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ABSTRACT

Direction of arrival (DoA) estimation for sound source localization
is increasingly prevalent in modern devices. In this paper,
we explore a polynomial extension to the multiple signal
classification (MUSIC) algorithm, spatio-spectral polynomial
MUSIC (SSP-MUSIC), and evaluate its performance when using
speech sound sources. The paper includes an analysis of
SSP-MUSIC using speech signals in a simulated room for different
conditions in terms of diffuse noise and reverberation. SSP-MUSIC
is also evaluated on the first task of the LOCATA challenge.
This paper shows that SSP-MUSIC is more robust to noise
and reverberation compared to independent frequency bin (IFB)
approaches, and improvements can be seen for single sound source
localization at signal-to-noise ratio (SNR) values lower than 5 dB
and reverberation time (T60) values larger than 0.7 s.

Index Terms— direction of arrival, polynomial eigenvalue
decomposition, MUSIC, localization, microphone arrays.

1. INTRODUCTION

Sound source localization is an important task for a multitude
of applications, including robot audition [1] and voice-controlled
smart devices. Direction of arrival (DoA) estimates are essential
in providing angular positional information for localization. In
real-world environments, DoA estimation can be a challenging
problem to solve because of background noise, reverberation,
interference and sound source inactivity.

DoA estimation approaches include time-delay estimation
(TDE)-based, beamformer-based and subspace-based methods [2].
The TDE-based method [3] first computes the time difference of
arrival (TDoA) for different microphone pairs and uses a priori
information about the microphone positions to compute the DoAs.
However, TDE approaches such as generalized cross-correlation
(GCC)-phase-transform (PHAT) cannot cope with multiple sources
in reverberant environments [2]. Beamformer-based methods [4, 5]
scan the acoustic environment by focusing the microphone array
in the directions corresponding to the highest sound intensities.
However, [4,5] require the formation of a large number of steering
beam angles for high resolution and is computationally expensive.
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In a subspace-based approach such as the multiple signal
classification (MUSIC) algorithm [6], the correlation matrix is
computed from the received signals. An eigenvalue decomposition
(EVD) is then used to decompose the correlation matrix into signal
and noise subspaces for DoA estimation. The MUSIC algorithm,
however, assumes that the source signals are narrowband and
uncorrelated. Consequently, its performance is limited in real-world
scenarios involving broadband signals such as speech and correlated
sources originating from reverberant environments.

A number of broadband extensions have been proposed for
MUSIC [7-9]. Most of these extensions rely on transforming the
broadband DoA problem into several narrowband problems. This
can be achieved by decomposing the broadband signal into several
independent frequency bins [10]. The resulting narrowband signals
for each frequency bin or filtered output can then be processed
independently, or incoherently. This approach, however, is based
on a narrowband signal model and ignores phase coherence across
different frequency bins [11] which can lead to errors [12].

When broadband signals such as speech signals are involved,
time delays cannot be modelled using phase shifts because
e.g. time delays between different microphones need to be explicitly
resolved. Consequently, an EVD cannot completely decorrelate
the signals and separate the signal and noise subspaces effectively
[2]. Instead, the spatio-spectral polynomial MUSIC (SSP-MUSIC)
approach in [13, 14] is based on a broadband signal model.
The approach uses polynomial matrices to model the correlations
across different microphones and temporal lags, and polynomial
eigenvalue decomposition (PEVD) to generate the signal and noise
subspaces. SSP-MUSIC is shown to be robust and effective for
non-speech sources in anechoic environments [13, 14].

In this paper, we extend [13, 14] to sound source localization
in noisy and reverberant environments. The novel contributions
are: (i) proposed enhancements to SSP-MUSIC for sound source
localization which include; incorporating a noisy reverberant signal
model in the subspace decomposition; modifying SSP-MUSIC to
only include the direct-path response in order to reduce the impact
of reverberation on localization performance; using SSP-MUSIC
to approximate spatial polynomial MUSIC (SP-MUSIC) for the
frequency range of speech; (ii) an analysis on how diffuse
noise and reverberation affects the proposed approach; and
(iii) a comprehensive evaluation of the proposed method against
benchmark algorithms for simulated and real-world recordings.

2. METHOD
In [15], the noisy and reverberant signal, x.,(n), at the m-th
microphone for discrete-time sample n = 0,1,..., N, is
@m(n) = hy,s0(n) + vm(n) (1)
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Zm(n) = hl, gs0(n) +hl .s0(n) + hp, 1,s0(n) + vm(n)

=5m(n) +om(n), m=12,..., M, )
where hy, = [Rm,0,hm1,---5Rm,s]7 is the m-th acoustic
channel, which is modelled as a J-th order finite impulse
response filter and decomposed into the direct path, h,, gp,
early reflections, flm,er, and the late reflections, flm,lr [16],
so(n) = [so(n),so(n —1),...,s0(n — J)]T is the anechoic
speech signal, wv,,(n) is additive noise and []7 denotes
the transpose operator.  The noise signals are assumed to
be zero-mean, not perfectly coherent with each other and
uncorrelated with the source signals [17]. By exploiting the
lack of correlation between the late reflections and anechoic
speech signal [18] &m(n) =h}, 4,80(n) +h7, ., s0(n) and
Um(n) :flﬂ’lrso(n)—i—vm(n), can be decomposed into the
speech and noise components respectively.

2.1. Review of Polynomial MUSIC

Assuming direct-path-only propagation in the far-field and a
noise-free environment, vy, (n) = 0, such that (2) simplifies to

T (n) = fro (n) * zo(n) 3)

where * denotes a linear convolution and f-,, (n) is a fractional
delay filter [19,20]. This is required since the m-th relative delay
can be fractional, such that

sin(m(n — A7m))

Jrm(n) = w(n — Atp)

In the narrowband case, ATy, is represented by a simple phase shift
and those phase shifts are exploited in the MUSIC algorithm. For
broadband sources, however, the delays are frequency-dependent
phase shifts corresponding to different time lags.

To capture the temporal correlations of the speech signals at
different microphones, the space-time covariance matrix is [18]

Rxx(7) = E{X(n)xT(n -7}, 5)

where the (p,q)"™ element, rp,(7) = E{z,(n)z.(n — 1)},
is the cross-correlation sequence between microphone p and ¢
for discrete-time shift 7. Concatenating the covariance matrix,
R (7), for all choices of 7 € {—N,..., N}, results in a tensor
of dimension M x M x (2N + 1). The z-transform of (5) is
a polynomial matrix, Rxx(z) = Y oo Rxx(7)z~ ", which can
be decomposed by an iterative PEVD algorithm [21-25] to give

Rox(2) 2 U(2)A(2)UT (2), 6)

where the columns of U(z) are the eigenvectors and the
diagonal elements of A(z) are the eigenvalues. Furthermore,
U (z) = U™ (1/2%), where [[]*, [-]* and [-]” are respectively, the
complex-conjugate, Hermitian and para-Hermitian operators.

Thresholding the eigenvalues enables the partitioning of the
polynomial matrix into orthogonal signal and noise subspaces,
which are associated with U(z) and U, (z), respectively. The
nullspace of U, (z) is probed by the broadband steering vector,
which implements fractional delays and is defined as [13]

ag(z) = [Ao(2) -+ Au—1(2)]", %

for look direction 6. In this case A¢(z) is defined as A¢(z) =
o oo ae(n)z™™ where ag(n) = sinc((n — Ar)Ts) and T

is the sampling period.

“
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Generalised from MUSIC, the following quantity,

To(2) = ag (U (U (2)an(2), @®)
is used to compute the pseudo-spectrogram for SSP-MUSIC [13],
1
Pssp—mu(0,Q) = —— 9)

To(2) z:e—197

where frequency () is obtained by evaluating z on the unit
circle. Therefore, the pseudo-spectrogram can localize sources by
exploiting the DoAs in the active range of frequencies.

2.2. Proposed Enhancements for Sound Source Localization

Similar to [18], but unlike [13, 14] which only focuses on
non-speech sources in anechoic environments, we incorporate the
noisy reverberant signal model in the subspace decomposition.
The difference being that the method in [18] is designed for
speech enhancement and incorporates the early reflections that may
improve speech intelligibility in some conditions [26,27]. Whereas
this paper focuses on sound source localization which only requires
the direct-path component with the greatest amplitude and shortest
time delay. Consequently, the largest delay, W, corresponding
to the first maximum peak between every microphone pair is
computed and, therefore, the z-transform of (5) is approximated by

Rocx(2) ~ ZZ_WRXX(T)W, (10)

using the windowed space-time covariance matrix with dimensions

M x M x (2W + 1). Furthermore, the introduction of W reduces

the number of elements used in PEVD and offers computational

improvement. While this window choice includes the largest

direct-path propagation delay, some reflections are also inevitably

captured by microphones that are near the sound sources.
Consequently, the PEVD of (5) gives [18]

As(x)] o Hué’(ﬂ
0 |As(x) | [UP(2)]’

Rox(2) ~ [ Us(2) | Us (2) ]

where {.}s and {.}s represent the orthogonal signal and noise
subspace components. The speech subspace comprises anechoic
speech convolved with the direct path and some ‘leaked’ early
reflections while the noise subspace contains ambient noise, both
early and late reflections associated with the reverberant channel.

To cope with the infinite temporal support of the sinc function
in (7), tapered windows have been proposed for truncation [20]. In
this paper, the Hamming window defined by

W, Hamm (1) = (0.54 — 0.46 cos (%))u}L,recl(n)7
1, |n|<L
hi rec - u ; 11
where W rect(1) {07 > L (11)

is used and L is the length of the truncated sinc function.

To compute the DoAs only, the pseudo-spectrogram in (9) is
integrated over €). For K discrete points evaluated on the unit circle,
the spatial-only pseudo-spectrum is approximated by

. 1 —EK-1
Pssp_mu(8) = ?Zkzo Pssp-mu(0,Q%), (12)

where ), = %’rk is the k-th frequency bin. The whole frequency
range is considered in SP-MUSIC [13]. However, in this work, only
Qy, in the frequency range of speech (100 Hz to 4000 Hz) [28] are
used in (12). A peak detection algorithm [29] is used to estimate the
DoAs from (12).
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= [FB-MUSIC — SSP-MUSIC

Task Exp-1 Exp-2
Algorithm SSP-MUSIC | IFB-MUSIC SSP-MUSIC | IFB-MUSIC
Metric HR [ FAR [ HR | FAR HR [ FAR | HR | FAR
-15 85.0 150 | 550 450 569 | 43.1 | 354 | 64.6
-10 95.0 5.0 55.0 450 60.0 | 40.0 | 523 | 469
-5 95.0 5.0 85.0 15.0 64.6 | 354 | 615 | 385
SNR |0 95.0 5.0 85.0 15.0 723 | 277 | 73.8 | 262
[dB] 5 100.0 0.0 95.0 5.0 708 | 292 | 84.6 | 154
10 95.0 5.0 100.0 0.0 738 | 262 | 938 | 6.2
15 95.0 5.0 95.0 5.0 70.8 | 292 | 938 | 62
20 95.0 5.0 1000 0.0 70.8 | 292 | 938 | 6.2
25 95.0 5.0 100.0 0.0 769 | 23.1 | 923 7.7
0.1 1000 0.0 1000 0.0 86.2 | 13.8 | 96.9 3.1
0.3 95.0 5.0 95.0 5.0 70.8 | 292 | 892 | 10.8
0.5 95.0 5.0 95.0 5.0 67.7 | 323 | 86.2 | 13.8
160 | 07 950 5.0 80.0 200 60.0 | 40.0 | 73.8 | 262
[s] 0.9 95.0 5.0 85.0 15.0 585 | 415 | 723 | 27.7
1.1 95.0 5.0 85.0 15.0 60.0 | 40.0 | 723 | 277
13 95.0 5.0 80.0  20.0 538 | 462 | 70.8 | 292
1.5 95.0 5.0 750  25.0 523 | 477 | 738 | 262
1.7 95.0 5.0 75.0 250 569 | 431 | 70.8 | 292

Table 1: Comparison of HR and FAR for Exp-1 and Exp-2.

3. EXPERIMENTAL SETUP

We used sequential matrix diagonalisation (SMD) [30] to perform
an iterative PEVD as it has been shown to give a higher resolution
for SSP-MUSIC than sequential best rotation algorithm (SBR2)
[14]. The proposed approach is benchmarked against independent
frequency bin (IFB)-MUSIC [29], with MUSIC applied to each
frequency bin independently to estimate the DoAs.

3.1. Evaluation Metrics

The performance of SSP-MUSIC and IFB-MUSIC is evaluated
using the following metrics. A ‘HIT” is when a sound source
(speaker) has been detected once within a =+ £ collar applied around
the ground-truth azimuth. A ‘MISS’ is when a speaker change has
not been detected within this collar and a false alarm (FA) is when
a detection falls outside of a ground-truth azimuth collar. The HIT
rate (HR) and false alarm rate (FAR) are, therefore, defined as,

_ HITs
" HITs + MISSs

FAs

HR =
HITs + FAs

%, FAR % (13)

respectively wherein this work the collar ¢ is set to 15°. To futher
evaluate the accuracy of the DoA estimates, the absolute errors for
all the HITs are shown in the form of boxplots.

3.2. Simulated Data Generation

In this work, the performance of SSP-MUSIC is first evaluated on
data generated using a simulated room of dimensions 3 X 3 X 2 m
generated using [29]. A uniform circular array of 8 microphones,
with a diameter of 4.2 cm, is positioned in the centre of the room.
Two experiments are run using this scenario. Exp-1 evaluates the
performance when a single active speaker is placed at a distance
of 1.5 m from the centre of the array at an angle of 50° where the
anechoic speech used was a 3 s recording taken from the LOCATA
corpus [2] (Task 1, Recording 1). Exp-2 evaluates the performance
for two speakers where the anechoic speech is taken from LOCATA
(Task 2, Recording 1) and the sources are placed at the same
distance as Exp-1 but at angles of 70° and 230°.

It should be noted that, in this work, we only evaluate the DoA
estimates for frames that are known to contain speech activity. This
information is provided by an oracle voice activity detection (VAD)
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Figure 1: Comparison of absolute errors of all HITs. (a) Exp-1
performance when the T60 is 0.25 s and the SNR is varied. (b)
same as (a) for Exp-2. (c) Exp-1 performance when the SNR is
15 dB and the T60 is varied. (d) same a (c) for Exp-2.
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Figure 2: Illustrative example of 2 active sources in a simulated
room where the SNR is -15 dB and the T60 is 0.25 s.

given in LOCATA. The oracle VAD is also used to determine the
number of active speakers for both IFB-MUSIC and SSP-MUSIC.

4. RESULTS

To evaluate the performance of SSP-MUSIC, it is compared against
the pyroomacoustics implementation of IFB-MUSIC [29].

4.1. Exp-1: One Static Speaker

In this experiment, we carried out a comparison for when only
1 static talker is active. Table 1 shows the impact of diffuse
white Gaussian noise on the accuracy of the DoA estimates. It
can clearly be seen that at signal-to-noise ratio (SNR) conditions
lower than 5 dB the performance of IFB-MUSIC has lower HR
and a higher FAR when compared to SSP-MUSIC. This is to
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Figure 3: Illustrative example of a 100 ms frame from Exp-2 (SNR:
-10 dB, T60: 0.25 s). (a) pseudo-spectrogram of SSP-MUSIC,
(b) pseudo-spectrum of SSP-MUSIC, (c) pseudo-spectrogram of
IFB-MUSIC, (d) pseudo-spectrum of IFB-MUSIC.

be expected as it is well known that subspace methods, such as
MUSIC, suffer from the so-called ‘threshold effect’, which results
in a degradation both in terms of resolution and precision at low
SNR values [31]. Table 1 goes on to show the degradation that
occurs when the reverberation time (T60) is increased. It can be
seen that SSP-MUSIC performs better when the T60 value is large.
This robustness to reverberation is likely a result of (10) which
is one of the proposed enhancements and forces SSP-MUSIC to
mainly consider the direct-path component and only allowing a few
reflections to be additionally captured. Fig. 1(a) and (c) show the
estimates’ accuracy by highlighting the absolute errors of all the
estimates considered to be HITs.

4.2. Exp-2: Two Static Speakers

In this second experiment, we carried out a comparison of 2 active
talkers. In a similar manner to Exp-1, Table 1 shows that as
the diffuse white Gaussian noise increases so do the errors in the
DoA estimates where IFB-MUSIC is more adversely affected. An
illustrative example, when the SNR is -15 dB and the T60 is 0.25 s,
is also given in Fig. 2 to highlight the performance improvement of
SSP-MUSIC at low SNR values.

Fig. 3(a) and (c) compares the two pseudo-spectrograms of
both SSP-MUSIC and IFB-MUSIC for a single 100 ms frame.
The final DoA estimates have an average absolute error of 4.5°
and 3° for SSP-MUSIC and IFB-MUSIC respectively but the
SSP-MUSIC spectrogram has far more accurate components across
frequencies when compared with IFB-MUSIC. The dynamic range
of IFB-MUSIC is also much smaller than SSP-MUSIC which could
lead to numerical issues with the peak detection algorithm when it
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[ Method
| Metric

|[ SSP-MUSIC | IFB-MUSIC |
| HR [ FAR | HR | FAR |
1 90.0 | 10.0 | 950 5.0
Recording | 2 || 64.7 [ 353 | 67.6 | 32.4
|3 951 49 | 756 244

Table 2: Comparison of HR and FAR for both SSP-MUSIC against
IFB-MUSIC on the first 3 LOCATA recordings for Task 1.

|— IFB-MUSIC == SSP-MUSIC

s de TT

—
ot

—
1

—_
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2 3
Recordings

Absolute Error [°]
o
1

Figure 4: Performance comparison of IFB-MUSIC against
SSP-MUSIC across Task 1 LOCATA recordings.

is run on the pseudospectra of IFB-MUSIC. It can also be observed
in Fig. 3(b) and (d) that the resolution of the pseudo-spectrum for
SSP-MUSIC was not as sharp as IFB-MUSIC. This is likely due
to the fact that fractional delay filters implementing the time delays
associated with different angles are not accurate across the entire
frequency range [19].

4.3. Exp-3: LOCATA Task 1

To validate SSP-MUSIC as a good alternative to IFB-MUSIC, we
compared both algorithms for 3 recordings from Task 1 of the
LOCATA challenge. In LOCATA, the ground truth DoAs is given
by an optical tracking system, OptiTrac.

In this experiment, real-world audio signals that were captured
from an 8 microphone non-uniform circular array, selected from
an Eigenmike, were used for the evaluation. As the recordings
were conducted in a real environment they contained low-level
background noise along with reverberation where the T60 of the
room was about 0.5 s.

Table 2 shows that on average a 3.9% better HR and a 3.9%
lower FAR can be achieved by SSP-MUSIC when compared against
IFB-MUSIC on the 3 recordings studied. Fig. 4 shows that the
accuracy of the DoA estimates given by SSP-MUSIC is better or
the same in terms of mean absolute error when compared against
IFB-MUSIC. It should be noted that, as the SNR and T60 values
are low across all these recordings, we do not expect to see great
improvements in the performance. This result, however, still
illustrates the benefits of incorporating a broadband signal model
for reverberant speech in the subspace decomposition.

5. CONCLUSION

In this paper, we have developed and explored the potential of
SSP-MUSIC, which is a polynomial extension of MUSIC. In
addition, we have proposed some enhancements for sound source
localization. This paper has highlighted the benefits of using
SSP-MUSIC for localization of a single sound source at SNR values
lower than 5 dB or T60 values larger than 0.7 s as it is more robust
to noise and reverberation. An evaluation was also carried out on
real data, taken from the LOCATA corpus, which has shown that
SSP-MUSIC can outperform IFB-MUSIC on real-world signals.
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