays at lower frequencies, resulting in more tem-
poral smearing at lower frequencies. Temporal smearing
alters the localization cues in speech signals, resulting in
the appearance of the phantom source that causes a reduc-
tion in the localization performance of the actual source at
the low frequencies. However, the exact nature of the link
between the alteration of localization cues in reverberation
and the formation of a phantom source at 0° is not clear
from this experiment. The localization plot, and hence the
objective parameters, cannot distinguish the phantom
source from the real source at 0° and therefore underesti-
mate the degradation of the localization performance when
the real source is at 0°. In other words, the objective pa-
rameters overestimate the localization performance in re-
verberation when the source is at 0°, resulting in the P�S

(R)
curves for �S � 0° to be higher than the curves for other
values of �S for speech.

The performance of the LE algorithm was compared to
that of the MUSIC algorithm. MUSIC localizes the source
using a second-order metric (the covariance matrix),
whereas the LE algorithm uses a first-order metric (sub-
traction of the delayed signals). In the LE algorithm the
difference of the delay-pair outputs in each frequency bin
is a smooth function of the azimuth. However, a localiza-
tion decision is made in each frequency bin, thereby con-
verting the smooth function into a unit impulse function
with the nonzero value at the detected source azimuth.
Thus the localization plot for LE is the sum of the unit
impulse functions and has sharper peaks than the localiza-
tion plot for MUSIC, which is the sum of smooth P(�, f)
contours. Though MUSIC belongs to the class of conven-
tional covariance-based localization algorithms that are
known to fail in reverberant environments [3], it is a
widely known and utilized algorithm and was therefore
used for benchmarking the performance of the LE algo-
rithm. In general the localization performance of LE was
better than that for MUSIC in reverberation, both qualita-
tively (localization plot) and quantitatively (objective pa-
rameters). The phantom source peak was stronger and
wider for MUSIC than for LE. Thus the LE algorithm

Fig. 12. Average of coincidence plots generated by LE for white-
noise source at −45°. Left panel: No-reflector condition (R � 0).
Right panel: Two-reflector condition (R � 2).
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could be a better alternative to conventional localization
algorithms in reverberant environments.

4 CONCLUSIONS

1) The degradation of the source localization perfor-
mance is not uniform with an increase in the number of
reflectors. The degradation is relatively high when a pair
of reflecting surfaces facing each other is added to the
environment.

2) The localization is better for white noise than for
speech because of the higher bandwidth of white noise.
Adjusting the frequency range for the summation of the
coincidence plot to match the bandwidth of speech im-
proves the localization performance for the speech signal.

3) The localization of the speech signal is affected more
than that of the white noise in reverberant conditions be-
cause the temporal smearing of the signal due to rever-
beration is greater at lower frequencies. Alteration of the
localization cues due to reflections and reverberation gives
rise to a phantom source at 0° in the localization plot.

4) The localization performance of the LE algorithm is
less affected by reflections and reverberation than that of
the MUSIC algorithm.
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