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Abstract—We address the problem of multichannel audio signal en-
hancement in reverberant environments with interfering sources. We
propose an approach that leverages the Riemannian geometry of the
spatial correlation matrices of the received signals to estimate the relative
transfer function (RTF) of the desired source. Specifically, we compute
the spatial correlation matrices in short-time segments, and subsequently,
their Riemannian mean, which preserves shared spatial components
while attenuating unshared ones. This enables an effective rejection
of intermittent interference, leading to accurate RTF estimation. We
experimentally show that when the proposed RTF estimation is incor-
porated into the Minimum Variance Distortionless Response (MVDR)
beamformer, it enhances the desired signal, outperforming the MVDR
beamformer that is based on standard (Euclidean) RTF estimation. These
favorable experimental results are demonstrated in challenging acoustic
environments including multiple strong interfering sources, noise, and
reverberations.

Index Terms—Speech enhancement, interference rejection, Riemannian
geometry, RTF estimation

I. INTRODUCTION

Multichannel audio signal enhancement using microphone arrays
has been an active area of research for many years [1], [2], with var-
ious applications involving hearing aids, speech recognition, hands-
free communication, and teleconferencing, to name but a few [3]-[0].
Still, despite significant advancements, estimating a desired signal
from noisy and reverberant measurements remains a challenge.

One prominent approach for signal enhancement in reverberant
environments is based on the relative transfer function (RTF) [7],
which is first estimated from the noisy and reverberant measurements,
and then, incorporated into a beamformer for signal enhancement.
Over the years, numerous RTF estimation methods have been de-
veloped. For example, in [7]-[9], the RTFs are estimated based on
the power spectral density (PSD) and the cross-PSD of the desired
signal in time-frequency bins containing the desired signal. However,
these methods depend on estimating the probability of desired speech
presence, which is unknown and challenging to estimate in noisy
conditions, and even more so, in the presence of interferences. In
[10], the RTFs are estimated using the least-squares (LS) method
of the cross-PSD proposed in [7] using time segments where only
the speaker of interest is active, which are assumed to be known.
In [11], multiple interfering sources are considered and the RTFs are
estimated using generalized eigenvalue decomposition (GEVD) of the
PSD matrices. However, their method relies on time segments with
specific and known source activity. In [12], it is proposed to estimate
the acoustic transfer function (ATF) using techniques developed in
[13] based on Bézout’s theorem. Their method assumes that the
different sources are not active simultaneously. As suggested by
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the non-exhaustive survey above, existing RTF estimation methods
face challenges in multi-source scenarios because they require time
segments where only a single desired source is active, which are often
unavailable, or estimates of the desired source presence.

In this paper, we consider a reverberant and noisy environment
with interfering sources. The desired source is assumed to be con-
stantly active, whereas the interfering sources are assumed to be
intermittently active. The activity times of the different sources, their
positions, and their power are unknown. Our goal is to estimate the
desired signal as received in a reference microphone, where the main
challenge is the presence of the interfering sources. To this end, we
propose to exploit the Riemannian geometry of the spatial sample
correlation matrices, which are Hermitian Positive Definite (HPD)
matrices. Specifically, we compute the Riemannian mean of spatial
sample correlation matrices in short time segments and leverage an
intriguing property of the Riemannian mean — that it preserves shared
spatial components while attenuating unshared ones [14]-[16] — for
estimating the RTF of the desired source. The RTF estimation is
implemented using the EVD of the Riemannian mean, and in turn, it
is incorporated into the design of a beamformer that enhances the
desired source. We demonstrate the proposed approach using the
Minimum Variance Distortionless Response (MVDR) beamformer
[17]. Usually, the MVDR beamformer is computed based on the
spatial sample correlation matrix, which in our context, is viewed as
the Euclidean mean and functions as a baseline in our experiments.
We empirically show that the proposed approach obtains better-
desired signal enhancement in terms of signal-to-interference ratio
(SIR) compared with its Euclidean counterpart.

We remark that Riemannian geometry has already been shown to
be useful in array signal processing, e.g., in [18]-[23], and specifi-
cally, in attenuating interfering sources for direction of arrival (DoA)
estimation [16]. In addition, we consider the MVDR beamformer
as a prototypical beamformer for signal enhancement, however, the
proposed approach could be applied to other beamformers as well.

II. PROBLEM FORMULATION

Consider an array of M microphones in a noisy and reverberant
environment with a single desired source and NV interfering sources.
All the sources are static. The signal received at the mth microphone
is given by

Zm(n) = sd(n) * h;in(n) + Z sé- (n) h;m(n) +oum(n), (1)

where s%(n) and s’(n) are the signals from the desired source
and the jth interfering source, respectively, hﬁq(n) is the acoustic
impulse response (AIR) between the desired source and the mth
microphone, h;m(n) is the AIR between the jth interfering source
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and the mth microphone, v, (n) is the noise at the mth microphone,
and * denotes convolution. The desired source is constantly active
during the observation interval, while the interfering sources exhibit
intermittent activity with no predefined structure. The desired source,
the interfering sources, and the noise are assumed to be uncorrelated.
In addition, the noise is assumed to be spatially white.

We analyze the received signal using the Short-Time Fourier
Transform (STFT) with a window size of K samples. The signal
Zm(n) in (1) in the STFT domain is given by

N
2m(l k) = s (L) (1L, k) + > 851 k)R (1, B) +0m (L ), (2)
j=1
where [ denotes the time frame, k denotes the frequency index,
hd (1,k) is the ATF between the desired source and the mth
microphone, and h’,,(l,k) is the ATF between the ith interfering
source and the mth microphone. Since we assume all the sources
are static, their ATFs do not change over time, so in the following,
we omit their STFT time frame index [. We define the RTF between
the desired source and the mth microphone with respect to the first
microphone (for arbitrary indexing) as [7]

hin (k)
d A T'm
T (k) £ , 3
® = hiw)
and we stack the RTF of the desired source into a vector 7% (k) €
CM>*1 a5 follows
d d T
hi (k) hi (k)

The definition of r%,,(k), and r%(k) for the jth interfering source
follows similarly. Henceforth, we refer to the first microphone as the
reference microphone.

We stack the received signals at all microphones into a vector
2(L,k) = [z1(l, k), ...,z (1, k)] T € CM*1, which, using the RTFs,
is given by

z(1,k) = (1, k)r* (k) + Z 25 (L k)ri(k) + ol k), (5

where (1, k) £ s¥(I, k)h{(k), and 2%(1,k) £ si(l, k)h}, (k) are
the desired source and the jth interfering source received at the first
microphone, respectively, and v(l, k) is defined as the column stack
vector of vy, (1, k). Similarly, we define h%(k) and h’(k) as the
column stack vectors of k&, (k) and hi,, (k), respectively.

Our goal is to enhance the desired signal at the reference micro-
phone, aﬁd(l7 k), based on the received signals at the microphone array
z(l, k), for all [ and k. The primary challenge lies in the presence of
the interfering sources, which are unknown, positioned at unknown
locations, and could be stronger than the desired source.

III. PROPOSED APPROACH

A key component in many beamformers is the RTF to the desired
source. We propose to consider the Riemannian geometry of the
HPD manifold for estimating the RTF of the desired source and
show that it is particularly useful in the presence of interfering
sources. Specifically, we propose to use the Riemannian mean of
the spatial correlation matrices, considering the Affine-Invariant (Al)
metric [24], [25]. The Al metric was shown to preserve the desired
source subspace better and to attenuate the interference and noise
subspace compared to other metrics [16, Appendix D].

Following [16], we divide the received signal, z(l,k), into L
disjoint segments, each containing W consecutive STFT windows.

For each segment ¢ € {1, ..., L}, we estimate the sample correlation
matrix of the kth frequency, denoted by T'; (k) € CM**  as follows

i W

Li(k) = % >

I=(i—1)-W+1

2(1, k)27 (1, k). (6)

Note that the number of STFT windows W must be at least the
number of the microphones M, so that I'; (k) has a full rank.

As each correlation matrix f‘z(k) is a point on the HPD manifold,
we compute the Riemannian mean of the set of L correlation matrices
{Ti(k)}: by

Dr(k) = argmin » _ di (T, Tu(k)), (7

Tem =
where M is the Riemannian manifold constituted by the space of
HPD matrices, and d2R (T'1,T7) is the distance between two matrices
I’y and I's, induced by the AI metric. For the Al metric, there is
no closed-form expression for the Riemannian mean for more than
two matrices. Therefore, we compute the Riemannian mean using
an iterative algorithm [26, Algorithm 1]. For brevity, the frequency
index k is omitted from I'g.

Next, we estimate the ATF of the desired source up to a complex
scalar [11], [27] by computing the dominant eigenvector associated
with the largest eigenvalue of 'k as follows
~d aHf‘Ra
h = argmax ———

a€CM a#£0

e @®)
Then, the RTF of the desired source, denoted by 7¢(I'r ), is computed
using (4). We note that RTF estimation is a non-blind estimation
problem, in contrast to estimating the ATF, which is a blind estimation
problem since the input, i.e., the source signal, is unknown. Further-
more, computing the RTF resolves the complex scalar ambiguity in
the ATF estimation in (8). We also note that common algorithms for
RTF estimation, e.g., [7]-[9] that rely on the ratio between the cross-
PSD and the PSD of the signals are not effective in the presence of
interfering sources, particularly if the desired signal is speech [28].
Consequently, we present a different approach using the EVD of
the spatial correlation matrix. Although this approach seems to have
disadvantages, such as the need to solve a harder problem of ATF
estimation first and its susceptibility to interfering sources, we posit
(and demonstrate empirically in the sequel) that using the Riemannian
mean instead of the Euclidean mean offers significant benefits.

Next, we compute the MVDR coefficients [17] using the RTF
estimation of the desired source, r%(I'r), by

Ll (k)r!(T'r)
rd (Pp)P =1 (k)rd(Pr)’

wmvdr(k) = )
where f‘(k) is the sample correlation matrix over the entire interval.
Note that I'(k) can be recast as the Euclidean mean of {I';(k)};:

(10)

and thus, replacing I'r with T in (8) and (9) gives rise to the standard
(Euclidean) RTF estimate +(T") and MVDR coefficients.
Finally, the estimated desired signal is given by

#(1L k) = wi g (k) z(1, k). 11

The signal in the time domain, Z%(n), is computed by the Inverse
Short-Fourier Transform (ISTFT). The proposed approach is sum-
marized in Algorithm 1. We conclude with two remarks. First, we
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Algorithm 1 Desired signal enhancement

Input: the received signal in the STFT domain {z(l, &)} x
Output: the enhanced desired signal #¢(n)
1: for each frequency k do
Divide {z(l, k)}; into L consecutive segments
Compute {T;(k)}~; using (6)
Compute I'r of the set {I';(k)}~; using [26, Algorithm 1]
Estimate 7%(I'r) by (8) and (4)
Compute Wmyar(k) using (9) and (10)
Compute 2%(1, k) using (11)
8: end for
9: return the ISTFT of 2%(1, k), i.e. £%(n)

NN R R

consider the MVDR beamformer for its popularity, however, the
proposed approach could be applied to other beamformers as well.
Second, the proposed approach could be implemented in an online
manner similar to the online algorithm in [16].

A. Theoretical Support

For analysis, we consider the population correlation matrices, i.e.,
the expectation of (6). For each frequency, their Riemannian and
Euclidean means are given by [16]

N
L= oih'h™ + 3 hihy" 4ol

j=1

12)

where o2 and o2 are the power of the desired source and the noise,
respectively, and I € RM>*™ s the identity matrix. The parameter
15 depends on the used geometry. For the Riemannian mean, it is
given by
2 (137 (|2 2\75 ( 2\1—7; 2
(UZ]Hh;H +UU)TJ (Uv) i — Oy

2
’ [R5 12

and for the Euclidean mean, it is given by

(14)

2 _ 2
Hj = 04;Tj,

where afj is the power of the jth interfering source, and 7; is
the relative number of segments during which the jth interfering
source is active. We see that the coefficients of the desired source
subspace o2 and the noise subspace o2 in (12) are equal for both
the Euclidean and the Riemannian means. However, the coefficients
of the interfering source subspace p; depend on the considered
geometry. While for the Euclidean mean they depend only on the
interference power and the duration of the activity, for the Riemannian
mean they also depend on the noise power and the corresponding
ATFE. In the context of DoA estimation, it was shown that (14) is
greater than (13) [16], indicating that the Riemannian mean leads
to a much greater interference rejection, i.e., greater attenuation of
the interfering sources subspace, than the Euclidean mean. Building
on this result, the dominant eigenvector of the Riemannian mean is
assumed to be related to the ATF of the desired source since the
other spatial components associated with the interfering sources are
attenuated.

IV. EXPERIMENTAL RESULTS

We evaluate the performance of the proposed Riemannian approach
and compare it to its Euclidean counterpart (The code is available
here). We consider a reverberant enclosure (8m x 6m x 3.5m), with a
reverberation time of 5 = 150ms, and a uniform linear microphone
array of M = 16 microphones. The leftmost microphone is located at

(3.7m, 1m, 2m), and the distance between the microphones is 4.26cm
along the x-axis. The AIR between a source and a microphone in the
array is generated using a Room Impulse Response (RIR) generator
[29] that implements the image method [30]. The TIMIT corpus [31]
is used for the speech signals. The sampling frequency is 16KHz,
and the length of the AIRs is 2048 samples. The STFT window size
is K = 1024 samples with a 50% overlap using Hanning window.
The performance is evaluated based on 100 Monte Carlo iterations,
where the location of the desired source, the desired and interfering
signals, and the additive noise are randomized in each iteration. The
evaluation metric is the ASIR, defined as ASIR = oSIR — iSIR,
where oSIR is the output SIR (the SIR of #%), and iSIR is the input
SIR (the SIR of z1). In the following, we refer to SNR and SIR,
indicating the SNR and SIR of z;, respectively.

In the first experiment, we consider a single desired source and two
interfering sources. All the sources are positioned on an arc of radius
2.7m from the center of the array on the XY plane at a height of
1.5m. The desired source is positioned uniformly at random within a
sector of [65°,115°]. The interfering sources are located at 31.5° and
141.1°. The signal duration is 4.096s. We consider two segments,
where the desired source is constantly active, while each interfering
source is disjointly active in one of the segments. We report the results
on this particular setting for convenience, but different configurations
were tested, all producing similar results.

Figure la presents the ASIR as a function of the SIR at a fixed
SNR of 20dB and Fig. 1b presents the ASIR as a function of the
SNR with a SIR of —6dB. The proposed approach and its Euclidean
counterpart appear in blue and red, respectively. We observe from
Figs. 1a and 1b that the proposed approach results in improved SIR,
outperforming its Euclidean counterpart by a large margin, reaching
up to 20dB. The improved SIR indicates better signal enhancement
obtained by greater interference rejection. Additionally, we see from
Fig. 1b that the Euclidean approach is not sensitive to changes in
the SNR. The reason is that the main challenge in this setting is the
interfering sources rather than the noise. In contrast, the proposed
approach is sensitive to the SNR. The higher the SNR, the larger
the improvement achieved by the proposed approach. This is in
accordance with the results in [16], where the direction of arrival
estimation problem was considered, and it was shown both theoreti-
cally and experimentally that the Riemannian approach outperforms
its Euclidean counterpart demonstrating higher sensitivity to the SNR.
We also examine the performance for different reverberation times
with SNR of 20dB and SIR of —6dB. Figure 1c presents the results.
We see that the shorter the reverberation time, the higher the ASIR
obtained by the Riemannian approach. We found that increased
reverberation time increases the correlation between the RTF of the
desired source and the RTF of an interfering source. This could imply
that the estimated RTF used by the MVDR beamformer also contains
a component that points toward an interfering source. This component
becomes more dominant as the reverberation time increases. We do
not present this result due to space limitations. To demonstrate that
the proposed approach can be applied to other beamformers, we
consider the Kronecker MVDR (KMVDR) method [32], [33], and
incorporate the proposed Riemannian approach for estimating the
RTF. The estimated RTF is in turn used in the beamformer proposed
in [33, Eqs. 17 and 23]. We repeat the experiment above and present
the results in Fig. 1d. We see similar trends, where the Riemannian
approach demonstrates larger interference rejection.

To further quantitatively evaluate the proposed approach, we con-
sider the perceptual evaluation of speech quality (PESQ) [34], and the
short-time objective intelligibility (STOI) [35]. The results appear in
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Fig. 1: ASIR obtained by the proposed approach (solid blue line) and
its Euclidean counterpart (dashed red line) with the MVDR beamformer
(a, b and ¢) and the KMVDR beamformer (d). (a) ASIR vs. SIR with
SNR of 20dB and 8 = 150ms. (b) ASIR vs. SNR with SIR of —6dB
and 8 = 150ms. (c) ASIR vs. 8 with SIR of —6dB and SNR of 20dB.
(d) Same as (a) but with KMVDR.

TABLE I: The PESQ and STOI measures for SNR of 20dB, SIR of
—6dB, and 8 = 150ms.

Euclidean Riemannian
PESQ | 1.16 £0.37 | 2.57 +0.27
STOI | 0.51 £0.09 | 0.90 4+ 0.05

Table I. We see that the proposed approach demonstrates significantly
higher PESQ and STOL

Figure 2 depicts an example of the sonograms for SNR of 20dB
and SIR of —6dB of z; (Fig. 2a), @ (Fig. 2b), #¢ obtained using the
standard MVDR beamformer (Euclidean) (Fig. 2¢), and 24 obtained
using the proposed Riemannian approach (Fig. 2d). We see that the
proposed approach results in an enhanced signal that is closer to
the desired signal. In contrast, the Euclidean approach results in a
mixture of the desired and interfering signals. For example, between
2.9s and 3.1s, we see the effect of an interfering source by comparing
Figs. 2a and 2b. The proposed Riemannian approach demonstrates
superior attenuation of this interfering source as shown in Fig. 2d,
compared to the Euclidean approach, as seen in Fig. 2c. We see
from Fig. 2c that the Euclidean approach can lead to truncations at
certain frequencies, for example, at 1.5KHz in the first half of the
sonogram, and 2KHz and 3KHz in the second half of the sonogram.
At these frequencies, the estimated RTF corresponds to an interfering
source rather than the desired source. Since each interfering source is
only partially active, at times when it is not active, the beamformer
points at a nonactive source resulting in low power at the sonogram.
Additionally, we see in Fig. 2d an effect of noise amplifications,
for example at 0.5KHz, 3KHz, and 4.5KHz. This stems from the
rejection of the interfering sources, which colors the noise and could
amplify it.

Finally, we consider 5 interfering sources, arbitrarily located at
159.9°, 33.9°, 152.9°, 44.6° and 41.0°, each at a distance of 2.7m

Frequency (
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Fig. 2: Sonograms ([dB/Hz]) of the (a) signal received in the reference
microphone, (b) desired signal received in the reference microphone, (c)
MVDR output using the Euclidean approach, and (d) MVDR output using
our approach.
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Fig. 3: (a) The activity pattern of the five interfering sources. (b) Same
as Fig. 1b but for five interfering sources with SIR of —3dB.

from the center of the array on the XY plane. The SIR is set to —3dB.
The signal duration is 8.192s, and it is divided into 4 segments.
We note that the number of segments is smaller than the number of
interfering sources. The randomly chosen activity pattern, fixed for
all iterations, is shown in Fig. 3a. Figure 3b presents the results for
different SNR values. We see that the proposed Riemannian approach
leads to improved results in this setting as well.
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