
IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 27, NO. 8, AUGUST 2019 1335

Sound Localization Based on Phase Difference
Enhancement Using Deep Neural Networks

Junhyeong Pak , Student Member, IEEE, and Jong Won Shin , Member, IEEE

Abstract—The performance of most of the classical sound source
localization algorithms degrades seriously in the presence of back-
ground noise or reverberation. Recently, deep neural networks
(DNNs) have successfully been applied to sound source localization,
which mainly aim to classify the direction-of-arrival (DoA) into one
of the candidate sectors. In this paper, we propose a DNN-based
phase difference enhancement for DoA estimation, which turned
out to be better than the direct estimation of the DoAs from the
input interchannel phase differences (IPDs). The sinusoidal func-
tions of the phase differences for “clean and dry” source signals are
estimated from the sinusoidal functions of the IPDs for the input
signals, which may include directional signals, diffuse noise, and re-
verberation. The resulted DoA is further refined to compensate for
the estimation bias near the end-fire directions. From the enhanced
IPDs, we can determine the DoA for each frequency bin and the
DoAs for the current frame from the distributions of the DoAs for
frequencies. Experimental results with various types and levels of
background noise, reverberation times, numbers of sources, room
impulse responses, and DoAs showed that the proposed method
outperformed conventional approaches.

Index Terms—Sound source localization, direction-of-arrival,
deep neural networks, interchannel phase difference.

I. INTRODUCTION

SOUND source localization (SSL) has been considered one
of important tasks using multiple microphone signals for

several decades [1]–[35]. There are many modern commer-
cial devices with multiple microphones including smartphones,
smart speakers, and hearing aids, for which SSL can be utilized
for speech enhancement [31]–[40], speech recognition [41]–
[44], speech reinforcement [45], and so on. However, the per-
formance of the traditional source localization techniques may
degrade seriously in the presence of noise and reverberation.

Various approaches have been proposed for SSL [1]–[35].
Many of the frequency and subband-domain approaches con-
sist of three steps. First, the test statistics such as interchannel
phase differences (IPDs) are computed for each subband in each
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frame. Second, more reliable statistics are pre-selected from
those evaluated for all frames and all bands. Third, the directions-
of-arrival (DoAs) of the sources are estimated from the selected
information by statistical modeling or clustering. Regarding the
basic statistics for each temporal-spectral unit, IPDs in the fre-
quency domain are widely used [1]–[5], while both IPD and
interchannel level difference (ILD) features are utilized in [6],
zero crossing-based DoA estimates in the subband domains are
used in [7]–[10] and pseudo intensity vectors-based DoA esti-
mates are adopted in [11]–[14]. The pre-selection or weighting
of the information from temporal-spectral units are based on si-
nusoidal analysis [1], signal-to-noise ratios (SNRs) [7], [8], [10],
onset detection [7], [9], [10], [15], coherence [3], [15], or esti-
mation consistency [14]. In the final DoA estimation stage, the
peak search [7]–[10], k-means clustering [11]–[15] and statisti-
cal modeling [2]–[4] for the selected DoA estimates are popular.

Deep neural networks (DNNs) have been applied to many ar-
eas of speech and audio signal processing and have enhanced the
performance of conventional techniques [29]–[32], [46]–[50].
There have been several approaches for SSL based on DNNs.
In [16]–[18], one of the DoA sectors is chosen by a DNN from
the eigenvectors of the noise subspace, which are important fac-
tors in subspace approaches such as MUSIC [19] and ESPRIT
[20]. [21]–[25] also take a classification approach in which a
DoA sector for each band is selected by a DNN for which the
inputs are the cross-correlation functions (CCFs) and the ILD
computed from the outputs of the Gammatone filter bank and
a half-wave rectifier. The estimated DoA is further refined by
incorporating top-down source knowledge and prior knowledge
on masker locations [22], head movements [21], [23], or spec-
tral source models [24]. [26]–[28] estimate the probabilities for
DoA sectors utilizing a DNN or a convolutional neural network
for each subband, in which the input features are the IPDs and
ILDs possibly with log power spetra [27] or mixing vectors
[26]. In the aforementioned framework, it can be considered
that the DNNs replace the second and the third steps, along with
the latter part of the first step. In [29], a DNN is used to esti-
mate masks from monaural information, which is used to weigh
the time-frequency (TF) bins when computing generalized cross
correlation-phase transform (GCC-PHAT) or steered-response
SNR. The role of the DNN can be viewed as the computation
of the reliability of the test statistics for each frequency in the
second step of the framework above. Most of the previous ap-
proaches to SSL using DNNs focused on the classification of
the DoAs into predefined sectors, which may inherently result
in the limited precision of DoA estimation.
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In this paper, we propose a dual-microphone SSL algorithm
based on a DNN-based IPD enhancement. Essentially, the pro-
posed method improves the test statistics computed in the first
step of SSL, which are IPDs, mitigating the need for the second
step. Although there are many modern devices with 4 or more
microphones, there are also many devices or use cases in which
only two microphones are active, such as a speakerphone mode
of some smartphones. Since the phase differences of 2π and 0 are
the same for example, the sinusoidal functions of the IPDs for
the noisy and reverberant input signals and the “clean and dry”
signals are employed as input and output features of the DNN.
The estimated DoA for each TF bin is further refined by compen-
sating for the estimation bias for near-end-fire directions. The
frame-by-frame DoA can be obtained from the distribution of
the DoA estimates for all frequencies in the recent frames by k-
means clustering. Although the proposed algorithm is described
for dual-microphone SSL, it can be easily extended to multiple
microphone cases.

The remainder of this paper is organized as follows. In Sec-
tion II, DoA estimation for each TF bin adopting DNN-based
enhancement of the interchannel phase difference and a post-
processing is proposed. Section III describes how the frame-
by-frame DoAs are determined from the DoA estimates for all
frequencies through the k-means clustering. The experimental
conditions and results are illustrated in Section IV, which in-
clude various types and levels of noise and reverberation, DoAs,
and numbers of sources. The conclusions follow in Section V.

II. DNN-BASED DOA ESTIMATION IN EACH

TIME-FREQUENCY BIN

The phase differences between the discrete Fourier transform
(DFT) coefficients for two microphone signals are one of popular
spatial cues in the frequency domain [1]–[6], [35], [45]. IPD
leads to accurate DoA estimation if the given TF bin is dominated
by a single directional source signal. This assumption is valid
when the sources are sparse in the TF domain and there are
no ambient noise or reverberation, but we may need a more
sophisticated algorithm in noisy and reverberant environments.

The phase differenceΔφ(k,m) between two microphone sig-
nals for the k-th frequency bin of the m-th frame is given as

Δφ(k,m) = ∠
(
X2(k,m) ·X∗

1(k,m)
)
, (1)

where X1(k,m), X2(k,m) denote the K-point DFT coeffi-
cients of two microphone signals for the k-th band in the m-th
frame, and ∗ and ∠ are the complex conjugate and the phase
operator of the complex numbers, respectively. Assuming that
a single signal from the far-field is dominant for each TF bin,
the DoA θ(k,m) with respect to the broadside direction can be
computed in a geometric relationship:

θ(k,m) = arcsin

(
c ·Δφ(k,m)

2πfd

)
, (2)

where f , d, and c denote the frequency corresponding to the
k-th bin, the distance between the microphones, and the speed
of sound, respectively. However, the observed phase differences
are disturbed by the ambient noise, reverberation, and weaker

Fig. 1. DNN architecture for the “clean and dry” phase difference estimation.

interferences, which in turn degrade the source localization per-
formance.

Deep learning has brought performance improvement in many
areas of speech signal processing [31], [46]–[50]. Previous ap-
proaches to SSL that employed DNNs [16]–[18], [21]–[28]
mainly tried to classify the DoA into predefined sectors. The
role of the DNN in the proposed approach is to estimate the
phase differences of the dominant signal in the given TF bin
free from interference, noise, and reverberation using the input
phase differences. One of popular cost function for the DNN-
based regression tasks is the mean square error (MSE). The MSE
may be suitable for the estimation of the log power spectra, Mel-
frequency cepstral coefficients, and time-domain speech signals,
which have continuous values in (−∞,∞). However, since the
phase differences of Δφ and Δφ+ 2πn are the same for all Δφ
and any integer n, MSE is not suitable for the estimation of the
phase differences.

There may be two approaches to circumvent this issue. One
is to use a periodic cost function such as the mean cyclic error
(MCE) [51] or the mean square periodic error (MSPE) [52].
The other approach, which we have adopted in the proposed
method, is to use the sinusoidal functions of the IPDs as input
and output features of the DNN, while retaining the MSE cost
function. Specifically, both the sine and cosine functions of the
IPDs are employed. Let Δφy(k,m) and Δφs(k,m) denote the
IPDs for the input signal and the single dominant signal for the k-
th frequency bin for the m-th frame, respectively. The input and
output vectors then become (sinΔφy(1,m), . . . , sinΔφy(

K
2 −

1,m), cosΔφy(1,m), . . . , cosΔφy(
K
2 − 1,m)) and (sinΔφs

(1,m), . . . , sinΔφs(
K
2 − 1,m), cosΔφs (1,m), . . . , cosΔφs

(K2 − 1,m)), respectively.
The architecture of the DNN is illustrated in Fig. 1. The neural

network has three hidden layers with 2048 units each. The linear
unit is utilized for the output layer, while the rectified linear unit
(ReLU) is employed in the hidden layers. The IPD of the single
dominant source, Δφs(k,m), is estimated from the output of
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Fig. 2. True values of the DoA and the estimated DoAs without (θ̂) and with
(θ̂adj) the post processing for various source locations in the presence of Babble
noise at 5 dB SNR.

the DNN as

̂Δφs(k,m) = arctan 2( ̂sinΔφs(k,m), ̂cosΔφs(k,m)), (3)

where arctan 2(y, x) is the four-quadrant inverse tangent func-
tion. Then, the DoA estimate θ̂(k,m) is obtained from the equa-

tion (2) with ̂Δφs(k,m).
In the presence of interference, ambient noise, or reverber-

ation, the observed phase difference Δφy(k,m) deviates from
Δφs(k,m). We may be able to assume that E[Δφy(k,m)] =
Δφs(k,m)when the level of the strongest signal is high enough.
However, since the DoA estimate in the equation (2) is obtained
through the arcsin function, we need to discard the information
or truncate the argument of the arcsin function when it is either
larger than 1.0 or smaller than −1.0. This adjustment makes a
bias in the DoA estimation when the true DoA is near one of
the end-fire directions. Fig. 2 shows true values of the DoA and
the average of the estimated DoAs in the presence of Babble
noise at 5 dB SNR. It is clear that there is a bias in the estimated
DoA when the true DoA is −90◦, −80◦, 80◦, and 90◦, possibly
because the estimated DoA cannot be higher than 90◦ or lower
than −90◦. To compensate for this estimation bias, we apply a
simple post-processing:

θ̂adj(k,m) = min
(
max

(
θ̃(k,m),−90◦

)
, 90◦

)
, (4)

θ̃(k,m) = θ̂(k,m) + a · sgn(θ̂(k,m)) · (θ̂(k,m))4, (5)

where θ̂adj , sgn(x), anda are the adjusted DoA estimate, the sign
of x, and a positive constant, respectively. The value of a was
9.25× 10−8 in our experiments, with θ̂adj , θ̃ and θ̂ measured in
degrees. θ̂adj is also shown in Fig. 2, where we can see that the
estimation biases are relieved.

Fig. 3 demonstrates the IPDs for clean speech, noisy speech
corrupted by Babble noise at 5 dB SNR, reverberant speech
with RT60 = 0.4 sec, and the estimated IPDs from the noisy
or reverberant speech signals when a single source is located at
θ = 40◦. It is clear that the IPDs for noisy or reverberant speech
deviate from those for clean speech, but the “clean and dry” IPDs
can be restored, to some extent, by the proposed algorithm.

Fig. 3. Interchannel phase differences for clean speech (left), noisy speech
corrupted by Babble noise at 5 dB SNR (top center), reverberant speech with
RT60 = 0.4 sec (bottom center), and the estimated phase differences from them
(right), when a single source is located at θ = 40◦.

Fig. 4. Comparison of estimated DoA distributions at a specific frame for the
reverberant (RT60 = 0.2 sec) speech signal when a single source is located
at (left) θ = −50◦, (middle) 30◦, and (right) 70◦: (From top to bottom) DoA
distributions obtained by the DNN-based localization systems which aim to
estimate DoAs, sinusoidal functions of the DoAs, and sinusoidal functions of
the IPDs, respectively.

We have also tried to directly estimate the DoA for each fre-
quencies using a DNN with the same input features. Distribu-
tions of the estimated DoAs for all frequencies with enough
power for one frame are shown in Fig. 4 when a single source
is located at θ = −50◦, 30◦, or 70◦, respectively. The top row
is for the direct estimation of the DoA, while the bottom row is
for the IPD enhancement. The middle row is for the estimation
of both the sine and cosine functions of the DoA in a similar
manner with the IPD estimation approach. In our experiment,
the estimation of the IPDs of the “clean and dry” signal yielded
better localization performance.

III. FRAMEWISE DETERMINATION OF MULTIPLE DOAS

The source localization for each TF bin introduced in Sec-
tion II is useful for some applications such as the noise suppres-
sion in the frequency domain [6], [53] and speech reinforcement
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TABLE I
ROOM CONFIGURATIONS FOR TRAINING AND TEST DATA

[45]. For other applications that require the estimated DoAs
for each time frame only, we can locate multiple sources for
each frame from the estimated DoAs θ̂adj(k,m) for all frequen-
cies. Since we have one DoA estimate for each TF bin, we have
N · (K

2 − 1
)

DoAs to determine the DoAs for each frame when
we take the DoAs for N recent frames into account. Larger val-
ues of N would make the DoA estimation for static or slowly
moving sources more robust, while a smaller N would enable
fast tracking of the DoA. It is noted that we do not take future
frames into account for on-line processing.

Several approaches have been proposed for the decision of
the DoAs from the weighted or pre-screened distribution of the
DoAs from TF bins. [7], [8] and [19] simply pick peaks in the
weighted and/or pre-screened distribution of DoAs. In [14], k-
means clustering is performed for the DoAs satisfying estima-
tion consistency. [2] and [3] use statistical modeling of the DoA
distribution using the Gaussian mixture model and the Laplacian
mixture model, respectively.

In this paper, we applied k-means clustering for the distribu-
tion of the DoAs within N time segment. Assuming that the
maximum number of sources Lmax is known a priori, we alter-
nate the nearest-neighbor condition and the centroid condition
to find boundaries of the Lmax clusters. Then, we eliminate the
cluster with the smallest number of TF bins if it is less than a
threshold, which was 10% of the total number of TF bins in the
experiments. In this case, we run the k-means algorithm again
with a reduced number of clusters until all the L(m) clusters
are with enough number of TF bins. The representative DoA
for each cluster is set to be the peak in the cluster rather than
the centroid, which resulted in better localization performance.
The clustering result can also be used to refine the DoA es-
timates for each TF bin into one of the L(m) representative
DoAs. In our experiment for the localization in each TF bin, we
replaced the DoA estimates with the closest DoA among L(m)
candidates.

IV. EXPERIMENTS

Various experiments were conducted to demonstrate the per-
formance of the proposed method. It is compared with other
methods in mainly three conditions. First, we evaluated the per-
formance of the single source localization in the presence of am-
bient noise. Second, the accuracies of the localization of a single
source in reverberant environments were compared. Third, lo-
calization of two sources in the presence of both the noise and
the reverberation was performed by different schemes. We also
illustrated the performance of the localization for each TF bin.
Lastly, we included the results for real recordings in practical

Fig. 5. Simulated room environment with locations of microphones and
sources.

environments including Task 1 of the IEEE-AASP challenge on
acoustic source LOCalization And TrAcking (LOCATA)1 [54].

A. Experimental Configurations

We simulated five different acoustic chambers using the image
method [55] as depicted in Fig. 5 and Table I to generate sepa-
rate datasets for training and evaluation. The distance between
two microphones was 4 cm, which is rather short but practical
for the applications such as a phone call with smartphones in
the speakerphone mode. The locations of the directional sound
sources were 0.5 to 2.0 m from the center of two microphone po-
sitions, and the azimuths were from −90◦ (left) to +90◦ (right)
with 10◦ intervals. The source signals were speech signals from
the TIMIT database [56] and the noise files were the Babble,
Factory and Volvo noises from the NOISEX-92 database [57].
The stereophonic diffuse noises were generated by the arbitrary
noise field (ANF)-generator2 [58]. The sampling rates for both
the speech and noise were 8 kHz for the proposed method to
avoid spatial aliasing, while the sampling rates for competing
methods were 16 kHz. The 32 ms Blackman window was used
with 75% overlap and 256-point DFT was applied. The num-
ber of frames considered to obtain a frame-wise DoA estimate,
N , was 1 for the simulated data and 12 (0.1 sec) for the real-
recordings. For the performance comparison with competing
methods, the DoA estimates for each utterance were determined
by picking L̂ DoAs with the maximum numbers of DoA esti-
mates within ±0.5 degree interval, where L(m) estimates were
obtained for the m-th frame and L̂ = maxm L(m).

1http://www.locata-challenge.org
2https://github.com/ehabets/ANF-Generator

http://www.locata-challenge.org
https://github.com/ehabets/ANF-Generator
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Three localization methods were compared with the proposed
approach. The first was the DNN-based classification approach
in [22] and [23], the second was the weighted steered-response
SNR method using DNN-based spectral masks in [29], and the
third was the largest eigenvector clustering with TF bin pre-
selection in [15]. For these competing methods, the numbers of
sources L were assumed to be known, in contrast to the pro-
posed method in which only the maximum numbers of sources
were given. In [22] and [23], there are additional procedures to
utilize the prior knowledges or head movements. Since these
informations are not available for the proposed approach, we
only implemented the core part of the DNN-based localiza-
tion. The input of the DNN was the CCFs and ILDs for the
outputs of the 32-dimensional Gammatone filter bank which
covers from 80 Hz to 8 kHz and a half-wave rectifier. The di-
mension of the CCF features were changed because the distance
between the microphones in this experiment was much shorter
than that in [22] and [23]. We have computed the CCFs for
delays of −4 to +4 samples in 16 kHz sampling, which corre-
spond to −0.25 ∼ +0.25 ms of time lag. Therefore, the input
vector for the DNN for each band consisted of 9-dimensional
CCFs and 1-dimensional ILD. The output of each DNN was a
19-dimensional vector representing the DoA sectors centered at
the integer multiples of 10 degrees from −90◦ to +90◦. There
were four hidden layers with 256 nodes between the input and
output layers. The sigmoid and softmax functions were utilized
as the activation functions of the hidden and output layers, re-
spectively. The joint posterior probability for each DoA sector
is computed by assuming that the posterior probability for each
band obtained by the corresponding DNN is independent from
one another. Instead of picking the L DoAs with the maximum
average posterior probabilities within the whole utterance or
central 1 second of the utterance as in [23], we computed 1
DoA estimate with the maximum average posterior probability
for recent 1 second for each frame and then selected L DoAs
with the maximum numbers of DoA estimates obtained from all
frames in the whole utterance, which resulted in better localiza-
tion performances. It is noted that the training data for 2 source
localization consisted of single source with noises and reverber-
ations, which the authors of [23] claimed to be more effective.
This algorithm is denoted as MA. The second competing algo-
rithm utilizes DNNs to obtain weights for the TF components
when computing the steered-response SNR [29]. The role of the
DNN is to estimate the phase-sensitive masks (PSMs) from the
log magnitude spectra for one microphone signal. Different tar-
gets of the DNNs and the localization methods were also tested
in [29], but the PSM and the weighted steered-response SNR
produced the best results. The sampling frequency, DFT dimen-
sion, frame size and frame shift were 16 kHz, 512-point, 32 ms,
and 8 ms, respectively, as in [29]. The network to estimate the
PSMs was a bi-directional long short-term memory (BLSTM) as
in [29], which has two hidden layers with 512 units for each di-
rection. The steered-response SNR was computed for the whole
utterance. We call this baseline system WANG. Since WANG did
not perform well for multiple source localization even with the
ideal PSM and the authors stated that “the study does not locate
multiple speakers,” we only utilized this algorithm in the single

source localization tasks. For the multiple source localization,
we compared the performance with MA and another algorithm
proposed by Tho et al. [15] instead. [15] proposed to estimate
DoAs by clustering the largest eigenvectors of the spatial covari-
ance matrices for the selected TF bins. The TF bins dominated
by a single directional source are selected by the onset detection
and the coherence test. The eigenvector corresponding to the
largest eigenvalue for each of the selected TF bins is assumed
to be an approximation of the steering vector. Final frame-by-
frame DoAs are the peaks in the DoA distribution in Variant 2 of
the method in [15]. The original task in [15] was the localization
in three-dimensional space with 3 microphones, but we modified
this into 2-dimension localization using two microphones. The
sampling rate for this approach was 16 kHz in our experiment.
We denote this algorithm as THO. The performances of the lo-
calization applying the equation (2) for the input IPDs directly
(denoted as cIPD) are also demonstrated as an anchor. The train-
ing data used for the proposed and competing methods were the
same.

B. Experimental Results

1) Single Source Localization Under Background Noise:
The first task was to localize a single source in the presence
of background noise. 150 utterances from the TIMIT database
were used as target speech for the training data, while 10 other
sentences were utilized for the test data. These were played at
19 different positions from −90◦ to 90◦ with 10◦ intervals. The
training and test data were generated with five different room
configurations described in Table I. The Babble, Factory, and
Volvo diffuse noises were mixed at 5, 10, and 15 dB SNRs to
generate the training and test data.

Fig. 6 shows the root mean square error (RMSE) for each algo-
rithm depending on the source location, noise type, noise level,
and room size. Table II shows the gross accuracy of localization,
which is defined by [23]:

Acc [%] =
Lerror<θt

Lall
× 100, (6)

where Lall is the total number of DoA estimates and Lerror<θt is
that for which the DoA estimation error is less than θt, respec-
tively. In general, all the three algorithms were robust to the back-
ground noises. The performance of the proposed method utiliz-
ing the enhanced IPD (eIPD) was similar to MA [23] and WANG
[29] except the near-end-fire directions, where cIPD suffers se-
riously. It is noted that the locations of the target source were
exactly the centers of the sectors in the classification approach,
MA, so that the advantage of the regression approach over
the classification approach do not dominate the performance
comparison.

2) Single Source Localization Under Reverberation: The
second experiment was on the localization of a single source
in reverberant environments. 225 and 10 sentences from TIMIT
data were replayed at 19 different positions in three and two
room configurations as in the first experiment for the training
and test, respectively. The reverberation times for the training
and test data are also described in Table I.
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Fig. 6. RMSE comparison of the localization method utilizing the proposed enhanced IPDs (eIPD), the noise-corrupted IPDs (cIPD) and two other approaches
(MA [23] and WANG [29]) for the single source localization in noisy environments depending on the source location, noise type, noise level, and room size.

TABLE II
GROSS ACCURACIES OF LOCALIZATION [%] FOR THE PROPOSED METHOD (PROP) AND TWO OTHER APPROACHES (MA [23] AND WANG [29]) IN THE SINGLE

SOURCE LOCALIZATION UNDER NOISY ENVIRONMENTS

Fig. 7. RMSE comparison of the localization method utilizing the proposed enhanced IPDs (eIPD), the reverberation-corrupted IPDs (cIPD) and two other
approaches (MA [23] and WANG [29]) for the single source localization in reverberant environments depending on the source location, reverberation level, and
room size.

The RMSEs for different source locations, reverberation
times, and room sizes are illustrated in Fig. 7, and the gross ac-
curacies of localization are shown in Table III, in which RT601 ,
· · · ,RT606 denote the reverberation times in ascending order for
two rooms. As in the noisy case, the performances of three algo-
rithms were comparable. The performance of MA was slightly
worse than the proposed method in very reverberant environ-
ments and WANG suffered in a few conditions, but as a whole,
all of them performed similarly well.

3) Multiple Source Localization in Noisy and Reverberant
Environments: The third task was the localization of multiple

sources in more realistic environments containing both back-
ground noise and reverberation. Two out of 19 speaker positions
were active at the same time, simulating two directional source
signals. As there are 192 combinations for two source locations
in contrast to the 19 cases in the first two experiments, only 6
and 3 utterances from the TIMIT database spoken by 5 male and
4 female speakers were used as target speeches in the training
and test data. The noise types and levels, room sizes, and the
locations of the sources and microphones were the same as the
first two experiments, but the reverberation times were differ-
ent as shown in Table I. The total numbers of utterances for the
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TABLE III
GROSS ACCURACIES OF LOCALIZATION [%] FOR THE PROPOSED METHOD (PROP) AND TWO OTHER APPROACHES (MA [23] AND WANG [29]) IN THE SINGLE

SOURCE LOCALIZATION UNDER REVERBERANT ENVIRONMENTS

training and test were 175,446 (3 sentences for source #1 × 19
DoAs for source #1 × 3 sentences for source #2 × 19 DoAs
for source #2 × 3 noise types × 3 SNRs × 2 RT60 values × 3
room configurations) and 25,992 (2 sentences for source #1 ×
19 DoAs for source #1 × 1 sentence for source #2 × 19 DoAs
for source #2 × 3 noise types × 3 SNRs × 2 RT60 values × 2
room configurations), respectively.

For the performance measure of the localization of two
sources, we computed the RMSEs considering the mapping
among the true and estimated DoAs. Since it may not be clear
which DoA estimate corresponds to each source, we choose
the combination that minimizes the average of the squared er-
rors. Specifically, the minimum of the average squared error,
minMSE, is computed as

minMSE = min(MSE12,MSE21), (7)

where

MSE12 =
(
(θ1 − θ̂1)

2 + (θ2 − θ̂2)
2
)/

2, (8)

MSE21 =
(
(θ1 − θ̂2)

2 + (θ2 − θ̂1)
2
)/

2, (9)

in which θ1 and θ2 denote the true azimuth values of the two
sources and θ̂1 and θ̂2 represent the two estimated azimuths.
Then, the RMSEs are computed as the square root of the
minMSE averaged over all the utterances. It is noted that the
range of the azimuth is

[−π
2 ,

π
2

]
for two microphones or a linear

array, so the wrapping of the DoA angle is not an issue. Lmax

was set to be 3 for the proposed method, while the true number
of source L = 2 was given to competing methods.

Fig. 8 summarizes the RMSEs for three methods depending
on the source location and noise type averaged over 3 SNRs, 2
rooms and 2 reverberation times. Fig. 9 shows the same result in
a different view by breaking down the results depending on the
reverberation time. As can be seen from the results, the proposed
method outperformed other methods. The performance of THO
with two microphones 4 cm away from each other was not good
when the sources were located near end-fire directions in the
presence of reverberation. MA performed well for the most of the
cases, and the proposed algorithm showed the best performance.

4) Source Localization For Each Time-Frequency in a Noisy
and Reverberant Environment: The proposed approach can lo-
calize a single dominant source for each TF bin, which may
be useful for some applications including the source separation.
Fig. 10 shows the waveforms and the DoA estimation results
for two conditions. The second, third and fourth rows are the
DoAs estimated from the clean and dry, noisy and reverberant,
and enhanced phase differences. It is noted that the adjustment

TABLE IV
THE AVERAGE (AVG) AND ROOT MEAN SQUARE ERROR (RMSE) VALUES OF

THE DOA ESTIMATION METHODS MUSIC (MU, [19]) AND THE PROPOSED

ALGORITHM (PR) FOR THE DEVELOPMENT DATASET OF THE Task 1 FOR THE

LOCATA CHALLENGE

in the equation (4) was applied to all cases. Fig. 10(a) illustrates
when a single source was located at 90◦ in a clean but rever-
berant environment with RT60 = 0.2 sec, while Fig. 10(b) is
for a noisy and reverberant environment with Babble noise at 5
dB SNR and RT60 = 0.3 sec in which two sources are at −60◦

and +30◦, respectively. Although the DoA estimation results of
the proposed method were not perfect, we can see that the pro-
posed approach could restore the DoA information in each time
frequency quite well.

5) Source Localization For Real Recordings: We have also
applied the proposed algorithm to the development set for the
Task 1 of the LOCATA challenge [54] and recordings with 2 or 3
sources made by ourselves. The Task 1 of the LOCATA challenge
is to localize a single, static loudspeaker using static microphone
arrays. We trained the DNN with the training data from the first to
third experiments and applied it to the IPDs for the development
set of the Task 1 and the multi source recordings. As the proposed
algorithm is for dual-microphones 4 cm away from one another,
we utilized two microphones at the center of the DICIT planar
array [54] for the Task 1 of the LOCATA challenge. Since the
ground truth and the voice activity detection (VAD) information
are given for the development set consisting of three recordings
per each task, we could compute the averages and the RMSEs
for the frame-wise DoA estimates in the voice active regions
(VAD O) or for the whole recordings (VAD X). The LOCATA
committee also provided the estimated output of the MUSIC
algorithm [19] as a reference for the Task 1.

Table IV shows the performance of the single source local-
ization by the MUSIC algorithm (MU) [19] and the proposed
method (PR) for all three recordings for the Task 1. It is certain
that the proposed method could estimate the source locations
reliably, with small RMSE values. MUSIC was only successful
in the third recording on average, but the average value for the
proposed algorithm was closer to the ground truth for the speech
active regions.
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Fig. 8. Comparison of the RMSEs for the proposed algorithm utilizing the enhanced IPD (PROP, right column) and two other methods (THO [15], left column,
and MA [23], middle column) for the localization of two sources in the presence of Babble (top row), Factory (middle row), and Volvo (bottom row) noises averaged
over 3 SNRs, two rooms and 2 RT60s depending on the locations of two sources (θ1, θ2).

TABLE V
THE AVERAGE (AVG) AND ROOT MEAN SQUARE ERROR (RMSE) VALUES OF THE PROPOSED ALGORITHM (PR) FOR FIVE RECORDINGS UNDER THE

ENVIRONMENTS SHOWN IN FIG. 11

Additionally, five more recordings with 2 or 3 sources were
tested. The size of the room was 3.12× 3.23× 2.08 m3 and
the RT60 was 0.12 second. Fig. 11 illustrates locations of the
sources and microphone arrays for these recordings. The center
of two microphones were located at (1.75 m, 0.23 m, 1.35 m)
for for recordings 1 and 2, and at (1.00 m, 0.40 m, 1.45 m)
for recordings 3–5. The height of each sound source is iden-
tical with that of sensors. Utterances randomly picked from

the CSTR VCTK corpus3 were played with commercial loud-
speakers, Genelec 8030B, at each source position. Each source-
to-microphone distance was given differently as shown in Ta-
ble V. The average estimated DoAs and the RMSEs are shown in
Table V. We can see that the proposed algorithm could localize

3http://homepages.inf.ed.ac.uk/jyamagis/page3/page58/page58.html

http://homepages.inf.ed.ac.uk/jyamagis/page3/page58/page58.html
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Fig. 9. Comparison of the RMSEs for the proposed algorithm utilizing the enhanced IPD (PROP, right column) and two other methods (THO [15], left column,
and MA [23], middle column) for the localization of two sources in the reverberant conditions with shorter RT60 (0.3 sec for small room and 0.375 for large room,
top row) and longer RT60 (0.7 sec for small room and 0.875 sec for large room, bottom row) averaged over 3 noise types, 3 SNRs, and two different test rooms
depending on the locations of two sources (θ1, θ2).

Fig. 10. Waveforms and DoAs for each TF bin estimated from the clean and
dry, noisy and reverberant, and enhanced phase differences (top to bottom). (a)
A single source is located at 90◦ and RT60 = 0.2 sec. (b) Two sources are at
−60◦ and +30◦ in the presence of Babble noise at 5 dB SNR and RT60 = 0.3
sec. The TF bins with too low power are marked as black.

Fig. 11. The locations of the microphones and sound sources for 5 real record-
ings with 2 or 3 sources.

multiple sources in real-recordings, although the performances
are not as good as single source localization. It may be because
more number of TF bins were not dominated by one source
signal.

V. CONCLUSIONS

In this paper, we have proposed a source localization al-
gorithm using a DNN for phase difference enhancement. The
role of the DNN is to estimate sinusoidal functions of the IPD
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for one dominant directional signal without noise or reverbera-
tion for each TF bin from the sinusoidal functions of the IPDs
for input signal which may contain multiple directional source
signals, ambient noise, and reverberation. To compensate for
the estimation bias near the end-fire directions, additional post-
processing is applied. The DoA for each TF bin is obtained
from the enhanced phase difference. Frame-wise DoAs can be
determined from these DoA estimates through the k-means clus-
tering, assuming that the maximum number of sources is known
in advance. Experimental results on single source localization
in noisy or reverberant environments and multiple source lo-
calization in noisy and reverberant conditions showed that the
proposed approach can localize the sources accurately, even in
the presence of both noise and reverberation.
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