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Abstract

Acoustic source separation using microphone arrays has gar-
nered increasing attention within the audio signal processing
community. Cascading a beamformer and a post-filter for
source separation is widely recognized as an effective solu-
tion, where accurate estimation of the power spectral density
(PSD) is crucial for post-filter. However, estimating the PSD
components is a challenging task in the presence of noise. In
this paper, we propose an efficient multi-source PSD estimation
method using a spherical microphone array (SMA) in noisy en-
vironments for source separation. Specifically, the orthogonal-
ity of spherical harmonics (SH) inherent in an error-free sam-
pled SMA enables effective suppression of noise components in
the spatial covariance matrix (SCM) of the observation signals,
facilitating accurate PSD estimation for each individual source,
thus the post-filter would be effectively constructed. The source
separation problem is then addressed by applying a SH-domain
beamformer along with the developed post-filter. Both simu-
lation and experimental results demonstrate the proposed algo-
rithm’s effectiveness over the baseline methods.

Index Terms: acoustic source separation, power spectral den-
sity, spherical microphone arrays, noisy environments

1. Introduction

Acoustic source separation refers to the process of extracting
one or several sources from the mixed recordings. Accurate
source separation not only improves speech quality and intel-
ligibility, but also enhances the performance of various practi-
cal applications, such as automatic speech recognition (ASR)
[1]. Up to present, we have witnessed notable development of
acoustic source separation in both academia and industry, par-
ticularly in scenarios using multiple microphones [2].
Specifically, microphone array offers significant advantages
for source separation, as the additional spatial cues provide
valuable information for distinguishing sources waving from
different directions [3]. Traditional separation methods include:
(1) sparsity-based methods which utilize the W-disjoint orthog-
onality (WDO) assumption that each time-frequency (TF) bin
of the mixture in the short-time Fourier transform (STFT) do-
main is dominated by a single source, enabling source sepa-
ration by predicting a binary mask for each TF bin [4]; (ii)
beamforming methods, separating multiple sources by steer-
ing beamformer toward the direction of each source [5, 6];
(iii) independent component analysis (ICA) methods, assuming
each source is independent and follows a non-Gaussian distri-
bution, and the mixing matrix is estimated using maximizing
non-Gaussian-based or information theoretic-based methods to
recover the source signal [7, 8]; (iv) non-negative matrix fac-
torization (NMF) methods, decomposing the mixed signal into
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multiple independent, non-negative components, facilitating ef-
fective source separation [9, 10].

Beyond source separation, spherical microphone arrays
(SMAs) have been widely investigated for various applications,
such as direction-of-arrival (DOA) estimation [11], speech en-
hancement [12] and spatial audio rendering [13]. This popular-
ity primarily stems from the decomposition of the sound pres-
sure into the spherical harmonics (SH) domain, offering two
main advantages: (i) the decoupled frequency- and angular-
components; and (ii) enhanced spatial resolution. Recently,
there arises a growing interest using spherical arrays for source
separation. Epain et. al. proposed an extension of the ICA
method into the SH domain, enhancing the separation perfor-
mance [14]. Kalkur et.al. introduced a joint source localiza-
tion and separation approach based on sparsity methods [15].
In another study [16], the authors achieved source separation
using orthogonal matching pursuit (OMP) on complex-valued
steered response maps. Fahim et. al. further enhanced separa-
tion quality by incorporating a wiener post-filter estimating the
power spectral density (PSD) of each individual source after a
fixed beamformer [17]. Sun et. al. optimized the approach de-
veloped in [18] by applying the relative harmonic coefficients
(RHC), achieving improved separation effect in reverberant en-
vironments [19].

This paper presents a novel solution for estimating the
PSDs of multiple sources using an SMA in noisy environ-
ments, enhancing the robustness of source separation against
noise. Specifically, we highlight the SH orthogonality inherent
in error-free sampled SMAs effectively suppresses noise com-
ponents in the spatial covariance matrix (SCM) of the observa-
tion signals, enabling accurate PSD estimation for each individ-
ual source. This, in turn, facilitates the design of a post-filter and
achieves efficient source separation. We demonstrate the supe-
riority of the proposed method in noisy environments through
evaluating numerically and perceptually.

2. System Model

Consider a higher-order SMA consisting of J omni-directional
sensors to pick up @ simultaneous sound sources in a noisy
environment. Since array signals are typically processed in
the frequency domain, with the short-time Fourier transform
(STFT), the multi-channel observations are modeled as,

p(l,k) = [Pi(l, k) Pa(l k) -+ Py(l, )"

1
=x(I,k) +v(l, k), W
where
Q
Pi(lk) = Sq(l,k)H; o(1, k) + V; (1K), ()
q=1
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[ denotes the time frame index, & = w/c is the wave num-
ber, w = 27 f is the angular frequency with the temporal fre-
quency f, and c is the sound speed, P;(l, k) is the observation
signal at the j-th (j = 1,2,---,J) channel, Sq(l, k) denotes
the ¢-th incident signal, H; (!, k) denotes the acoustic trans-
fer function (ATF) from the ¢-th source to the j-th microphone,
V;(l, k) denotes the noise signal at the j-th sensor, x(I, k) de-
notes the clean signal vector, v(I, k) denotes the noise signal
vector, and []7 denotes the transpose operator. Additionally,
all the signals are assumed to be zero mean, and the noise sig-
nal is also assumed to be uncorrelated with the source signal,
ie., E[x(I,k)v™(l,k)] = 0, where E[-] denotes the statistical
expectation operator and [-]” denotes the conjugate transpose
operator. For the sake of simplicity, the dependence on the time
index [ is omitted in subsequent chapters. Given multi-channel
mixed recordings, the aim by this paper is to estimate the PSD
component of each source signal for post-filter construction,
followed by applying an SH-domain beamformer along with the
developed post-filter to separate individual sources.

Multi-channel measurements acquired by SMAs tend to be
decomposed into the SH domain due to several additional ad-
vantages and a more convenient representation. By expanding
the signal vector in the form of SH while keeping the noise term
constant, (1) is able to be represented as [20],

N n
P(k) = > anm(k)ba(kr)Tom + v(k), ()

n=0m=-—n

where N = [kr] is the maximum truncated SH order due to
the high-pass nature of the spherical Bessel functions [21], and
[-] denotes the ceiling operator. Notably, the sound field order
is closely relate to the number of sensors, i.e., J > (N + 1)?
must be satisfied to prevent spatial aliasing. au,m (k) is the SH
coefficient that characterizes the sound field information within
the interior region. b, (kr) is the radial function and various
types of sphere has different expression,

4mi" 5, (kr), open sphere

Ami | (k) — 005

hn(kr)|, rigid sphere

“
where (), denotes the first derivative of a function, j,(-) and
hn(-) are the first kind of spherical Bessel and second kind of
spherical Hankel functions, respectively. T, denotes an SH
function vector related to the position of microphone, i.e.,

Trm = [Yom (1), Yo (2), ..., Y (T )]T,  (5)

and Y, (¥;) is the SH function of order n and degree m, with
W, = (0;, ¢;) being the direction of the j-th sensor,

2n+1) (n—m)!
4 (n+m)!

Yo (0) Prm(cost;)e'™%i, (6)

where P, (+) is the associated Legendre polynomial, and (-)!
denotes the factorial operator. In the sound field sampling
scheme, uniform sampling is the most popular solution by ar-
ranging multiple microphones uniformly on the surface of a
sphere [22], such as the sensor layout of Eigenmike [23], thus
the following orthogonal property is satisfied,

J / /
" 2 n=n'm=m
TomTrim = {877 0rther7 @)
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3. Proposed Method

Motivated by directional-gain beamforming [24] and the or-
thogonal property described in (7), the following matrix is de-
fined as,

F(k) = [f1,-1(k), fro(k), ..., fnn(K)], ®)

where
1 A4r

Frm () by (kr) J ©)

The vectors in (8) are denoted by primary ones, and the sec-
ondary vector is defined as that of zeroth-order, in which (-)*
denotes the conjugate operator. Applying the primary and sec-
ondary vectors on the SCM of the received signals, we have,

FH (k) ®p (k) foo(k) = F (k)®x (k) foo (k),

where

Bp(k) = E [p(k)p" (k)] = @x(k) + B (),

nm-

(10)

an

P, (k) and @ (k) are respectively the SCMs of x(k) and v (k),
which are defined similarly to ®p (k). From (10), we see that
the noise covariance matrix is absent due to the orthogonal-
ity between the primary and secondary vectors. Specifically,
rewrite the covariance matrix @ (k) as,

@y (k) = ov (k)T (12)

where ¢v (k) is the variance of noise that is the same at all
sensors, I is denoted by the pseudo-coherence matrix of noise.
One can easily prove that the following equality is satisfied in
the case of both spatially white noise and spherically isotropic
(diffuse) noise field,

F (k)@ (k) foo (k) = dv (k) F" (k)T foo(k) = 0. (13)
Therefore, substitute (3) and (8) into (10), then combine (7),

ai,—1(k)ag o (k)
- ar,0(k)ag,o(k)
F (k) ®p(k) foo(k) = ) (14)

ann (k)ag o (k)

Assume the multi-path effect is neglected for simplification of
signal model, thus the analytic expression of SH coefficient,
anm(k), is given by,

Q
U (k) = Sq (k) Yol (D), (15)
q=1

where @, = (¢, pq) is the DOA of the ¢-th source. Substitute
(15) into (14), it expresses as,

[a1,—1(k)ag o (k)
Oél,o(k)aao ("f)

| ann(k)ag o(k)
A(k)
(16)

Y7, (1)Yr Y (P0)Ye s, (k)

1—1(®1)Yoo 1 —1(®@)Yoo b (k)
L YA n (1) Yoo Y n (@q)Yoo ¢S'(k)

Q
———
x ek)



Consequently, the PSD of individual source signal can be esti-
mated using the least square solution,

Ok) = (YT ) 'rA(k), a7

where (~)71 denotes the inverse operator. Note that the compu-
tation of (17) requires the source DOAs as well as their num-
ber to be correctly estimated for ensuring the efficiency of Y.
Multi-source DOA estimation in the SH domain has been ex-
tensively studied, such as multiple signal classification (MU-
SIC) [25], pseudo-intensity vector (PIV) [26], and RHC-based
methods [27]. In this work, we adopt the improved MUSIC
algorithm developed in [28] for multi-source localization and
source number counting. Due to space limitations, the reader
refer to [28] for further details.

In multi-channel source separation and enhancement,
beamforming is one of the most effective approaches, partic-
ularly adaptive beamforming. As noted in [29], an adaptive
beamformer can be decomposed into the product of a fixed
beamformer and a post filter, i.e.,

h(k) = hp(k)M(k), 18)

where hr (k) denotes a fixed beamformer, and M (k) denotes a
post-filter. Generally, fixed beamformers are the easiest to im-
plement, as they solely rely on the DOAs of the sources rather
than statistical parameters. The choice of a fixed beamforming
technique depends on specific design criteria, such as delay-
and-sum (DS) and maximum directivity (MD) [22]. Consider
the aperture of the recording area is much smaller than the dis-
tance to the sources, an MD beamformer is adopted for the ini-
tial separation of source signals. The output by the beamformer

toward the g-th source is given as,
4
= WYN((I)q)O‘N(k)a (19)

where y 5 (®,) denotes an N-th order SH function vector asso-
ciated with the DOA of the ¢-th source, i.e.,

Y (Pq) = [Yoo(Pq), Y1,-1(Pg), ..., YN (Dq)],  (20)
and ay (k) denotes the SH coefficient vector of the received

signals, where the (n, m)-th element can be estimated using,

_ 47 H

Subsequently, the separated signal would be enhanced by a
post-filter, denoted as below,

Zy(k) = i’ g (k)an ()

Anm (k) 21

My (k) = 525t

=3 : (22)
> s, (k) + ov (k)

where ¢v (k) is the PSD of noise, and the sum of the individ-
ual PSD components, i.e., the denominator in (22), is replaced
with tr [®, (k)] /J, in which tr[] denotes the trace of a ma-
trix. We emphasize that the mean of the diagonal elements of
the observation signals can be well approximated by the sum of
individual PSD components in the environment with low rever-
beration. However, the coherent components due to increased
reflections in highly reverberant conditions would disrupt this
principle. The g-th source signal is finally estimated by,

gq(k) = Zq(k)Mq(k)~ (23)

Repeat the above procedures over the entire STFT domain, fol-
lowed by the individual separated time-domain source signal
can be recovered using the inverse STFT. Figure 1 presents a
compact flowchart of the proposed algorithm.
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Figure 1: Flowchart of the proposed method.

4. Experiments

In this section, we present the experimental results of the pro-
posed algorithm in both simulated and real-world scenarios,
with a comparison of baseline methods such as beamforming
[22] and the RHC methods [19]. The separation performance
is evaluated both numerically and perceptually using three ob-
jective metrics: perceptual evaluation of speech quality (PESQ)
[30], short-time objective intelligibility (STOI) and signal to in-
terference ratio (SIR) [31].

4.1. Simulated Environments

We simulate a rectangular room with dimensions of 6m X
4m x 3m using a public toolbox' that based on image source
method [32] to synthesize room impulse response (RIR). An
open spherical array equipped with 32 capsules is positioned at
the center of the room to capture the interior sound field. All
source signals are assumed to be static and placed 1m away
from the array origin. Dry speech signals are randomly selected
from the Nippon Telegraph and Telephone (NTT) corporation
database [33], and are down-sampled from 16 kHz to 8 kHz.
The noise signal received at the sensors are composed of the
both the Gaussian white noise and diffuse noise. We randomly
select three different speakers and overlap them in the time do-
main to simulate multiple simultaneously active sources, with
the angular separation between sources being 60°. Both the
anechoic and reverberant (759 = 300 ms) environments are
considered to access the proposed method with varying signal-
to-noise ratios (SNRs). The mixture signals are transformed
into the frequency domain using the STFT with a Hamming
window of 256 samples, a 25% overlap between frames, and a
256-sample fast Fourier transform (FFT).

Figure 2 depicts an example of the spectrograms for the
mixed signal, the first clean source signal, the separated source
signal and the estimated mask, respectively. It is evident that
our method effectively separates the desired source signal from
strong background noise, significantly alleviating most of the
noise. Furthermore, the estimated mask closely matches the
spectrogram of the desired signal, confirming the validity of the
proposed PSD estimation for post-filter.

Table 1 presents the separation results of the proposed and
baseline methods in scenarios with three simultaneous sources.
We see that in both anechoic and reverberant environments, the
proposed method consistently outperforms the baseline meth-
ods across diverse noise levels. Specifically, compared with
the beamforming method, our approach achieves significant im-
provements in terms of PESQ, STOI and SIR, indicating the ef-
fectiveness of the PSD estimation for post-filter. Additionally,
the proposed method demonstrates greater robustness in noisy
environments than the RHC method, particularly at lower SNR
levels. This is because our method effectively extracts the PSD
components of each source in the presence of noise, whereas the

Thttps://www.audiolabs-erlangen.de/fau/professor/habets/software/signal-

generator



Table 1: Results comparison with baseline methods under anechoic and reverberant noisy environments. The values are specified with

PESQ/STOI(%)/SIR(dB) format. BOLD indicates the best score in each case.

Teo Method -5dB 0dB 5dB 10dB 15dB
Unprocessed | 1.12/53.67/-2.65  1.14/57.33/-2.65  1.35/60.14/-2.66  1.47/62.02/-2.66  1.58/63.35/-2.65
0 ms Beamforming | 1.58/70.48/4.49 1.84/75.06/4.96 2.01/78.43/5.03 2.12/79.87/5.07 2.17/81.02/5.09
RHC 1.43/70.52/9.75  1.82/76.49/14.49  2.22/83.47/17.56  2.58/87.94/20.73  2.88/92.93/22.95
Proposed 2.34/72.78/10.34  2.57/79.01/14.96  2.78/84.64/18.75  3.01/88.12/20.82  3.19/89.31/21.51
Unprocessed | 1.03/51.55/-2.69  1.16/54.14/-2.69  1.33/56.06/-2.69  1.45/57.43/-2.70  1.51/58.31/-2.70
300 ms Beamforming | 1.53/67.21/2.95 1.71/70.67/3.15 1.84/72.85/3.19 1.89/73.62/3.22 1.92/74.60/3.24
RHC 1.38/64.75/3.52 1.65/69.52/3.86 1.78/71.85/3.90 1.89/73.49/3.93 1.91/74.77/3.97
Proposed 1.99/65.56/5.85  2.10/70.30/7.94  2.16/73.21/9.31  2.21/75.51/10.04  2.23/76.19/10.23

Frequency (kHz)

Frequency (kHz)

0 1 2 3

4
Time (s)

Time (s)

Figure 2: Spectrograms of the mixed signal, the first source sig-
nal, the separated source signal and the estimated mask in the
case of 5 dB noise.

RHC method tends to neglect the impact of noise during source
separation. However, we also note that the proposed method ex-
periences significant degradation in reverberant scenarios. This
is due to the fact that, in (22), the variance of the observation
signal no longer represents the sum of individual PSD compo-
nents but instead includes numerous coherent components. As
aresult, the efficiency of the post-filter is diminished, leading to
a decline in separation performance.

4.2. Real-world Environments

We finally evaluate the proposed algorithm using real-world
measurements recorded with an EM32 Eigenmike in a reverber-
ant chamber (see Figure 3). The room dimensions are [7, 6, 4]m,
with Tgo ~ 350 ms. The background noise originates from
sensor self-noise and outdoor activity. Three loudspeakers are
positioned 1m away from the array at approximate directions of
D, = (229°,98°), D2 = (314°,104°) and 3 = (59°,92°),
respectively. All other experimental settings are consistent with
those used in the simulations above. The results presented in
Table 2 show that the proposed method continues to achieve the
optimal separation performance compared to the baseline meth-
ods, aligning with the simulation results. However, we observe
a slight decline in separation quality compared to simulations

Figure 3: Experimental setup in a reverberant chamber

Table 2: Separation results in the real-world scenarios

Method PESQ | STOI (%) | SIR (dB)
Unprocessed 1.39 54.39 -3.27
Beamforming | 1.67 64.42 3.16
RHC 1.74 67.72 3.74
Proposed 2.06 73.44 8.29

due to non-negligible errors encountered in practical scenarios,
such as deviations in DOA estimation. Overall, the results from
real-world recordings confirm that the proposed algorithm is ef-
fective in practical environments.

5. Conclusions

In this paper, we propose a source separation approach based
on PSD estimation in noisy environments using a spherical ar-
ray. By exploiting the SH orthogonality of error-free sampled
arrays and incorporating the design principle of directional-gain
beamforming, the PSD of each individual source can be ef-
fectively estimated in noisy conditions. This enables efficient
source separation through a post-filter applied after beamform-
ing. Extensive experimental results, including both simulated
and real-world multi-channel recordings, validate the effective-
ness of the proposed method.

However, the proposed method experiences significant per-
formance degradation in reverberant scenarios, as the current
signal model does not account for multi-path effects. A promis-
ing future research direction is to enhance the reliable estima-
tion of the PSD for each source, as well as reverberation and
noise components, thus improves source separation in challeng-
ing reverberant and noisy environments.
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